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Summary

The rapid growth of Large Language Models (LLMs) has significantly improved
performance across a wide range of Natural Language Processing (NLP) tasks, in-
cluding Information Retrieval (IR). Despite their strong generalisation capabilities,
LLMs still require domain- and task-specific fine-tuning to achieve competitive per-
formance in highly specialised scenarios. LLMs exhibit some generalisation abilities,
though these are not uniformly reliable across tasks and domains. In particular,
adapting these models to downstream domains and tasks has become challeng-
ing as full fine-tuning is computationally expensive, memory-intensive and difficult
to scale across multiple domains and tasks. Over the past few years, substantial
research has been made into efficient fine-tuning of LLMs, resulting in various pro-
posed approaches. Nevertheless, it remains an ongoing research area with several
unresolved issues and challenges.

Motivated by this, in this dissertation we introduce novel efficient strategies for
domain and task adaptation of LLMs, focusing on parameter efficient methods that
reduce both training time and costs while preserving effectiveness. First, we pro-
vide a systematic review of Parameter-Efficient Fine-Tuning (PEFT) approaches,
analysing how efficiency is defined and evaluated in the literature and identifying
key open challenges. Building on these insights, we propose AdaKron, a novel
adapter architecture based on Kronecker-product parametrisation, designed to in-
crease expressiveness while updating less than 1% of model parameters. We fur-
ther extend this approach with MAdaKron, which integrates a Mixture-of-Experts
mechanism into AdaKron to improve adaptation quality through expert routing
without increasing computational overhead. To address multi-domain information
retrieval, we introduce DRAMA, a parameter-efficient retrieval framework based
on domain-specific adapters and an adaptive gating mechanism that dynamically
allocates model capacity depending on the input query domain.

In addition, to go beyond parameter-efficient approaches, we explore training-
free model composition techniques, studying Task Arithmetic and task vectors for
zero-shot retrieval adaptation and showing how domain- and language-specific re-
trieval models can be obtained through model merging without additional fine-
tuning. Furthermore, through an analysis of task vectors, this thesis investigates
what neural ranking models learn when fine-tuned on query-document pairs. Our
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analysis reveals that prompt-token embeddings encode a large portion of the rel-
evance adaptation signal in T5-based rerankers, enabling a lightweight adaptation
strategy that achieves effectiveness comparable to full fine-tuning. Finally, we con-
tribute new large-scale resources for reproducible evaluation, including SE-PQA, a
dataset for personalized community question answering, and its synthetic extension
generated with LLMs.

Overall, this dissertation advances the development of scalable and sustainable
domain adaptation methods for LLMs, combining structured parameter-efficient ar-
chitectures, dynamic retrieval adaptation, training-free model merging, and bench-
mark resources to support future research in efficient NLP and IR.
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Chapter 1

Introduction

This Chapter introduces the research context, motivation, and objectives of the
research undertaken during the Ph.D.. It outlines the main challenges addressed
in our work, formulates the research questions, and summarises the core contribu-
tions. Finally, it provides an overview of the dissertation structure. This Chapter
sets the stage for a comprehensive understanding of the research presented in this
dissertation.

1.1 Research Context

In recent years, Natural Language Processing (NLP), which is defined as the
automatic processing and understanding of human language, has undergone a pro-
found transformation with the introduction of the transformer architecture [454].
Since their first appearance in 2017, the transformers have rapidly become the
dominant paradigm for modelling textual data, outperforming earlier neural archi-
tectures, such as long short-term memory networks [177]. This performance gain is
largely attributed to the self-attention mechanism, which enables the efficient mod-
elling of long-range dependencies [454]. Transformer-based language models are
typically pre-trained on large-scale unlabelled corpora using self-supervised learn-
ing objectives, such as masked language modelling [102]. Through pre-training,
models learn linguistic representations capturing lexical semantics, syntactic reg-
ularities, and contextual dependencies. Once pre-trained, these models can be
adapted to downstream tasks by fine-tuning on small labelled datasets. Examples
of downstream tasks include text classification [120, 136], semantic similarity [461],
text generation [406, 247], question answering [89], and information retrieval [116,
379]. This paradigm, commonly referred to as transfer learning [185], has reduced
the dependence on large task-specific labelled datasets.

Recent work [216] shows that the performance of transformer-based language
models scales with model size: models with a larger number of parameters achieve
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better performance than smaller counterparts. This observation has driven an ex-
ponential growth in the size of Large Language Models (LLMs), with parameter
counts increasing from millions to hundreds of billions within a few years, as il-
lustrated in Figure 1.1. However, this rapid growth has introduced substantial
computational and memory challenges, particularly when fine-tuning models on
downstream tasks. Practical constraints related to GPU memory are already noted
in the official BERT documentation', which reports that training BERT-large [102]
with a 512-token context window on a GPU with 12GB of memory results in an
effective batch size of zero. At the same time, while model sizes have reached up to
170 billion parameters [54], GPU memory capacity has not increased proportion-
ally to the number of parameters, due to the high costs associated with hardware
development and deployment [256].

In both NLP and IR, a task is defined as a specific activity that maps input
to output, such as classification, ranking, or question answering, characterised by
a target prediction function and an evaluation protocol [74]. In contrast, a domain
refers to the underlying data distribution associated with a particular application
setting, encompassing topics, stylistic characteristics, domain-specific vocabulary,
and linguistic conventions [505]. While billion-scale transformer language models
show strong generalisation across a wide range of tasks [378], their adaptation to
unseen tasks or specific domains, such as legal or medical, remains challenging due
to distributional shifts, vocabulary mismatches, and domain-specific language [151].
In practice, task- or domain-specific adaptation is often performed through full fine-
tuning, which updates all model parameters [102]. Although effective, this strategy
is computationally expensive, memory-intensive, and data-hungry [256]. These lim-
itations become particularly important in scenarios where a single backbone model
must support multiple tasks or domains and new tasks or domains are introduced
incrementally, as is common in real-world Information Retrieval systems [441]. Re-
peated full fine-tuning not only increases training costs but also results in duplicated
model parameters across tasks.

Despite these limitations, billion-scale language models exhibit strong general-
isation capabilities [375], enabling them to transfer knowledge to tasks that were
not explicitly observed during training. In particular, such models can be applied
to new tasks without any parameter updates, the so-called zero-shot learning [375],
or by conditioning on a small number of task-specific examples provided directly in
the input context, called few-shot learning [136]. These properties, broadly referred
to as ’in-context learning’, play an important role in the widespread adoption of
large language models across various application domains.

However, the effectiveness of in-context learning is inherently constrained by
the limited context window of current language models, which restricts the number

https://github.com/google-research/bert
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Figure 1.1: Exponential growth in the number of parameters of language models.
The y-axis is logarithmic and reports the number of parameters in millions.

of examples that can be included, typically at most one hundred instances [54].
Moreover, increasing the context length leads to quadratic growth in computa-
tional and memory costs during inference [256], limiting the scalability of this ap-
proach. Beyond efficiency issues, recent empirical studies [115, 269] show that, for
tasks such as text classification, fine-tuning small models (e.g. RoBERTa [279],
with 355 million parameters) can outperform few-shot billion-parameter models
such as LLaMA [449] or GPT-3.5 [54]. These findings highlight that task-specific
fine-tuning is still important for achieving strong downstream performance, while
simultaneously underscoring the need for efficient adaptation strategies.

In response to these issues, research has increasingly focused on Parameter-
Efficient Fine-Tuning (PEFT) methods [256], which recognise that effective adap-
tation does not require modifying all parameters of a pre-trained model [256].
Rather than updating all model parameters, PEFT techniques adapt pre-trained
language models by training only a small subset of parameters [31] or by introducing
lightweight and task-specific modules [353, 186]. This design significantly reduces
computational and memory costs while preserving or even improving fine-tuning
effectiveness. These methods enable efficient reuse of a single backbone model
across multiple tasks and domains, substantially reducing training cost and storage
requirements while achieving performance comparable to full fine-tuning. Despite
their success, existing PEFT approaches still face open challenges. Most methods
require task-specific training data, limiting their applicability in zero-shot settings.
Moreover, task adaptations are typically learned without explicitly modelling how
task-specific knowledge can be reused or composed across tasks.
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1.2 Research Questions
Our research aims to address the following research questions:

« RQ1: How is the notion of efficiency defined and analysed across various
natural language processing and information retrieval tasks?

« RQ2: How are parameter efficient fine-tuning techniques defined, categorized
and evaluated in the natural language processing literature?

« RQ3: How can structured adapter parametrisation, such as Kronecker-
based adapters, enhance model expressiveness while preserving parameter-
efficiency?

« RQ4: How can dynamic module allocation and domain-specific adapters im-
prove multi-domain information retrieval performance while minimising re-
source consumption?

« RQ5: Can training-free merging approaches, such as Task Arithmetic, effec-
tively define domain-specific retrieval models in zero-shot scenarios?

« RQ6: While a model is trained on an Information Retrieval task, what is
the model learning? Can we train a specific subset of parameters to achieve
performance comparable to fine-tuning?

« RQT7: How can the development of large-scale, personalised data allow repro-
ducible research and scalable training for efficient IR systems across multiple
domains?

The previously mentioned primary research questions are further broken down
into sub-questions, each presented and addressed in the subsequent Chapters of
this dissertation.

1.3 Research Contributions
The contributions of our research are the following;:

o A comprehensive and systematic review of the literature covering 174 studies,
which has been conducted to identify the current state of research on efficiency
in NLP. This review aims to enhance our understanding of how efficiency
has been defined and how parameter efficient approaches are categorized and
evaluated across various application domains and tasks. The findings provide
practical guidance for the development of novel efficient approaches.
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o The definition of a new parameter-efficient adapter architecture that enhances
representational expressiveness while maintaining or even improving adapter
efficiency and efficacy on downstream tasks. The proposed approach, called
AdaKron, incorporates the Kronecker product into an adapter module while
updating less than 1% of the original model parameters. Extensive experi-
ments show that AdaKron consistently improves effectiveness and efficiency
compared to state-of-the-art PEFT approaches.

o An expansion of AdaKron that incorporates a Mixture-of-Experts architec-
ture into AdaKron enhance the adapter’s representational capabilities. The
results show that combining structured parametrisation with expert routing
further improves adaptation quality without increasing computational over-

head.

o We define DRAMA, a parameter-efficient retrieval architecture that lever-
ages domain-specific adapters and adaptive module allocation through a gat-
ing mechanism. DRAMA distils knowledge from specialised retrievers while
reducing parameter redundancy, storage requirements, and energy consump-
tion. Experimental findings show that dynamic domain adaptation improves
effectiveness while maintaining efficiency constraints.

o The application of task arithmetic to define domain- and language-specific
retrieval models without requiring any additional training. The proposed ap-
proaches enable zero-shot composition of dense, sparse and re-ranking mod-
els, improving performance in specialized domains, tasks and languages. This
contribution improves the notion of efficiency by reducing the need for further
training and optimisation.

o The identification of which parameters contribute most to the adaptation of
language models to a retrieval task. Our findings reveal that a subset of
embedding layers encodes a significant portion of the learning signal. Based
on this insight, we propose an efficient adaptation strategy that updates only
a targeted subset of parameters, achieving performance comparable to full
fine-tuning while drastically reducing the number of parameters updated.

o We define a large-scale personalised and synthetic datasets designed to sup-
port reproducible experimentation and scalable model training across differ-
ent domains.

1.4 Thesis Organization

The subsequent sections of this dissertation are divided into five main parts, as
outlined below.
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Part I: Background

This part is organised into three Chapters and establishes the conceptual and
methodological foundations of this dissertation. It introduces the fundamental prin-
ciples of Natural Language Processing and Information Retrieval, which constitute
the two core pillars of our research. Particular emphasis is placed on transformer-
based architectures, evaluation methodologies, parameter efficient techniques and
domain adaptation. In addition, this part discusses recent advances in Large Lan-
guage Models and frames efficiency as a central research challenge at the intersection

of NLP and IR.

Chapter 2 — Foundational Concepts and Research Methods

This Chapter provides the necessary background to contextualise our research.
It reviews the main components of modern NLP, IR and search engine architec-
tures. Furthermore, it discusses standard evaluation methodologies, experimental
protocols, and training strategies, with a particular focus on balancing effectiveness
and efficiency.

Chapter 3 — Parameter Efficient Approaches for training Large Language
Models: a Systematic Review

This Chapter presents a systematic literature review of parameter efficient fine-
tuning approaches for large language models. The survey analyses current trends
in efficient adaptation of LLMs, and identifies open challenges related to their
evaluation, scalability, computational cost, and sustainable deployment.

1.4.1 Part II: Adapter-based Models for Efficient Natural
Language Processing and Information Retrieval

This part presents the novel parameter efficient approaches developed during
the Ph.D. to address efficiency and scalability challenges in NLP and Information
Retrieval. It focuses on structured adapter design and domain-adaptive retrieval
under strict parameters and energy constraints.

Chapter 5 - MAdaKron: A Mixture-of-AdaKron Adapters

This Chapter introduces AdaKron, a Kronecker-based adapter architecture de-
signed to enhance expressiveness while training less than 1% of model parameters.
We evaluate AdaKron across multiple benchmarks and models, showing perfor-
mance improvements over full fine-tuning and state-of-the-art PEFT approaches.
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Building upon this foundation, the Chapter also presents MAdaKron, a Mixture-
of-Experts extension that dynamically routes inputs to specialised adapter compo-
nents. The integration of structured parametrisation and expert routing further
improves effectiveness while preserving parameter efficiency.

Chapter 6 - DRAMA: Domain Retrieval using Adaptive Module Allo-
cation

This Chapter introduces DRAMA, a dynamic and parameter-efficient retrieval
framework for multi-domain information retrieval. DRAMA combines domain-
specific PEFT components with a gating mechanism to allocate model capacity
based on the input domain. The Chapter investigates whether domain-specific
retrievers outperform multi-domain models and evaluates the impact of adaptive
module allocation on effectiveness, storage requirements, and energy consumption.

1.4.2 Part IIl: Task Arithmetic for Efficient Information
Retrieval

This part explores efficiency beyond reducing the number of trained parameters
by investigating training-free model composition and analysing learning dynamics
in neural retrieval models.

Chapter 8 - Task Arithmetic for Zero-Shot Information Retrieval

This Chapter studies Task Arithmetic and model-merging techniques for zero-
shot domain adaptation in Information Retrieval. The proposed approach enables
to go beyond parameter-efficient fine-tuning by the definition of domain-specific
retrievers without additional training. The evaluation covers dense, sparse, and
neural re-ranking retrieval models, showing the effectiveness of model composition
approaches in domain-specific scenarios.

Chapter 9 - Revealing MonoT5’s Learning Mechanisms via Prompt-
Token Adaptation

This Chapter further analyses task vectors to understand how neural IR models
learn relevance signals during fine-tuning. The study reveals that prompt token
embeddings capture a significant portion of the adaptation signal in T5-based re-
trieval models. Motivated by this finding, a lightweight adaptation strategy has
been defined that updates only prompt-token embeddings, achieving performance
comparable to full fine-tuning while reducing training costs. Furthermore, we show
how the retrieval performance of T5H-based models can be disentangled into the
classification of low quality documents, i.e. those that are unlikely to be relevant
to any queries, and the learning of the relevance signals.

7
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1.4.3 Part I'V: Resources and Benchmarks

This part introduces the datasets designed to support reproducible and scalable
research in efficient IR across different domains.

Chapter 11 - SE-PQA: Personalized Community Question Answering

This Chapter presents SE-PQA, a large-scale dataset for personalised commu-
nity Question Answering. The dataset includes millions of questions and answers
enriched with social interaction features. The Chapter describes the construction
process, feature representations, and reproducible baselines, showing the impact of
personalisation on a Web platform.

Chapter 12 - Synthetic Data Generation with Large Language Models
for Personalised cQA

This Chapter introduces Sy-SE-PQA, a synthetic extension of SE-PQA gener-
ated using Large Language Models. It describes the prompting strategies, data
generation pipeline and baselines, showing that training neural retrieval models on
synthetic data outperforms models trained exclusively on human-generated data.

1.4.4 Part V: Conclusions and Insights
Chapter 13 - Conclusions

This final Chapter summarises the main contributions of the research under-
taken during the Ph.D. and discusses their broader implications for efficient and
domain-adaptive NLP and IR. It highlights open research challenges related to
scalability, robustness, zero-shot adaptability, and the sustainable deployment of
LLMs, and outlines promising directions for future work.
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Chapter 2

Foundational Concepts and
Research Methods

This Chapter introduces the foundational concepts and methodological princi-
ples underlying this dissertation, with a particular focus on Natural Language Pro-
cessing (NLP) and Information Retrieval (IR). It provides a structured overview
of language modelling and transformer architectures, and subsequently discusses
the main components of modern IR systems, including document representation,
ranking functions, and effectiveness evaluation. By outlining the theoretical and
practical foundations of both areas, this Chapter establishes the conceptual frame-
work necessary to understand the new models and approaches proposed in the
subsequent Chapters. It serves as a reference point for interpreting experimental
findings and establishing our contributions within the broader landscape of NLP
and IR research.

2.1 Natural Language Processing

The question “Can a machine think?” can be traced back to the early foun-
dations of Artificial Intelligence, most notably to the work of Alan Turing, who
proposed in 1950 what later became known as the Turing Test as an operational
criterion for machine intelligence [451]. According to this formulation, a computer
may be regarded as exhibiting intelligent behaviour if, during a text-based interac-
tion, a human evaluator is unable to reliably distinguish its responses from those
of a human interlocutor. Rather than providing a formal definition of intelligence,
the test emphasises observable behaviour, and in particular the ability of machines
to engage in meaningful and coherent linguistic interaction. More broadly, Ar-
tificial Intelligence (AI) encompasses a wide range of computational techniques
aimed at enabling machines to emulate aspects of human cognition and behaviour.
These capabilities include Natural Language Processing (NLP) for understanding
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and generating human language, automated reasoning for answering complex ques-
tions, and machine learning methods that allow systems to learn from data and
identify patterns. In addition, Al includes capabilities such as computer vision and
speech recognition, as well as robotics, which enables physical interaction with the
environment [402]. While AI spans multiple modalities and application domains,
this dissertation focuses specifically on methods for processing textual data.

Natural Language Processing is the branch of Al devoted to the automatic
processing, analysis, and understanding of human language [30]. The origins of
NLP can be traced back to the 1950s, when early research efforts were primarily
focused on machine translation and question answering, motivated by the ambi-
tion to enable computers to manipulate language [30]. Over time, the field has
undergone several paradigm shifts. Early NLP systems were largely rule-based,
relying on manually crafted grammars and linguistic rules. These approaches were
later superseded by statistical methods, which modelled linguistic phenomena us-
ing probabilistic frameworks and large text corpora. More recently, NLP has been
profoundly influenced by machine learning approaches, and in particular by deep
learning techniques, which allow models to learn complex linguistic representations
directly from data [18]. A central concept in NLP is that of a Language Model (LM).
A statistical language model can be defined as a probability distribution over se-
quences of tokens, assigning a likelihood to any possible sentence in a language.
The term token is used rather than word, since modern language models typically
operate on subword units, which may correspond to whole words, word fragments,
symbols, or individual characters [326]. A well-trained statistical language model
assigns higher probability to syntactically and semantically plausible sentences,
while assigning lower probability to poorly formed or incoherent word sequences.
By estimating the probability of the next token given the preceding context, lan-
guage models can be used to predict likely continuations of a text, thereby enabling
applications such as sentence completion, text generation, and speech recognition.
When a language model is explicitly designed to generate fluent and coherent text,
it is commonly referred to as a generative model.

In recent years, the introduction of the transformer architecture [454] has fun-
damentally reshaped the field of NLP. Transformers rely on self-attention mech-
anisms to model dependencies between tokens in a sequence, enabling them to
capture long-range contextual information more effectively than previous sequen-
tial architectures. This innovation has established transformers as the dominant
paradigm for building modern Large Language Models (LLMs), which are typi-
cally pre-trained on massive text corpora in order to acquire general-purpose lin-
guistic representations and subsequently adapted to a wide range of downstream
tasks [102]. These developments constitute the foundation for the methods and
models investigated throughout this thesis.

12
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2.2 Transformer-based Language Models

As illustrated in Figure 2.1, a Transformer layer is composed of a self-attention
mechanism followed by a fully connected Feed-Forward Network (FFN). Both at-
tention and feed-forward sub-layers are equipped with residual connections [162]
and are followed by normalization layers [16], which improve training stability and
optimisation efficiency. This section introduces the main components of trans-
former models and establishes the notation used throughout the remainder of the
dissertation.

1 XL
|

r Add & Norm

|

Feed Forward
Network

o

r Add & Norm

!

Multi-head Attention

NG

Figure 2.1: A transformer block, as defined by Vaswani et al. [454].

Attention Mechanism The attention mechanism [454] is the core operation
that allows transformers to model contextual dependencies within a sequence. It
is parametrised by three matrices: query Q € R™ % key K € R™*%_ and value
V € R™*%_ (Given an input representation X € R"*?, these matrices are computed
as:

Q=XW, K=XW;, V=XW, (2.1)

where W, € R™% W, € R™%_ and W, € R™% are learnable weight matrices.
The attention output is defined as:

H = Attention(Q, K, V') = softmax <QKT> V. (2.2)
= JKV) = i |V :

To increase representational capacity, transformers employ multi-head atten-
tion, which applies the attention operation in parallel across multiple subspaces.
Each attention head uses distinct projection matrices, and the resulting outputs
are concatenated and linearly transformed:

H = MultiHeadAttention(Q, K,V') = Concat(Hy, . .., H,)W,, (2.3)
13
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where h denotes the number of heads and W, is a learnable output projection.

Multi-head attention improves representational capacity by enabling the model
to attend to different contextual subspaces in parallel. This property is particularly
important in retrieval and semantic matching settings, where capturing fine-grained
interactions between query terms and document context is essential. Moreover,
several parameter-efficient fine-tuning approaches, such as LoRA [186], modify at-
tention projection matrices directly, suggesting that attention layers constitute a
critical adaptation component when transferring large pre-trained models to down-
stream tasks.

Fully-connected Feed-Forward Network Following the attention sub-layer,
each transformer block includes a position-wise feed-forward network. This network
consists of two fully connected layers with an intermediate non-linear activation
function, typically ReLU [139] or GeLU [173]. For an input X € R™*% the FFN
output is computed as:

F:J(le +b1)W2+b2, (24)

where Wy, Wy, by, and b, are learnable parameters.

Residual Connections and Normalization Layers Residual connec-
tions [162] and layer normalization [16] are applied after each attention and feed-
forward sub-layer to mitigate vanishing gradients and stabilise training. Given a
function f(-), this operation is defined as:

Add&Norm(X, f) = LayerNorm(X + f(X)). (2.5)

Transformer-based language models can be grouped into three major architec-
tural categories, each addressing different NLP purposes:

« Encoder-only: these models, such as BERT [102], rely on bidirectional
self-attention to capture contextual dependencies from both directions. Pre-
training tasks typically include Masked Language Modelling (MLM) and Next
Sentence Prediction (NSP), using special tokens like [M ASK]. The MLM ob-
jective seeks to predict masked tokens based on surrounding context:

Lyiim = — Z log(P(ajm‘x\M(w))v (2.6)
TmEM (z)

where M (z) denotes the set of masked token positions. Variants such as
RoBERTa [279] and DeBERTa [165, 163] introduce different pre-training and
tokenization strategies or new attention mechanisms.

14
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e Decoder-only: they adopt an autoregressive setup, where tokens are gen-
erated sequentially, conditioning each prediction on previously generated to-
kens. The training objective models the log-likelihood of sequences as:

Ly = —log(P Zlog (xi]r<i), (2.7)

where xy denotes a special token indicating the start of a sequence. GPT-
based models [375, 54] exemplify this class, using causal attention to predict
the next token. These models have been shown to be especially effective in
generative tasks such as dialogue systems, summarization, and translation.

o Encoder-decoder: they integrate both encoder and decoder modules to
address tasks requiring both understanding and generation. In this setup,
the encoder processes the input into a contextual representation, which the
decoder then uses to produce output tokens. Examples include T5 [376],
which frames all tasks as text-to-text transformations, and BART [244], which
combines bidirectional encoding with autoregressive decoding. These models
often use span corruption during pre-training, reconstructing masked spans
from the context. The associated training objective is:

*CSquSeq MLM — — Z ZlOg wt|x\M () xi:t—1)7 (28)
xi €M () t=

where M (z) is the set of corrupted spans. Different from encoder-only archi-
tectures, the decoder additionally incorporates a cross-attention mechanism,
which enables it to attend to contextual representations produced by the
encoder. Attention is masked to prevent access to future tokens, while cross-
attention enables interaction between encoder and decoder representations.
Multilingual variants such as mT5 [501] extend this architecture to support
cross-lingual tasks.

Following [396], we consider every transformer-based model to be a Large Lan-
guage Model (LLM).

2.3 Information Retrieval

The expression Information Retrieval (IR) was introduced in 1951 [319] by Moo-
ers, who described Information Retrieval as the process through which a user is able
to translate an information need into a list of stored documents that may contain
relevant content: “Information Retrieval is the name for the process or method
whereby a prospective user of information is able to convert his need for informa-
tion into an actual list of citations to documents in storage containing information

15



Foundational Concepts and Research Methods

useful to him (user). Information Retrieval embraces the intellectual aspects of
the description of information and its specification for search, and also whatever
systems, techniques, and machines that are employed to carry out the operation.”
Later work further clarified the key steps involved in retrieval systems. In particu-
lar, Salton [407] described IR as a process that requires analysing and representing
stored items, organising them to support efficient search, and retrieving them in
response to user queries. Salton emphasised four main aspects of IR system design:
information analysis, organisation and search, query formulation, and retrieval and
dissemination. The aim of an information retrieval system, often referred to as a
search engine, is to support users in finding information items that are relevant to
a given information need. Such needs are commonly expressed through a query,
which may take different forms depending on the application scenario. In many
cases, queries are short and consist of keywords or brief phrases; however, they
may also include Boolean operators, structured formulations, or complex questions,
depending on the model on which the system is based. Although IR research has
traditionally focused on text documents, modern retrieval systems often support
heterogeneous information items, including multimedia content such as images or
videos.

A typical retrieval interaction begins when a user submits a query to the system.
The system then searches within a collection to identify candidate documents that
may satisfy the request. Since matching requires comparable representations, both
the query and the stored documents must be mapped into a shared representation
space. Candidate documents are subsequently ordered by a ranking function that
estimates their relevance with respect to the query. Early retrieval systems relied
primarily on lexical overlap and statistical weighting mechanisms, while more re-
cent approaches have benefited from pre-trained language models, which are able
to capture semantic similarity. In addition to textual similarity, ranking pipelines
may incorporate further signals, such as metadata or popularity indicators. The
final stage of the system presents a ranked list of information items to the user for
further investigation. The outlined retrieval scenario corresponds to the so-called
ad-hoc retrieval. Retrieval systems are also frequently designed for specific appli-
cation domains, leading to what is commonly referred to as domain-specific search.
Domain-specific retrieval has been defined [289] as search activity focused on a spe-
cific subject area, characterised by specialised vocabularies, multiple information
modalities (e.g., text, images, audio), and diverse user groups and tasks. Typical
examples include scientific literature search, biomedical retrieval, legal information
systems, and financial document analysis. In such contexts, users often formulate
information needs using terminology that is highly domain-dependent. Domain ex-
perts may rely on technical expressions, abbreviations, or structured queries aligned
with professional standards. At the same time, non-expert users may also inter-
act with specialised collections, for instance when consulting scientific publications
or technical reports, often expressing similar needs with less precise language. As
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a consequence, the design of effective domain-specific retrieval systems involves
several challenges. First, the system must accommodate heterogeneous informa-
tion needs, ranging from highly technical expert queries to exploratory searches
by non-specialists. Second, it often requires the integration of domain terminolo-
gies, controlled vocabularies, or ontologies within indexing and ranking pipelines,
in order to ensure accurate matching. Third, domain-specific systems may need to
support retrieval over multiple document types, such as structured records, full-text
publications, numerical tables, or metadata archives.

2.3.1 Information Retrieval Systems

Information retrieval systems aim to estimate relevance by automatically as-
sessing how well a document satisfies an expressed information need. In this dis-
sertation, we focus on text-based IR systems. A user provides a query ¢, which
may consist of keywords, phrases, Boolean expressions, or full natural language
sentences. Depending on the retrieval scenario, queries may range from short and
underspecified to longer and more descriptive formulations. From a practical per-
spective, a text-based retrieval system can be decomposed into two main compo-
nents: an offline one, responsible for processing the document collection, and an
online one, responsible for responding to user queries in real time.

Offline Component

The offline component is responsible for maintaining the document collection
and building the index structures required for retrieval. It is referred to as offline
since it typically involves computationally expensive operations that are not exe-
cuted at query time. The offline pipeline is updated periodically as new documents
are added or existing ones are modified. The update frequency depends on the
application domain; for example, web search engines require frequent re-indexing
due to the continuous evolution of web content.

The offline component generally includes the following elements:

o Document Archive: the repository where information items are stored, poten-
tially including text documents, multimedia content, or mixed formats.

o Indexing Process: the procedure that extracts features from documents and
stores them into dedicated index structures. In text retrieval, extracted fea-
tures are often term-based. These features are organised to support efficient
retrieval at query time.

e Document Representation: the formal representation used to encode docu-
ment content. The choice of representation is closely tied to the retrieval
model and has a direct impact on ranking effectiveness.
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Online Component

The online component is responsible for handling user interaction and producing
low latency ranked outputs. It includes the following elements:

Query: the user’s input expressing an information need.

Query Representation: the transformation of the query into a representation
compatible with the indexing structures.

Matching Mechanism: the component responsible for comparing query and
document representations and assigning relevance scores.

Ranked List of Documents: the ranked output returned to the user, ordered
according to the relevance scores.

Once a query is submitted, the system retrieves candidate documents and ranks
them according to a scoring function. This scoring mechanism depends on the
retrieval model adopted, which determines how documents and queries are repre-
sented and compared. Common retrieval models include the following:

Boolean Model: documents are represented as sets of terms, and queries are
formulated as Boolean expressions over these terms. A document is retrieved
only if it satisfies the Boolean constraints. Since relevance is treated as a
binary condition, Boolean models do not naturally support ranked retrieval.

Vector Space Model (VSM): documents and queries are represented as
weighted vectors in a high-dimensional space. Relevance is estimated using
similarity measures, such as cosine similarity, which enables ranking results
according to their similarity to the query.

Probabilistic Models: probabilistic retrieval models estimate relevance by as-
signing a probability that a document is relevant to a given query. A widely
used probabilistic ranking function is Okapi BM25 [394], which combines term
frequency weighting with inverse document frequency and document length
normalisation. Given a query ¢) composed of terms ¢, ¢, ..., q,, the BM25
score for a document D is defined as:

Score(Q, D) = zn:IDF(qi) ) tfo.0(1 4 k1)

(2.9)
i=1 tfg.p + k1 (1 —b+b- dllfv‘g)

where | D| denotes the number of words in D, dl,y, is the average length of the
document in the collection, and k; and b are hyperparameters. The inverse
document frequency component is computed as:
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(2.10)

IDF(g;) = In (1 LN = Nlg) + 0.5> |

where N is the total number of documents in the collection and N (g;) denotes
the number of documents containing term g;.

2.4 Neural Information Retrieval

Neural Information Retrieval (Neural IR) refers to retrieval approaches that
leverage neural networks to model queries and documents and to estimate their rel-
evance through learned representations [316]. Unlike traditional IR models, which
typically rely on hand-crafted lexical matching functions and term-based weight-
ing schemes, neural IR models aim to learn semantic representations directly from
data, enabling them to capture linguistic variability and semantic similarity beyond
exact term overlap. This shift has been enabled by the success of deep learning
in natural language processing, and in particular by pre-trained transformer-based
language models, which provide contextualised representations that can be adapted
to retrieval tasks. A major class of neural IR methods is based on representing both
queries and documents as dense vectors in a continuous embedding space. In this
setting, retrieval can be formulated as a similarity search problem: relevant docu-
ments are expected to lie close to the query representation according to a similarity
function, such as cosine similarity or dot product. This approach enables semantic
matching and has become a fundamental component of modern retrieval systems.
However, learning effective representations typically requires large amounts of train-
ing data and carefully designed supervision signals. Neural retrieval models may be
trained using supervised relevance judgments, weak supervision derived from click
logs, or self-supervised strategies.

Neural IR architectures are commonly categorised into two main families: bi-
encoder and cross-encoder models.

o Bi-encoders [388]: bi-encoder architectures encode queries and documents in-
dependently using two neural encoders, often sharing the same parameters.
Each encoder maps its input into a dense representation space. The similarity
between the query and a document is computed using cosine similarity or dot
product. Since document representations can be computed offline and stored
in an index, bi-encoders are particularly suitable for large-scale retrieval set-
tings.

o Cross-encoders [336]: cross-encoder architectures jointly encode the query
and the document within the same model. The input is typically formed
by concatenating the query and the document, and the model outputs a
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relevance score for the pair. Cross-encoders can model fine-grained token-level
interactions and often achieve higher ranking effectiveness than bi-encoders,
but they are more computationally expensive.

Both approaches present complementary trade-offs between efficiency and ef-
fectiveness. Bi-encoders enable scalable retrieval due to the possibility of pre-
computing document embeddings and performing approximate nearest neighbour
search. Cross-encoders, while more costly, generally provide stronger ranking per-
formance and are therefore typically applied only to a limited set of candidate
documents. Beyond this architectural distinction, neural retrieval methods can
be further analysed from two complementary perspectives: the type of generated
representation and the stage within a retrieval pipeline.

From the perspective of representation learning, neural retrieval models are
grouped into dense and learned sparse approaches:

o Dense retrieval [388]: dense retrieval models map queries and documents
into low-dimensional continuous vectors, where relevance is estimated through
vector similarity. These models capture semantic similarity and paraphras-
ing effects, allowing retrieval even when query and document share limited
lexical overlap. A typical approach is the bi-encoder architecture, in which
separate encoders map queries and documents into embeddings. The query
encoder encodes the query ¢ into a single query embedding 1, = Encoderg(q)
and the document encoder encodes the document d into a single vector
Yp = Encoderp(d). Finally, a simple dot product is employed to calcu-
late the relevance score between the query representation and each document
representation. Based on this approach, several dense retrieval variants have
been proposed, including ANCE [496], TCT [264], TAS-B [178], BGE [70]
and GTR [330].

o Learned sparse retrieval [443]: learned sparse retrieval models such as
Doc2Query [335], DeepCT [98] and SPLADE [237], aim to combine the inter-
pretability and indexing efficiency of traditional sparse representations, such
as BM25, with the learning capability of neural architectures. Instead of re-
lying on fixed term weights such as TF-IDF or BM25, these methods learn
sparse representations in which only a limited number of dimensions are ac-
tivated, often corresponding to vocabulary terms. Learned sparse models
can therefore be indexed using inverted lists, similarly to classical retrieval
systems, while capturing semantic information through learned weights and
contextual modelling.

Despite their success, dense, learned sparse and cross-encoders retrieval methods
often exhibit limited robustness when applied to out-of-domain scenarios such as
scientific or biomedical search [442], which differ from the original training data
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(typically MS MARCO [328]). Approaches including data augmentation [466],
continual learning [64] and task-aware training [82, 453] have been investigated to
address this challenge. While effective, these approaches typically rely on domain-
specific labelled data for relevance, which are not always available [442], and incur
additional computational costs, motivating interest in alternative strategies that
promote domain generalisation without specific fine-tuning.

From the perspective of retrieval pipeline, models can be distinguished according
to whether they operate as first-stage retrievers or as re-ranking models:

o First-stage retrievers [388, 443]: first-stage retrievers effectively rank all the
documents in a corpus. Since this step must operate at large scale, first-stage
retrieval models are designed to be computationally efficient and are typically
implemented using lexical models (e.g., BM25), dense bi-encoders, or learned
sparse retrievers. First stage-retrievers can be used alone or their output
is commonly a set of top-k candidates, which is then passed to subsequent
ranking components.

o Neural re-rankers [336, 334]: neural re-ranking models operate as a second-
stage component of a retrieval pipeline. In this setting, an initial retriever
produces a candidate set of documents, and a neural model re-scores these
candidates. Re-ranking models are often implemented using cross-encoders,
which provide strong effectiveness due to their ability to jointly model query
and document representations, but are computationally expensive for full-
corpus retrieval. In some scenarios, bi-encoder models may also be employed
as efficient re-rankers.

These categories are not mutually exclusive and are often combined in multi-
stage retrieval architectures. In practice, retrieval systems frequently employ hybrid
pipelines in which a first-stage retriever generates candidates efficiently, while sub-
sequent neural models refine the ranking by modelling deeper semantic interactions.

2.4.1 Training Neural Retrieval Models

Training neural retrieval models in a supervised setting requires a set of queries
@, a document collection D and relevance judgments for query-document pairs.
In many practical scenarios, only positive relevance labels are available, i.e. docu-
ments that are known to be relevant for a query. Negative examples are therefore
typically constructed by sampling documents that are not labelled as relevant.
These negatives may be obtained through random sampling [483], lexical retrieval
methods such as BM25 [327], or more challenging strategies such as hard-negative
mining [309], which selects negatives that are highly similar to the query accord-
ing to a baseline retriever. A common training formulation [191] relies on triplets
consisting of a query ¢, a relevant document d*, and a set of negative documents
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D~ randomly sampled from the collection of documents not judged for gq. Neural
retrieval models can be trained by minimising a cross-entropy objective over the
positive and negative candidates:

exp (v - cos(q, d))
Zde{cﬁ}uD— exp (7 - cos(q, d))’
where ¢ and d denote the vector representations of the query and the document,

cos(q,d) denotes cosine similarity, and 7 is a scaling parameter. Alternatively,
training may be performed using a triplet margin loss [17]:

L(g,d",D”) = —log

(2.11)

Lig,d*,D7) = > max([lg—d"[, —llg—d[l, +7, 0), (2.12)

d=€D~

where v € R denotes the margin and ||-||, is the p—norm of the difference between
the query and document vector representations. This loss encourages relevant doc-
uments to be closer to the query representation than non-relevant ones by at least
a margin.

In many real-world applications, neural retrieval models are integrated with tra-
ditional retrieval methods. Previous work [315] has shown that combining lexical
matching signals, such as BM25, with semantic representations learned by neural
models often improves robustness and retrieval effectiveness, particularly in scenar-
ios where both exact term matching and semantic generalisation are required.

2.5 Domain-specific Information Retrieval

Information Retrieval systems are often conceptualised under the assumption of
general-purpose usage, for example web search engines, where the document collec-
tion and user behaviour are diverse and unconstrained. However, many practical
retrieval scenarios arise within specialised contexts in which the characteristics of
the document collection, the users, and even the definition of relevance may differ
significantly from those of general web search. Such scenarios are commonly referred
to as domain-specific information retrieval, where system design must account for
different data distributions and user needs [289]. Domain-specific retrieval settings
are typically characterised by specialised terminology, abbreviations and technical
content. In domain-specific scenarios, such as biomedical or legal domains, lexical
overlap between queries and documents is often insufficient for effective matching,
thereby requiring retrieval models that can capture semantic relationships, domain
knowledge and contextual relevance [289, 313]. For example, in medical informa-
tion retrieval, user queries vary in complexity and intent depending on the user’s
role (e.g., clinician, researcher, patient), and traditional retrieval techniques alone
may not meet these diverse needs [156, 140]. For these reasons, applying a model
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trained on a general-purpose corpus to a domain-specific scenario in a zero-shot set-
ting often results in performance degradation [441] and thus domain-specific search
requires the definition of specialised models or ranking strategies extend beyond
standard term frequency—based models. These may include the integration of do-
main lexicons and query expansion techniques tailored to domain concepts [156].
Furthermore, the need for large-scale labelled relevance data in specialised domains
often hinders the direct application of supervised training methods, motivating the
use of weak supervision, transfer learning, and synthetic annotation strategies to
support effective model learning [140]. A notable example is generative pseudo
labelling [467], which leverages query generation models to synthesize training sig-
nal from unlabelled target-domain documents, enabling unsupervised fine-tuning
of dense retrievers without requiring human annotations. Similarly, InPars [38,
204] employs large language models to generate synthetic training queries, allowing
re-rankers to be fine-tuned on the new data with strong out-of-domain generaliza-
tion. An alternative adaptation approach [159] relies on a brief textual description
of the target domain to guide the adaptation of dense retrievers. Other strategies
involve working at the representation level, for example Zhan et al. [512] propose
a disentangled modelling framework that separates domain-specific features from
general relevance signals, facilitating more flexible adaptation across heterogeneous
retrieval tasks or Gururangan et al. [151] show that continued pre-training of lan-
guage models on domain-relevant corpora yields consistent improvements across a
diverse range of specialized tasks.

2.6 Evaluation of Information Retrieval Systems

The retrieval models discussed in this section differ substantially in terms of ar-
chitecture, supervision requirements, and computational cost. Nevertheless, their
effectiveness is ultimately assessed through a shared experimental methodology
based on standard benchmark collections and evaluation metrics. This section
introduces the evaluation paradigms and measures adopted throughout this disser-
tation.

Retrieval evaluation measures are designed to reward systems that retrieve rele-
vant documents, while penalising systems that return non-relevant results [350]. A
common distinction is made between set-based measures and rank-based measures.
Set-based metrics, such as precision and recall, treat retrieval as a set selection
problem and ignore the ordering of retrieved items. In contrast, rank-based met-
rics explicitly account for the ranked nature of retrieval outputs, assigning higher
importance to documents appearing at the top of the list. Since user attention is
typically concentrated on the highest-ranked results, rank-based evaluation mea-
sures are particularly relevant in practice. For these reasons, in this dissertation, we
primarily focus on rank-based metrics. FEvaluation strategies can also be classified
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as user-oriented or system-oriented. User-oriented evaluation includes methodolo-
gies such as user studies and A/B testing, which provide insights into user sat-
isfaction and real-world performance. However, these approaches are costly and
difficult to reproduce, limiting their applicability in research contexts. For this
reason, most experimental studies in IR rely on system-oriented evaluation frame-
works based on benchmark collections. The dominant methodology in IR research
is the Cranfield paradigm, which evaluates retrieval systems using standardised test
collections. Such collections typically include three main components: a document
corpus, a set of queries, also called topics, and relevance judgments indicating which
documents are relevant to each query. Within this paradigm, relevance is usually
approximated through topical similarity. This implies that relevant documents are
assumed to be equally desirable and independent from one another. Moreover,
relevance judgments are often incomplete due to the high cost of manual annota-
tion, especially for large-scale corpora. This incompleteness may introduce noise
in evaluation results. Finally, while the paradigm supports graded relevance, many
benchmark datasets adopt binary relevance judgments. Since users generally focus
on the top-ranked results, evaluation measures are often computed over the first
k retrieved documents. In the following, we briefly describe the main effectiveness
measures used throughout this dissertation. Let rel,(d) denote the relevance label
assigned to a document d with respect to query ¢, and let Rf]k) denote the set of
the top-k retrieved documents for query gq.

Precision@kt and Recall@k Precision@k measures the proportion of relevant
documents among the top-k retrieved results. Recall@k measures the proportion
of all relevant documents that appear within the top-k retrieved set:

ZdeRék) rel,(d)

Precision@k = k (2.13)
> rely(d)
Recall@k = —ofta __° (2.14)
> aep rely(d)

Mean Average Precision (MAP) Mean Average Precision assumes binary rel-
evance judgments. The average precision for a query is computed as:

S°F_ | Precision@j - rel,(d;)
Zde[) relq(d)

where d; denotes the document retrieved at rank position i. MAP is obtained
by averaging AP across all queries.

APQk =

(2.15)
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Normalized Discounted Cumulative Gain (nDCG) Normalized Discounted
Cumulative Gain (nDCG) supports graded relevance judgments by applying a log-
arithmic discount factor to penalise relevant documents retrieved at lower ranks.
Discounted Cumulative Gain at rank k is defined as:

k .
pCGak = y° ()

— 2.16
— logy(i + 1) ( )

To ensure comparability across queries, DCG is normalised by the Ideal DCG
(IDCG), computed from the ranking obtained by ordering documents by decreasing
relevance. The final metric is defined as:

DCGQE

(2.17)

2.6.1 Evaluation of Domain-Specific Systems

To systematically evaluate such retrieval models under domain-specific condi-
tions, the IR research community has established a range of specialised test collec-
tions and shared evaluation tasks that go beyond general web search. These bench-
marks enable the systematic comparison of ranking models by providing specialised
corpora, curated queries, and human relevance judgments that reflect the con-
straints and task characteristics of real-world professional search settings. Among
the shared tasks developed to this end, TREC-COVID serves as a well-known rep-
resentative example. It extends the Text REtrieval Conference (TREC) framework
to the rapidly evolving corpus of scientific literature on COVID-19, leveraging suc-
cessive releases of the CORD-19 dataset alongside relevance judgments produced by
biomedical experts [456]. More broadly, shared-tasks such as CLEF (Conference
and Labs of the Evaluation Forum) and NTCIR (Evaluation of Information Ac-
cess Technologies) have organized shared tasks over specialized collections spanning
medical, legal, and patent documents, often incorporating multilingual and multi-
modal components. These initiatives highlight the challenges of designing retrieval
systems capable of handling domain-specific vocabulary, structured metadata, and
task-dependent notions of relevance. To support broader evaluation across mul-
tiple heterogeneous domains simultaneously, BEIR [441] aggregates eighteen re-
trieval tasks spanning biomedical literature, scientific fact verification, financial
question answering and citation prediction, among others. BEIR provides a unified
evaluation framework specifically designed to assess the zero-shot generalization
capabilities of retrieval models in out-of-distribution settings. The benchmark en-
compasses collections targeting specialized domains, including TREC-COVID for
biomedical retrieval, SciFact [459] and SciDocs [92] for scientific document retrieval,
and FiQA [301] for financial question answering. The BEIR benchmark reveals a
consistent performance gap between lexical models and neural dense retrievers in

25



Foundational Concepts and Research Methods

specialized out-of-domain settings, underscoring the need for domain adaptation
approaches.
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Chapter 3

Parameter Efficient Approaches
for Training Large Language
Models: a Systematic Review

One of the key outcomes of the research undertaken during this PhD is the
introduction of novel approaches to parameter-efficient fine-tuning in NLP and in-
formation retrieval. Therefore, this Chapter presents a systematic literature review
that we conducted to enrich the understanding of this research field. Through
our systematic review of 174 studies, we have categorized PEFT approaches based
on how they update the weights of LLMs. Moreover, we highlight how PEFT
approaches are evaluated in the literature.

3.1 Introduction

Our survey systematically examines 174 studies that have proposed and exper-
imentally defined and evaluated PEFT approaches in NLP and IR. We synthesize
these studies based on how they update the weights of a pre-trained LLM while
fine-tuning it on a downstream task. The specific research questions tailored to
our study are presented in Section 3.2. This review aims to aid the development of
future PEFT approaches by identifying current necessities and paving the way for
future research.

The Chapter is structured as follows. Section 3.2 presents the research ques-
tions and the systematic review methodology. Section 3.3 details the results of our
systematic review presenting the taxonomy of PEFT methods, describing each cat-
egory and the models therein and analysing the benchmark datasets and evaluation
methods used in the PEFT literature. In detail, Section 3.3.1 introduces the formal
definition of PEFT and outlines its foundational principles. Section 3.5 discusses
current limitations and open research directions and, finally, Section 3.6 concludes

27



Parameter Efficient Approaches for Training Large Language Models: a Systematic Review

the study.

3.2 Methodology

This systematic review aims to investigate studies that propose novel Parameter-
Efficient Fine-Tuning (PEFT) techniques for Natural Language Processing (NLP)
tasks. We categorize the identified studies based on their strategy for selecting
which subset of parameters to train during model adaptation. Furthermore, we
compile a comprehensive list of benchmark collections that have been used in the
reviewed studies, analysing them in terms of the tasks they are designed for. We also
examine which datasets and LLMs are most frequently used across PEFT methods,
aiming to identify trends, gaps, and opportunities for improving empirical compar-
isons and reproducibility. Our primary objective is to consolidate the fragmented
landscape of PEFT research by identifying recurring methodological patterns, eval-
uating the consistency of experimental practices, and highlighting emerging trends.
To this end, we adopt a systematic review methodology for structured literature
analysis. This approach is intended to ensure transparency, reproducibility, and
rigor in the selection, annotation, and synthesis of studies.

Following the structured methodology outlined by [93, 351], our systematic
review consists of the following key steps: (1) defining the research questions that
guide our investigation; (2) establishing clear inclusion and exclusion criteria for
the selection of relevant studies; (3) formulating a retrieval strategy, specifying
the sources, databases, and keywords employed; and (4) synthesizing the extracted
findings to address the research questions.

3.2.1 Research Questions

The overarching aim of this review is to offer a structured understanding of
PEFT methods and their evaluation in NLP. To guide this analysis, we formulate
the following research questions:

« RQ1 How is the concept of Parameter-Efficient Fine-Tuning (PEFT) defined
in the identified studies?

— What criteria are used to classify and distinguish different PEFT ap-
proaches?

— What are the key design choices and components that characterize PEFT
methods?

« RQ2 What benchmark datasets and evaluation strategies are employed to
assess PEFT methods?
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— Which datasets are most frequently used to evaluate PEFT techniques
across different NLP tasks?

— What performance metrics are applied to measure the effectiveness of
PEFT approaches?

— What evaluation strategies, Language Models, and datasets are applied
to measure the effectiveness of PEFT approaches?

3.2.2 Inclusion and exclusion criteria

This phase of the review aimed to formalize the criteria for systematically se-
lecting or excluding articles to be included in our analysis. The development of
the criteria was aligned with the specific focus of the review: studies proposing
novel PEFT techniques for NLP tasks. Although initial criteria were established
in a preliminary phase, they were validated and finalized after processing 10% of
the initial study pool, with no further revisions deemed necessary. The final set of
criteria is summarized in Table 3.1.

Inclusion/exclusion criteria

Including studies focused on Natural Language Processing and Transformers architecture.

Including scholarly publications subject to peer review.

Including both full-length research articles and short papers.

Sources are confined to top-tier internationally renowned journals, conference proceedings, and workshops.

Specific time frame: from January 1st 2019 to December 31st 2024.

Studies must be written in English.

Studies must define, discuss and evaluate new PEFT methods.
We exclude studies in which authors apply existing and well-known PEFT methods to new datasets or domains.

Table 3.1: List of inclusion and exclusion criteria.

In particular, we excluded studies focused solely on non-textual domains (e.g.,
computer vision or audio processing) in order to maintain a clear emphasis on tex-
tual applications of PEFT. To ensure methodological quality and scientific rigor,
we included only peer-reviewed studies (both full-length articles and short papers)
published in journals, conferences, or workshops. We limited the temporal scope to
works published between January 1, 2019, and December 31, 2024, as the earliest
known application of PEFT in NLP dates to 2019. Eligible studies were also re-
quired to be written in English and to propose new PEFT techniques or significant
extensions thereof, as opposed to merely applying existing methods to new tasks
or datasets.
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Figure 3.1: Overview of the search approaches followed for the systematic review.

3.2.3 Search strategy and paper selection

The process of identifying relevant literature followed a structured pipeline,
as illustrated in Figure 3.1. Guided by the inclusion and exclusion criteria, we
conducted systematic searches across major academic repositories and conference
proceedings, including the ACL Anthology, ICML, ICLR, NeurIPS, Springer Link,
ACM Digital Library, and Elsevier. Search queries were formulated using combina-
tions of keywords such as “parameter efficient” OR “efficient tuning” OR “low rank
adaptation”, applied typically to “title” and “abstract” fields or, when unavailable,
to the full text. We tried different combinations of the aforementioned keywords,
aiming to cover most, if not all, of the relevant research for further analysis. The
full list of queries is : “parameter efficient”, “efficient tuning”, “low rank adapta-
tion”, “parameter efficient tuning”, “efficient low rank adaptation” and “parameter
efficient low rank adaptation”. Following the aforementioned search process, a total
of 868 studies have been identified. Those articles have been manually screened by
reviewing their title and abstracts to determine their relevance to this study. At
this point, we were interested in reducing the initial document pool to include those
focused on NLP and excluding those studies that solely focus on image or audio
data. As a result, a total of 224 studies have been selected for further examination.
These studies have been evaluated based on the whole set of inclusion/exclusion
criteria listed in Table 3.1 and a total of 174 studies have been identified as eligible
for this study. The majority of the papers have been excluded because they were
merely application of a well-known PEFT method.
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3.2.4 Coding scheme and paper synthesis

To support the structured analysis of our review corpus, we develop a detailed
coding scheme aligned with the previously outlined research questions. The coding
schema comprises three layers:

o General publication metadata, including year, author affiliations, and publi-
cation venue, to provide insights into the temporal distribution of research
activity.

o PEFT methodology categories, capturing whether the proposed methods fall
under additive, selective, reparameterized, or hybrid strategies (addressing

RQ1).

o Benchmark-related variables, including task type, dataset name, and LLM
used for evaluation (addressing RQ2).

This structured annotation enabled both qualitative synthesis and quantita-
tive aggregation. In addressing RQ1, we analyzed how PEFT methods define and
operationalize the selection of trainable parameters, revealing patterns across ar-
chitectural design choices. In addressing RQ2, we examined the frequency and
context in which specific datasets and LLMs are employed, highlighting similarities
and divergences in empirical evaluation protocols.

Our synthesis reveals notable commonalities in PEFT implementation across
tasks, as well as substantial variation in evaluation setups. By consolidating these
findings, we provide a clearer understanding of the methodological landscape and
identify opportunities for improving standardization and reproducibility. Ulti-
mately, our aim is to reduce fragmentation in PEFT research by identifying re-
curring methodological trends, surfacing gaps in current evaluation practices, and
proposing a roadmap for future exploration.

3.3 Results

In this section, we analyze and synthesize the publications in our review, fol-
lowing the established coding scheme to answer the posed research questions.

3.3.1 How is the concept of Parameter-Efficient Fine-
Tuning (PEFT) defined in the identified studies?

Parameter-Efficient Fine-Tuning (PEFT) represents a paradigm shift in the
way Large Language Models (LLMs) are adapted to downstream tasks. As LLMs
continue to grow in size, the computational and memory costs associated with
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traditional full fine-tuning methods have become a significant barrier to their prac-
tical deployment. PEFT techniques address this issue by reducing the number of
trainable parameters required for adaptation, while aiming to retain—if not im-
prove upon—the performance typically achieved through full-model fine-tuning.
The central intuition behind PEFT is that optimal performance on a target task
can often be achieved by updating only a strategically chosen subset of the model’s
parameters, or by augmenting the model with additional, lightweight components.
In doing so, these techniques enable a more scalable and resource-efficient approach
to transfer learning, particularly for practitioners working under memory or com-
pute constraints.

The fine-tuning paradigm has long been a fundamental approach for adapting
pre-trained models to specific downstream tasks. Conventionally, this process in-
volves updating the entire set of model parameters. However, with the increase
of models’ number of parameters, often encompassing hundreds of millions or even
billions of parameters, the computational costs associated with full fine-tuning have
become increasingly high.

To mitigate these challenges, recent research has introduced a family of tech-
niques collectively referred to as Parameter-Efficient Fine-Tuning (PEFT). The aim
of PEFT approaches is to adapt large-scale models by modifying only a small sub-
set of their parameters, thus preserving the majority of the pre-trained model while
still achieving competitive performance.

Formally, let us consider a pre-trained model characterized by a parameter set
© = {wy,wy, ..., wy} and a target dataset D. Traditional fine-tuning results in a
task-specific model with parameters O p, defined as:

®D = {(wl)D, (IUQ)D, ceey (wN)D> ceny (wN+M)D} = @/ U (I) (31)

where ©" = {(w1)p, (w2)p, ..., (wn)p} denotes the original model parameters up-
dated on D and ® = {(wn41)p, .-, (Wnia)p} denotes any additional parameters
introduced during fine-tuning. In cases where no new parameters are added, ® = ().
The modification introduced by fine-tuning can be expressed as A©® = {(w;)p —
w; },, which represents the updates on the original model parameters. The subset
of modified weights, denoted by S(A®) includes all parameters for which (w;)p —
w; # 0. In standard full fine-tuning, we have |S(AO)| = |©] = N and ® = (). In
contrast, PEFT approaches aim to minimize the number of trainable parameters
such that:
S(AO) U |P| < |O] (3.2)

Notably, the precise threshold for parameter efficiency remains loosely defined
across the literature [256]. Several criteria have emerged:

o [105] suggest that PEFT implies an order-of-magnitude reduction in trainable
parameters, such that |S(A®) U ®| << |6,
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 [256] describe PEFT methods as those that require only a “small set” of
parameters to be updated during adaptation,

o In practice, most PEFT implementations restrict the trainable amount of
parameters to less than 2% of the model’s original ones [183, 354, 186, 475].

PEFT methods originate in Computer Vision, where convolutional residual
modules are introduced to enable fine-tuning [385, 384, 399] on visual models
such as ResNet [162] and VGG [420]. These methods incorporate small convo-
lutional layers to reduce the number of trainable parameters during fine-tuning
while preserving performance. The first approach in NLP is introduced by Houlsby
et al. [183], who propose low-rank residual adapters to fine-tune BERT [102] across
multiple text classification tasks. Their findings show that it was possible to fine-
tune only a fraction of the total parameters while maintaining strong performance.
Building on this insight, further studies show that overparameterized models, such
as BERT [367], often work within a lower intrinsic dimensional space [245]. This
led to the hypothesis that weight updates during fine-tuning also lie in a low-rank
subspace. This concept is further developed and empirically validated by [186].

Since these foundational works, PEFT methods have expanded significantly
Recently, PEFT methods have been extended beyond text-based models to fine-
tune Large Language Models (LLMs) [519], Vision Transformers (ViTs) [169], and
diffusion models [488]. Additionally, research has explored PEFT techniques for
Vision-Language Models (VLMs) [207, 84], further showing the versatility and ap-
plicability of these approaches across various modalities.

In this survey, we focus on PEFT approaches that have been applied to at least
one NLP-related task. While many of the underlying principles are transferable to
other domains, our emphasis remains on methods tailored for language models. In
what follows, we offer a comprehensive taxonomy of PEFT techniques along with
a detailed synthesis of their motivations and empirical evaluations.

3.3.2 What criteria are used to classify and distinguish dif-
ferent PEFT approaches?

Building on formal definitions introduced in Section 3.3.1, PEFT techniques
can be broadly categorized into four methodological classes, based on how they
constrain or modify the trainable parameter space. This classification draws upon
recent efforts to systematize the field [256] and serves as a foundation for the tax-
onomy adopted in this survey:

1. Additive methods: these approaches introduce additional trainable pa-
rameters or layers into the model while keeping the pre-trained parameters
frozen. Only the newly added parameters are optimized during fine-tuning,

ie. M>1, d+£0, S(AO) = 0.
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Figure 3.2: Taxonomy of PEFT

2. Selective methods: these methods require the training of only a small
subset of the original model parameters, i.e. M =0, ® =0, N > |S(AO)| >

1.
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3. Reparametrization-based methods: these approaches decompose origi-
nal model parameters into low rank matrices, which are then trained during
the fine-tuning process. Let W C © denote the set of parameters to be
reparametrized. If each w; € W is reparametrized with a new set of pa-
rameters R(w;) = {uy,...,uy;}, the updated parameter set is expressed as

®= U R(w). It is worth noting that A # () because a subset of original
=1, €W

model parameters is modified by ¢. However, A0 # ¢ but |Af] = |¢] << N.

4. Hybrid methods: these methods integrate components from different
PEFT approaches, allowing flexible combinations of additive, selective, and
reparametrized techniques. For example, UniPELT [305] combines additive,
selective and reparametrization-based strategies. Alternatively, Compacter
[217] applies reparametrization to newly introduced parameters. Thus, their
formal definition can vary depending on the way existing approaches are com-
bined. For example, in UNIPELT [305] A0 # 0, ¢ #+ () and

¢ = {(wns1)p, s (wnya)p} U R(wi). (3.3)

i=1w,eW

To facilitate the reader’s understanding of the design space, Figure 3.2 presents
a visual taxonomy of the PEFT methods included in this review.

These groups reflect the different ways in which PEFT approaches reduce train-
able parameter counts, either by appending new modules, selecting a subset of
existing parameters, reparametrizing internal structures, or combining multiple
strategies.

3.3.3 What are the key design choices and components that
characterize PEFT methods?

In this section, we examine each PEFT category in detail, outlining its concep-
tual foundations, representative implementations, and formal characteristics.

Additive Methods

Additive methods keep the pre-trained model intact while introducing a small
set of trainable parameters within the model’s architecture. During the fine-tuning
process for a specific downstream task, only these additional parameters are up-
dated. By keeping the original network parameters fixed, a high degree of parameter
sharing is achieved across different tasks, preserving previously learned knowledge.
Within this category, two major subclasses have emerged: adapter-based and soft
prompts methods.
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Figure 3.3: Examples of adapter architectures: on the left, Houlsby and Pfeiffer
adapters; on the right, the most popular configuration of a bottleneck adapter layer.

Adapter-based Methods Adapters are introduced by [183]. As shown in Fig-
ure 3.3, an adapter is composed of two linear layers, the so-called down and up
projections, along with an internal residual connection, and is inserted into each
transformer layer after both the attention and feed-forward layers. The adapters
are applied directly to the output of these layers before the addition of the skip
connection, and the adapter’s output is then passed to a normalization layer, which
is updated during fine-tuning. A key aspect of the design is the near-identity initial-
ization of the linear layers, which ensures that, at the beginning of training, adapter
modules approximate an identity function. Together with the internal residual con-
nection, this initialization strategy allows the model to adapt to new tasks while
preserving previously learned knowledge.

The architecture of adapters follows a bottleneck structure: the d-dimensional
features of the pre-trained model are first projected into a lower-dimensional space
of size r by the down-projection weight matrix. A nonlinearity is then applied,
followed by an up-projection back to the original dimension d. The total number
of parameters added per layer, including biases, is 2rd + d + r. By setting r much
smaller than d, the added parameters per task typically remain below 1%. Formally,
given a d-dimensional input z, the output of an adapter with residual connection
is:

Adapter(x) = LN(x + Wy * (a(Wp * x))) (3.4)

where LN is the normalization layer, Wy € R?*" is the up-projection weight ma-
trix, Wp € R"™ is the down-projection weight matrix, and o is the activation
function (usually GeLU [173]). The bottleneck dimension r controls the trade-off
between adaptation capacity and parameter efficiency: larger values of r generally
improve task performance, whereas smaller values reduce the number of additional
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parameters [67].

While adapters are highly effective in introducing task-specific capacity with
minimal parameter overhead, they nonetheless introduce a small increase in model
size and inference latency. Each Transformer layer receives additional computations
due to the down- and up-projection operations, and although these computations
are lightweight compared to full fine-tuning, they are repeated for every layer in the
network [401]. Consequently, for very deep transformers, this cumulative overhead
can become non-negligible, especially under limited computational resources.

Building upon the architecture proposed by [183], [353] introduced a more
parameter-efficient adapter design that follows the same bottleneck but inserts
adapters only after feed-forward layers, omitting their placement after attention
layers. This configuration reduces the number of trainable parameters by 50%
compared to the original design while maintaining comparable downstream perfor-
mance. Motivated by this enhanced efficiency, subsequent studies have proposed
various architectural adaptations to further reduce overhead and improve general-
ization.

Parallel Adapters [161], CIAT [539] and CoDA [240] reframe adapters as paral-
lel side networks to control feature interference or introduce conditional processing
pathways. Other methods focus on improving adapter efficiency, for example Adap-
terDrop [401] removes lower-layer adapters during training and inference to reduce
computational cost, while Adaptable Adapters [320] learn to activate only the most
beneficial adapter layers. Further, AdaKron [47] optimizes the down-projection
layer by decomposing it into two smaller networks multiplied by the Kronecker
product, while Hadamard Adapter [80] introduces a variant based on element-wise
linear transformation using Hadamard products. AdapterBias [127] proposes an
approach in which only a token-dependent vector and a linear transformation are
learned to shift the hidden representations of the Transformer, significantly reduc-
ing adaptation complexity. Tiny Attention Adapter [530] incorporates an attention
mechanism into the adapter, allowing token-level embedding updates to capture
contextual information more effectively.

Adapters can be used to integrate structured external knowledge into the model.
For example, KPE [531] and Known-Adapter [332] and KnowLA [288] integrate
triple embeddings from an external knowledge graph to improve Question Answer-
ing [312, 437] and Named Entity Recognition [408, 366] performance.

Adapter-based methods have also been extended to cross-lingual transfer learn-
ing. MAD-X [355] introduces a modular framework that separately trains and com-
bines language, task, and adapters to enable adaptation across languages. Language
adapters capture typological features, task adapters encode task-specific knowledge,
and a new type of adapters, referred to as an invertible adapter, aligns represen-
tations between them. In contrast, MAD-G [12] dynamically generates language
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adapters using Contextual Parameter Generation [360], allowing zero-shot trans-
fer to previously unseen languages with reduced training and parameter require-
ments. Subsequent methods further build on these foundations. Inspired by MAD-
X, UDAPTER [303] follows a two-step procedure: a domain adapter is first trained
to extract domain-invariant features, and a task adapter is then stacked to enhance
specialization. Target Language-Ready (TLR) adapters [345] address compatibil-
ity issues between independently trained task and language adapters by jointly
exposing task adapters to target languages during training, enhancing cross-lingual
alignment during inference.

To facilitate multi-task adaptation, a variety of methods extend adapter-based
architectures with mechanisms for sharing or merging task-specific knowledge. In
the literature, there are two main strategies: two main strategies have emerged: the
first trains a different adapter for each task and then merges them at inference time,
such as AdapterFusion [353] and AdapterSoup [86]; the second relies on an external
hypernetwork that generates adapter weights conditioned on the task description.
AdapterFusion [353] introduces an attention-based fusion module that aggregates
information from multiple adapters. Similarly, AdapterSoup [86] performs simple
averaging of adapters trained on different domains. MerA [167] leverages optimal
transport to merge pre-trained adapters based on their weight and activation sim-
ilarity. In contrast, Hyperformer [300], LayerConnect [418] Hyperdecoders [198]
rely on hypernetworks that dynamically generate adapter weights conditioned on
task or layer embeddings. While Hyperformer and LayerConnect condition adapter
generation globally, Hyperdecoders generate instance-specific weights per input.

Finally, recent works, such as PHA [529], Inspirational Pointer [285],
SCALEARN [126] and ADAPTERS MIXUP [329] expand adapter learning to
curriculum-based training, prototype matching, pointer mechanisms, and mixup-
style regularization.

Soft-prompt Prompting techniques for language models aim to influence model
behaviour through structured input text. Traditional prompting methods [375, 272]
(called discrete prompting) rely on input sequences that include a task description
and a few in-context examples. However, such methods are inherently limited by
input length constraints and are challenging to optimize and they are very sensitive
to variations in the prompt. To overcome these limitations, researchers introduce
Soft Prompts, which are continuous, trainable embeddings prepended to the model
input, to shift prompt design from a discrete formulation to a differentiable op-
timization task. Soft-prompts are typically optimized via gradient descent and
integrated into the input embedding layer of pre-trained language models.
Consider a task with input X (context) and output Y (target), modelled by
an autoregressive language model py(y|r). Let z = [z;y] denote the combined
input-output sequence. For token index i, the activation h; is a concatenation of
representations across all layers: h; = [hl;...; h?], where h? is the activation at the
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j-th layer. The model produces:
hi = LMy(2, h<i), (3.5)

with the final activation used to generate the next token.
Prefix-tuning [253] modifies this structure by prepending a prefix vector, pro-
ducing z = [PREFIX;x;y|. The prefix activations, stored in a trainable matrix
Py € RlPiaslxdim(hi) - where Py, denote the sequence of prefix indices and | Piaz| is
the length of the prefix, serve as input for prefix tokens:
e {Pm ) if i € P, 56
LM, (2, he;) otherwise.

The training objective is the same as Equation 2.7, but only v parameters are
updated during training; the language model weights p remain fixed. It is worth
noting that even for ¢ ¢ P,y,, prefix activations influence the output due to their
presence in the left context.

Inspired by Prefix-Tuning, Prompt Tuning [242] and P-Tuning [277] apply learn-
able vectors only at the word embedding layer, whereas p-Tuning v2 [278] removes
reparametrization and scales across larger models and tasks. Context-sensitive ex-
tensions include IDPG [492], LPT [276] and SPT [537], which generate prompts
dynamically per input using external prompt generators. APrompt [470] modifies
the attention mechanism by learning prompts for the query, key, and value matrices.

Prefix Tuning Prefix Propagation PTP
Trainable
f—\‘ fﬁ‘ Gradient V,
[t & & Frozen
b b
Transformer Lays Transformer Layer Input Embeddings E,
Continuous Space (,)
| | o Perturb to E,
}—'—l—l #_L‘_l_l_’ Promnt Embeddi E\ S = [5hy8hyere Discrete Space d
Transformer Layer Transformer Layer rompt Bmogdding Lt A LD Perturb to s
Input Sequence s

Figure 3.4: Examples of soft-prompts approaches: Prefix Tuning, Prefix Propaga-
tion and PTP.

Prefix Propagation [246] conditions prefixes on previous hidden states to enable
sequential adaptation. Prefix Subspaces [117] learn a subspace of prefixes instead
of a fixed vector, supporting interpolation and improving few-shot generalization.
Residual Prompt Tuning [383] adds shallow residual networks over the prompt
vector, while Adaptive Prefix-Tuning (APT) [527] employs gating mechanisms to
modulate prefix components based on input context. XPrompt [291] identifies the
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gap between prompt tuning and full fine-tuning in models under 11B parameters
and introduces structured pruning to discard ineffective prompt tokens.

As with adapter-based methods, prompt-based approaches can also be extended
to multi-task settings by using external networks or hypernetworks to generate
or refine prompts, this category includes Hyper-Prefix [357], HyperPrompt [170],
HyperPELT [528], IAPT [538], and BBT/ BBT v2 BBT [432, 431]. Otherwise,
multi-task tuning is addressed by MPT [476] and ModularPT [68], while tasks like
code understanding or controlled generation motivate task-specific prompt methods
such as PIP [460], Pass-Tuning [73], PRO-CS [20], ACCEPT [261] and VIP [421,
214].

Despite their promise, soft prompt methods often suffer from training instability
and slow convergence. Empirical studies [429, 193] show that soft prompts require
much more training time compared to full fine tuning to converge. To mitigate this,
Transferable Prompt Tuning (TPT) [429] initializes prompts from those trained on
similar tasks. SPoT [457] follows a similar approach, transferring prompts across
tasks. [193] additionally introduce the concept of "partial LLMs", i.e. smaller
versions of PLMs created via layer pruning, and show that soft prompts trained
on smaller models can be transferred to full-sized models. Their Fast Prompt
Tuning (FPT) procedure begins with soft prompt training on a partial model and
incrementally restores layers, achieving comparable results with 30% fewer FLOPs.

Recent works have also explored strategies for learning stable and information-
rich prompts. InfoPrompt [487] introduces two loss terms, Head and Represen-
tation loss, designed to maximize mutual information [153, 362] between prompts
and either classifier parameters or PLM representations. To address instability, [71]
propose Prompt Tuning with Perturbation-based Regularizer (PTP), which applies
perturbations in both discrete (text) and continuous (embedding) spaces (Figure
3.4). Similarly, Intrinsic Prompt Tuning (IPT) [372] learns a low-dimensional sub-
space for prompt parameters by decomposing the prompt matrix using encoder-
decoder projections, inspired by auto-encoding strategies [43]. Finally, Meta-
learning strategies such as MetaPrompting [182], SUPMER [341], and PPT [145]
combine few-shot learning with meta-optimization [121, 331].

Like adapters, soft prompts are additive PEFT methods; however, unlike dis-
crete prompting, they require gradient-based optimization over continuous embed-
dings, which can introduce training instability [431]. Because the language model
parameters remain frozen, the expressive capacity of the adaptation is constrained
to the relatively small prompt embedding space, which may limit effectiveness
on tasks requiring deeper modifications to internal representations. Furthermore,
prompt tuning often exhibits sensitivity to initialization and prompt length, re-
quiring careful hyperparameter selection to achieve competitive performance [242].
Another practical limitation arises from the position of prompts in the input se-
quence: since prompt tokens are prepended to the model input, they consume part
of the available context window, which can become problematic in tasks involving

40



3.3 — Results

long sequences. From a computational perspective, soft prompts introduce minimal
additional parameters and negligible runtime overhead, since they operate primarily
at the embedding level. However, their limited capacity to influence deeper layers of
the network has motivated several hybrid approaches that combine prompt-based
conditioning with internal architectural modifications.

Adapter and Soft Prompt Combinations Several approaches have explored
the integration of adapter-based and soft prompt-based fine-tuning techniques, aim-
ing to combine their respective advantages. One such method is Inducer-Tuning,
proposed by [78], which leverages the residual outputs of adapter modules to en-
hance initialization in prefix-tuning. Inducer-Tuning introduces adaptive inducers,
which adopt the structural characteristics of adapters, enabling a stable and expres-
sive combination of additive fine-tuning mechanisms within a unified framework.

Despite the potential benefits of such hybrid designs, combining prompts and
adapters also introduces additional complexity in both optimization and architec-
ture design. When prompts and adapters are both employed, the overall parame-
ter efficiency advantage may diminish slightly, particularly in multi-task scenarios
where separate prompts and adapters must be maintained for each task. Conse-
quently, while hybrid approaches offer promising flexibility, careful consideration is
required to balance parameter efficiency and training stability. It is worth noting
that, at present, we identify only one approach in this class, but we retain the cat-
egory because it may become more relevant as combinations of adapters and soft
prompts continue to develop.

Other Additive Approaches Beyond adapters and soft prompts, several addi-
tive PEFT strategies have been proposed, offering distinct mechanisms to efficiently
adapt large language models without modifying pre-trained parameters. One no-
table example is (IA)? [270], which introduces three learnable vectors I, € R%,
l, € R%, [; € R to rescale the key, value, and FFN activations, respectively. The
(TA)? method can be summarised with the following equations defined to update
the Self Attention (SA) and FFN parameters:

_ QU © KT)
SA = Softmaa:(T)(lv oV) (3.7)

where o is a non-linearity function, x in the input vector to the FFN layer, W, »
are the weight matrices in a FFN layer and ® is the Hadamard product.

To reduce memory consumption, LST [433] eliminates the need for backpropa-
gation through the fine-tuned layers by introducing a ladder-side network external
to the model backbone. In contrast, Inference-Time Policy Adapter (IPA) [286]

41



Parameter Efficient Approaches for Training Large Language Models: a Systematic Review

utilizes reinforcement learning to train a lightweight adapter that operates dur-
ing decoding, guiding generation toward user-defined objectives without modifying
model parameters.

Several approaches target token-specific or structure-aware adaptation. PASTA
[502] fine-tunes only the hidden representations of special tokens, such as [SEP]
and [CLS] in BERT, by adding a trainable vector, resulting in efficient specializa-
tion without altering other representations. Dimensionality Augmentation (DimA)
[524] proposes expanding the intermediate dimension in attention and feed-forward
computations to increase representational capacity without increasing the number
of layers.

Representation Editing (RED) [489] offers a minimal approach to modifying
FFN outputs by inserting two trainable vectors, lscaiing and lyis, at the position
typically occupied by adapters. The resulting edited representation is computed
as:

h2 = lscaling O] hl + lbiasa (39)

where hy is the FFN output and hy is the edited hidden state. SLaSh [149] intro-
duces an efficient additive strategy by inserting task-specific parameters at multiple
Transformer layers, where each set of parameters is derived from fixed random pro-
jections of a single trainable vector.

Selective Methods

Selective PEFT techniques aim to fine-tune only a small, well-defined sub-
set of a model’s original parameters. Let S(AO), as defined in Section 3.3.1,
represent the set of updated parameters during fine-tuning. A binary mask
M = {my,ms,...,my} is applied such that m; = 1 if the corresponding parameter
w; is trainable, i.e. w; € S(AO), and m; = 0 otherwise, indicating the parameter
remains frozen. This setup allows selective methods to control fine-tuning granu-
larity either through predefined structural rules or via data-driven learning of the
mask. Following previous works [155], we split the category into two subclasses:
structural and unstructural approaches.

Structural Masking Structural selection approaches apply rule-based criteria
to determine which parameters to update. A simple and widely used technique
is to fine-tune only the top layers of the model (e.g., the last two layers [109]).
BitFit [31] updates only the model’s bias terms, modifying fewer than 0.1% of
total model’s parameters while achieving comparable performance to both full fine-
tuning and adapters. S-BitFit [238] refines this approach by pruning a subset
of biases [317], thereby reducing parameter count. Xattn Tuning [137] restricts
training to cross-attention layers for Machine Translation tasks [370]. A particularly
notable structural approach is Freeze-And-Reconfigure (FAR) [458], designed for
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compact models such as DistilBERT [409]. FAR identifies "learner" and "non-
learner" nodes during a priming phase, based on an L;-norm importance criterion,
and then reconfigures the model to separate frozen and trainable nodes for improved
memory efficiency. A problem related to this class is that we need to choose a priori
a set of trainable parameters, which could depends on the model architecture or
the task or the domain we are working on.

Structural Masking Unstructural Masking

Top2 BitFit

[T T TTTI]

Trainable

. Frozen

Figure 3.5: Examples of selective methods: on the left Structural (Top2 and BitFit)
and on the right an example of Unstructural Masking.

Unstructural Masking In contrast, unstructured selection methods learn bi-
nary masks dynamically based on optimization objectives or statistical measures
of parameter importance. DiffPruning [148] introduces a differentiable approxima-
tion of the Ly-norm to regularize a learnable binary mask applied to model weights.
Pruning-and-Finetuning (PaFi) [258] selects trainable parameters task-agnostically,
using the same precomputed mask across multiple downstream tasks. Notably, its
mask generation is data-less, requiring no task-specific data. Similarly, FISH [434]
and its extension FISH-DIP use approximations of the Fisher Information Matrix
[123, 10] to rank parameters by importance [233, 3]. Child-Tuning [499] implements
selective backpropagation by masking gradients outside a predefined subnetwork.
After identifying an effective parameter subset for a specific task, Lottery Ticket
Sparse Fine-Tuning (LT-SFT) [11] rewinds the model to its pre-trained initialisa-
tion and re-trains only the most influential parameters, inspired by the Lottery
Ticket Hypothesis [124, 239, 535, 302, 368]. Different from the Lottery Ticket Hy-
pothesis, Task-aware Grafting [342] does not require re-training. U-BitFit [238]
further improves the selectivity of S-BitFit by allowing updates only to selected
components within each bias vector.

Several recent works address the complexity of optimal parameter selection.
Recognizing it as an NP-hard problem [128], the Second-order Approximation
Method (SAM) [128] approximates the original objective with an analytically solv-
able function. BayesTune [232] applies a sparse Laplace prior over model weights,
using posterior inference to determine which parameters are most informative to
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update. Similarly, Sparse High-Rank Adapters (SHiRA) [34] explores three mask-
ing strategies, including Random Masking, further analysed by [497], to identify
subsets that require training only 1-2% of total model parameters.

While selective parameter tuning offers an intuitive and highly parameter-
efficient approach to adapting large language models, it also introduces several
methodological and practical challenges. By restricting updates to a small sub-
set of the original model parameters, selective methods significantly reduce the
number of trainable weights and preserve most of the pre-trained model structure.
However, identifying which parameters should be updated is inherently difficult,
as the optimal subset of trainable parameters depends strongly on both the model
architecture and the downstream task. In practice, many approaches rely either
on heuristic structural rules, such as updating only top layers or bias terms, or
on statistical importance measures derived from gradients or approximations of
parameter sensitivity [31]. While these strategies can achieve strong parameter
efficiency, they may also lead to suboptimal adaptation if the selected parameters
do not adequately capture task-specific knowledge. Another limitation of selective
approaches arises from their dependence on accurate parameter importance estima-
tion. Methods based on gradient statistics, Fisher Information approximations, or
differentiable masking require additional computations during the selection phase,
which may offset part of the computational savings achieved during fine-tuning
(148, 434].

Selective fine-tuning can introduce challenges in multi-task or continual learning
settings, where different tasks may require distinct parameter subsets, potentially
leading to conflicting updates or fragmentation of trainable parameters across tasks.
Despite these limitations, selective methods remain attractive due to their concep-
tual simplicity and minimal memory overhead. Unlike additive approaches such
as adapters or prompts, they do not introduce additional modules or embeddings,
allowing the base model architecture to remain unchanged.

Reparametrization-Based Methods

Reparametrization methods are motivated by the hypothesis that parameter up-
dates during fine-tuning reside in a low-dimensional subspace [5]. These methods
aim to reduce the number of trainable parameters by constraining weight updates
to structured forms, most commonly using low-rank decomposition. These ap-
proaches can be split into two subclasses: one that fixes the rank of the low-rank
decomposition matrices and one that learns and changes the optimal rank during
the training.

Static Rank LoRA [186] formulates the update to a frozen weight matrix W €
R™>* as AW = BA, where B € R”", A € R™* and r << min(d, k) is the rank
of matrix BA. The matrices A and B are trained while W remains frozen. So, the
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updated weights are:
Wapdate = W + AW = W + BA. (3.10)

Variants such as VeRA [234] fix the matrices A and B as random and shared across
layers and define the weight updates as:

AW = AyBAA, (3.11)

where the scaling vectors b and d are the only trainable parameters and are applied
via diagonal matrices A, and A,. TiedLoRA [392] generalizes VeRA by training
both matrices and scaling vectors, and AFLoRA [282] further introduces a score
to freeze stable parameters during training. DoRA [275] decouples magnitude and
direction in weight updates using normalized low-rank matrices.

To improve efficiency of the approach and reduce the number of trainable param-
eters, the update of the weight matrices can be parametrized by relying on different
matrix decompositions, one of the most popular is Singular Value Decomposition
(SVD) [1]. For example, CorDA [503], LaMDa [15], PISSA [310], SVFT [268] and
Spectral [514] rely on SVD to structure the decomposition of updates. Otherwise,
several methods incorporate spectral transformations: RLoRA [241], FouRA [41]
and FourierF'T [134] rely on the Fourier Transformation or its generalized versions,
such as Walsh-Hadamard Transform [400]. Other approaches focus on decompos-
ing the updates in a chain of matrices or in sub-matrices. For example, PRoLoRA
[472] slices the low-rank matrices into chunks along the hidden dimension and uses
rotation to increase expressiveness without increasing parameter count. DeepLoRA
[506] models the update as a chain of matrix products requiring more trainable pa-
rameters compared to LoRA, but being more robust to the choice of rank. MeLoRA
[391] ensembles mini-LoRA blocks to achieve higher rank without increasing total
parameters. VB-LoRA [254] decomposes the update AW as the sum of the outer
product of rank-one vectors, which are further represented as a concatenation of
sub-vectors.

Alternative decompositions, which aim to reduce the number of trainable pa-
rameters, include the Kronecker product [171] in KronA [113] and the Tensor
Train (TT) product [339] in LoRETTA [504]. SURM [414] proposes unrestricted
structured matrices such as Kronecker and low displacement rank matrices (e.g.,
Toeplitz, circulant), which allow fewer parameters without requiring low rank.

Several approaches focus on enhancing adaptation with additional seman-
tic information. NLoPT [142] integrates LoRA-based task-adaptive pretraining
with task-specific n-gram fusion via mutual information. HyperLoRA [290] and
PARA[281] apply hypernetworks [300] to generate LoRA parameters dynamically.

A subset of static rank approaches focus on the optimization aspect and on
how to optimize the gradients updated effectively. For example, LongLLoRA [79] re-
places the attention weights with shifted sparse attention for context extension. It
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combines LoRA with trainable embeddings and normalization to save computation
in long-context scenarios. LoRAGA [471] improves initialization by aligning low-
rank updates with the full gradient direction via eigenvector-based initialization.
LoRA+ [160] provides learning rate guidance based on scaling theory. Fast LoRA
(FLORA) [480] allows each example in a minibatch to have its unique low-rank
adapters, facilitating efficient batching, while FLORA [158] (from LoRA to high-
rank updates) relies on a novel optimization technique based on sublinear memory
for gradient accumulation and momentum calculation. ReLoRA [257] increases
update rank by reinitializing and merging LoRA matrices during training. Opti-
mization stability is maintained via partial reset of optimizer state and learning rate
warmup. Similarly, LoORASC [252] employs sequential LoRA expert training, where
each expert is merged into the base model after one epoch and learns from the resid-
ual of the previous expert’s output. WGLora [263] decomposes pre-trained weights
into magnitude and direction components, and projects gradients into a low-rank
space, reducing memory usage while maintaining gradient statistics. C-LoRA [210]
employs derivative-free optimization methods [393, 371], i.e. without relying on the
back-propagation, to optimize low-rank modules at each layer alternately.

Static Rank Dynamic Rank
LoRA VeRA ALORA
h h h
B=0 B=N(0,0%)
o+
Wy € R¥>* » Wo € R™* d=1 Wp € R¥**
A= N0, \;_V(""’) A= N0,
d \/ d d

Figure 3.6: Examples of reparametrized methods: on the left Static Rank (LoR
and VeRA) and on the right an example of Dynamic Rank (ALoRA).

Dynamic Rank All the previously described LoRA-based methods treat the
rank r as a fixed hyperparameter. However, recent studies [518; 452, 106] show
that LoRA’s is still constrained by its inflexibility in selecting the optimal rank r.
Unlike continuous hyperparameters, such as the learning rate, which can be tuned
adaptively during the training process, the LoRA rank takes discrete values, and
its change will directly alter the model structure. If the rank is set too low, the
update may lack sufficient expressive capacity to capture task-specific adaptations;
conversely, larger ranks increase memory consumption and computational cost, par-
tially reducing the efficiency gains of the approach [452]. Choosing an excessively
large rank can increase training time and computational cost, whereas setting the
rank too low may degrade performance. This challenge has motivated the devel-
opment of dynamic-rank variants that adaptively allocate rank during training,
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although these solutions typically introduce additional optimization complexity.

The first proposed approach that introduces a dynamic rank is AdaLoRA [518],
which iteratively prune singular values in correspondence to their importance score
during training. Based on AdalLoRA findings, SoRA [106] defines a maximum
rank, with a trainable sparse gating vector controlling rank during training, while
DyLoRA [452] samples the rank at each step from a categorical distribution and
truncates A and B accordingly and ERAT-DLoRA [287] enhances this with a dy-
namic start range. Finally, more recent approaches rely on external architectures to
determine the optimal rank, although this comes at the cost of additional compu-
tational overhead. For example, ALoRA [280] formulates rank selection as neural
architecture search [481], learning gate units that prune or reallocate ranks. Simi-
larly, SalientLoRA [228] constructs a dependency graph of singular values to assign
salience scores for rank selection. CapaBoost [427] integrates multiple rank masks
with LoRA weights to increase update capacity. AutoLoRA [520] defines the update
as a weighted sum of rank-1 matrices, optimizing their weights using meta-learning
[121].

Others Several methods extend reparametrized approaches with task-specific ar-
chitectural elements without relying on a low-rank decomposition as defined in
Equation (3.10). GloC [438] introduces latent controller units across layers for
bi-directional interaction with frozen representations. QuanTA [81] applies ten-
sor algebra inspired by quantum circuits for efficient high-rank adaptation. RoAD
[259] focuses on rotating subspaces of hidden representations, based on the finding
that fine-tuning primarily alters angular, not magnitude, components. Kernel-mix
[77] adapts kernel structures within attention by re-weighting value components.
MuScleLoRA [493] protects against backdoor attacks [75] by integrating frequency-
based radial scalings into LoRA, aligning gradients for robust updates. HiFi [147]
uses graph analysis to rank attention heads by task relevance, selecting a subset
via PageRank for fine-tuning.

Hybrid Methods

Hybrid methods integrate various PEFT techniques to combine the strengths
of different approaches in a unified framework. Hybrid methods can be grouped
into five different categories based on which approaches are combined. Four cate-
gories are previously defined in the literature [256] based on which approaches are
combined: Additive + Selective, Additive + Reparametrized, Reparametrized +
Selective and Additive + Selective + Reparametrized. We introduce a new cate-
gory, the so-called Mixture of Experts-enhanced, which groups all the approaches
that combine a Mixture of Experts (MoE) architecture with a PEFT approach. We
introduce this new category in response to the growing number of PEFT approaches
built on Mixture-of-Experts architectures, and we classify it as hybrid because they
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integrate a well-known architecture within a PEFT approach.

Additive 4+ Selective The methods in this category propose an Additive ap-
proach combined with a selective technique to reduce the number of trainable pa-
rameters. For example, Sparse Adapter [168] prunes adapters at the initialization
step, deleting the redundant parameters at the early stage and avoiding the time-
consuming iterative pruning process. Similarly, [36] propose an approach to pruning
adapter layers without any iterative fine-tuning of the model parameters on down-
stream tasks by using tropical algebra.

Additive + Reparametrized The methods in this group combine additive
methods, such as Adapter or Prompt approaches, with reparametrized approaches.
These methods are combined in two main ways. In the first, adapter or prompt
parameters are themselves reparametrized through low-rank structures, such as
Compacter [217], LoORETTA Adapter [504] and MixPHM [208], which compute
the adapter’s weight as a sum of Kronecker or Tensors products between low-
dimensional matrices. These approaches aim to combine the high downstream
performances of the adapters while reducing the number of parameters trained
compared with the Houlsby adapter [183]. Similarly, LoPA [200] and DePT [419]
train low-rank matrices to update prompt vectors.

Otherwise, approaches such as UNIPELT [305], HLPT [143] and MAM [161]
combine within a single framework different PEFT models, such as Adapter [183,
354] or Prefix-Tuning [253] and LoRA [186]. While UNIPELT requires the defi-
nition of a Gating Function to select iteratively which parameters to train, MAM
proposes three different variants of combinations, showing that the best one in-
volves using prefix-tuning in the self-attention layer and the adapter in the FFN
layer. A key challenge for this class of methods is how to combine multiple PEFT
mechanisms effectively while preserving overall efficiency and thus not introducing
too many parameters to be trained. To solve this problem, AutoPEFT [534] defines
a search space, which encompasses serial and parallel adapters [183, 354, 168], and
an automatic search algorithm, based on Bayesian optimization [125], to find the
best combination of PEFT methods for achieving the highest overall performance.

Reparametrized + Selective The approaches in this group combine
reparametrized approaches, typically LoRA-based, and then select only a subset
of attention parameters to be trained to further reduce the number of trained pa-
rameters. For example, RoSA [333] and LongExposure [473] create a task-specific
gradient-based sparse mask over the LoRA-updated weights, effectively identifying
the most impactful parameters to update. Similarly, PRILoRA [32], LoRAPrune
[517], Shears [323], DSEE [76] and RoseLoRA [465] apply different pruning strate-
gies to LoRA low-rank matrices. For example, DSEE [76] derives sparse masks by
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selecting the top-magnitude elements in the residual matrix using a thresholding
approach. A different strategy is the combination of Selective and Reparametrized
methods independently. For example, both S-MAM and U-MAM [238] search for
the best combination of BitFit and LoRA, similarly to U-BitFit and S-Bitfit [23§]
previously cited.

Additive + Selective 4+ Reparametrized The approaches in this group
combine all three previously described methods (Additive, Selective and
Reparametrized) in a unique architecture. For example, HiWi [258] selects only
the FFN of a transformer layer and their weights are the input and output of an
external adapter layer. In this way, the FFN parameters are reparametrized with
an output of an external adapter, which is the only trainable component during
the training phase. Sy [69] defines and explores design choices across four di-
mensions, i.e. layer grouping, parameter allocation, tunable groups, and strategy
assignment. S*PET [189], S3—Delta [188] and BIPEFT [63] search for the best
configuration while applying Selective (BitFit [31] and the training of Layer Nor-
malization weights), Adapter-based [183], Reparametrized (LoRA [186]) modules.
While SPPET and S®—Delta define a unified search space where each module is
conditionally activated, BIPEFT disentangles binary module selection from rank
dimension search.

Mixture of Experts-enhanced Given the growing interest in combining
Mixture-of-Experts (MoE) architectures with PEFT methods, we define a new
category: MoE-enhanced PEFT. MoE architectures offer a scalable solution that
preserves computational and parameter efficiency by dynamically activating a sub-
set of specialized experts during inference.

A typical MoE layer [417], originally applied between LSTM layers [177], consists
of a set of experts {E}, Es, ..., £, }, which are lightweight neural modules, and a
Gating network G, which produces a sparse selection vector. For input z, the MoE
output is defined as:

i Gi(z)E;i(x). (3.12)

Experts are often lightweight models, ranging from simple linear projections
[475] to bottleneck architectures [205]. Gating functions are commonly implemented
using Softmax [213], Gumbel-Softmax [299], or task- or domain-specific classifiers
[361], depending on the granularity of routing (at token, sentence, or document
level).

As shown in Figure 3.7, MoE layers have been integrated across diverse PEFT
strategies. For instance, AdaMix [475] introduces MoE in adapter layers, AT-
TEMPT [13] embeds it into soft-prompt tuning, and MoELoRA [273, 274] applies
it to LoRA-based modules. These methods illustrate the adaptability of MoE
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Figure 3.7: Examples of MoE-enhanced PEFT methods: AdaMix, MoELoRA and
ATTEMPT.

within all PEFT approaches. MoE based approaches can be classified based on the
PEFT methods they rely or on the definition of the gating function and how they
train the experts.

Several MoE-enhanced PEFT models extend LoRA by redefining the structure
or routing of its components. LoraRetriever [532] combines two strategies: Mixture
of LoRAs, which aggregates the outputs of task-specific experts, and Fusion of Lo-
RAs, which merges their parameters. AlphalLoRA [373], inspired by MoLA [129],
allocates fewer experts to well-trained layers using Heavy-Tailed Self-Regularization
Theory [307, 306]. MoSLoRA [490] partitions LoRA matrices into subspaces, al-
lowing multiplication of sub-matrix experts. HydraLoRA [445] shares a global A
matrix while routing among multiple B matrices. TSRA [513] treats each LoRA
rank as a separate expert. MiLoRA [515] and FanLoRA [444] take a modular ap-
proach, considering entire LoRA blocks (e.g., @, K, V') as experts, and route using
prompt-aware static mechanisms.

MoE integration extends beyond LoRA. ATTEMPT [13] and MSP [66] define
expert sets of soft prompts trained on diverse tasks. SMoP [85] optimizes sparse
short prompts, each tuned to a specific data region. ESFT [477] selectively tunes
only the most relevant experts per task, freezing others to enhance efficiency.

MoE-enhanced methods also differ by gating mechanisms. MoLE [248] uti-
lizes Gumbel-Softmax [299, 202] for adapter routing, while AdaMix [475] employs
stochastic gating [541]. MEFT [157] activates expert subsets to reduce inference
cost, and MPOE [130] integrates tensor-decomposed experts based on LoRETTA
[504]. MoLoRA and MoV [510] define experts as lightweight modules (e.g., LoRA
or (IA)?), trained in parallel via a shared router. Another design axis concerns
domain- or task-specific routing, such as MixDA [104], which defines domain-
specific adapters. Poly [361] and C-Poly [464] treat task adapters as composable
skill modules, a concept extended in MHR [55] via low-rank parallelism. MoELoRA
[273] builds multiple LoRA experts to enable task-specialization in a unified setup.
MoDULA [293] introduces a universal expert alongside domain-specific ones, while
MoDULA-Res incorporates residual connections to merge general and specific in-
formation paths. MoA [119] assigns experts based on domain metadata using
sequence-level routing. PEMT [267] combines pre-trained adapters with a task-
correlation-based gating mechanism, encoding tasks via prompt vectors. Similarly,
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m-tuning [486] pretrains adapter/prompt experts per task and selects them by mea-
suring similarity to the target task.

3.3.4 Which datasets are most frequently used to evaluate
PEFT techniques across different NLP tasks?

To assess the effectiveness of PEFT methods across diverse NLP tasks, re-
searchers have relied on a set of well-established benchmark datasets. Table 3.2
summarizes the main datasets used in the current PEFT literature. We report the
datasets that have been used at least three times in the reviewed papers. For each
dataset, we report the name, the task it tackles, the number of training, validation
and test data and, finally, the metrics used to evaluate.

GLUE The General Language Understanding Evaluation (GLUE) benchmark
[461] includes eight NLU tasks spanning linguistic acceptability (CoLA [478]), senti-
ment analysis (SST-2 [423]), paraphrase detection (MRPC [108], STS-B [61], QQP),
and natural language inference (MNLI [482], QNLI [381], RTE [96, 21, 138, 33]).
Most studies, [183, 102, 186, 520] to name a few, do not include the WNLI dataset
[243] as there are issues with the construction of this dataset such that BERT-
like models do not outperform the majority baseline.! The main issue with GLUE
datasets is that the test sets are not publicly available but are hidden [461]. To eval-
uate a model on the GLUE test sets, researchers have to submit their predictions
on the GLUE form 2, with a limited number of submissions. For these reasons, a
widely used strategy [475, 353, 186, 500] is to evaluate the proposed approaches on
the validation set, whose labels are publicly available.

SuperGLUE Building on GLUE, SuperGLUE [463] includes harder benchmarks
such as BoolQ [89], MultiRC [229], and ReCoRD [522] for QA; RTE for inference;
WIC [358] for word sense disambiguation; and commonsense reasoning tasks like
CB [100] and WSC [243]. Similarly to GLUE, SuperGLUE test sets are not publicly
available and, for this reason, a widely used strategy [353, 504, 81, 63] is to evaluate
on the validation set.

Question Answering SQuAD v1.1 and v2.0 [382, 380] are the two most popular
datasets for question answering. They consist of questions posed by crowd workers
on a set of Wikipedia articles, where the answer to each question is a segment of
text from the corresponding reading passage. These tasks are treated as a sequence

1See (12) in gluebenchmark.com/faq.
2https://gluebenchmark.com/submit
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labelling problem, where the aim is to predict the probability that each token is
the start and end of the answer span.

Natural Language Generation from Structured Data Common NLG
benchmarks include E2E [338] in the restaurant domain, WebNLG [135] using RDF
triples from DBpedia, and DART [324], which aggregates data from table-to-text
and question generation datasets such as WikiSQL [533], WikiTableQuestions [348].

Commonsense Reasoning In this section, we describe the most popular dataset
on Commonsense Reasoning on which PEFT methods are evaluated. ARC-c and
ARC-e [91] are the Challenge Set and Easy Set datasets, respectively, of grade-
school level, containing multiple-choice science questions. OBQA [312] contains
questions requiring multi-step reasoning, which requires commonsense knowledge
and rich text comprehension. SIQA’s questions [411] are about people’s actions
and their social implications. WinoGrande [405] is a dataset designed for a fill-in-
a-blank task with binary options to choose the right option for a given sentence,
which requires commonsense reasoning. PIQA’s questions [37] have two solutions
requiring physical commonsense. HellaSwag [511] are commonsense NLI questions
including a context and several endings which complete the context.

Text Summarization The most popular Text Summarization datasets are
XSUM [325] and CNN/Daily Mail [174]. In detail, XSUM consists of BBC ar-
ticles and single-sentence summaries, which cover a wide variety of domains, for
example News, Sports, Weather, Science and Arts, to name a few. CNN/Daily
Mail is composed of articles collected starting from April 2007 to April 2015 from
both CNN and Daily Mail. XSum and CNN/Daily Mails have a similar number
of articles in both validation and test sets. However, documents and summaries in
XSum are shorter than CNN and Daily Mail ones, because XSum focuses on the
task of Extreme Summarization in which the summary is a short sentence about
the topic of the news.

Named-Entity Recognition and Semantic Role Labelling CoNLL-2003
[408] is a Named-Entity Recognition (NER) dataset, which covers two languages,
English and German. The English data was taken from the Reuters Corpus. This
corpus consists of Reuters news between 1996 and 1997. The text for the German
data was taken from the ECI Multilingual Text Corpus, in particular, the data are
articles from a German newspaper written in 1992. CoNLL-2004 [60] consists of six
sections of the Wall Street Journal part of the Penn Treebank, which annotates the
Penn Treebank with verb argument structure. In detail, given a sentence, the task
consists of analyzing the propositions expressed by some target verbs of the sen-
tence. In particular, for each target verb, all the constituents in the sentence which
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fill a semantic role of the verb have to be extracted. OntoNotes [366] is a large cor-
pus comprising various genres of text, e.g. news, speech, broadcast and talk shows,
in three languages, i.e. English, Chinese, and Arabic, with structural information,
such as syntax and predicate-argument structure, and shallow semantics, as word
sense linked to an ontology and coreference.

Machine Translation WMT16 is a shared task, which included five machine
translation (MT) tasks (standard news, IT-domain, biomedical, multimodal, pro-
noun). Regarding news translation, there are twelve translation sub-tasks, between
English and each of Czech, German, Finnish, Russian, Romanian, and Turkish.
Since it is one of the most used datasets for evaluating PEFT approaches, we focus
on the sub-task English to Romanian.

3.3.5 What performance metrics are applied to measure
the effectiveness of PEFT approaches?

The metrics used to evaluate PEFT approaches are task-specific:

1. Text Classification: GLUE tasks such as CoLa and STS-B are evaluated
using Matthews’s [308] and Pearson’s [349] correlation, respectively. MRPC
is evaluated using F1 [83]. QQP is evaluated using either F1, as by [183],
or accuracy, as by [186], or both, as by [475]. All the other GLUE tasks are
evaluated using Accuracy [83], as all SUPERGLUE tasks.

2. Question Answering: Question answering tasks are evaluated using Exact
Match (EM) and F1 [83]. For exact match, a prediction receives a score
of 1 if it exactly matches the reference answer and 0 otherwise. Common-

sense reasoning tasks, such as WinoGrande, ARC, PIQA, SIQA, OBQA and
HellaSwag are all evaluated through accuracy.

3. Natural Language Generation: NLG tasks are evaluated using several metrics:
BLEU [344], NIST [107], METEOR [19], ROUGE-L [262], CIDer [455], TER
[422]. BLEU [344] is a precision-based metric commonly used to evaluate the
quality of machine-translated text by comparing n-grams in the generated
text to those in a reference translation. The NIST [107] metric is similar
to BLEU but gives more importance to the rarer, informative n-grams by
weighting them more heavily. METEOR [19] evaluates translations by align-
ing them to reference texts using synonymy, stemming, and paraphrasing,
providing a recall-oriented evaluation. ROUGE-L [262] measures the longest
common subsequence between a generated text and a reference text, capturing
the similarity of sequence structure between them. CIDEr [455] emphasises
precision and also considers term frequency-inverse document frequency (TF-
IDF) weighting to downplay frequent but less informative n-grams. TER
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[422] measures the number of edits (insertions, deletions, substitutions, and
shifts) required to change a system output into one of the references.

All cited metrics must be maximised, except for TER.

Which models are used to evaluate PEFT approaches? And on which
datasets?

In this section, we investigate the pre-trained language model and the dataset
used to evaluate PEFT approaches. The main differences in the evaluation strate-
gies are the pre-trained language model used as a backbone and how to work when
the test set is hidden, as in GLUE. For each dataset described in the previous
paragraph, we report, for all the PEFT approaches evaluated on that dataset, the
pre-trained language model used and, for GLUE and SuperGLUE datasets, if the
evaluation is on the test or validation sets. We report the results of this analysis
in Table 3.3, 3.4 and 3.5 for GLUE, 3.6 and 3.7 for SuperGLUE and 3.8, 3.9, 3.10
for the remaining datasets. In Tables 3.3, 3.4, 3.5, 3.6, and 3.7, the values reported
in the Fvaluated on column indicate the dataset split used for evaluation. This
can correspond to the test set, the development set (denoted as Dev.), or a mixed
setting. The latter refers to cases where results are reported on a validation set,
but, differently from the standard Dewv. setting, the authors construct a custom
validation split from the original training data for hyperparameter tuning [217,
523]. The most commonly adopted mixed evaluation strategy follows Karimi Ma-
habadi, Henderson, and Ruder [217]. In this setting, the authors reserve a subset
of 1k samples from the training set for validation, while the original validation split
is used as the test set. For smaller datasets (e.g., RTE, MRPC, STS-B, CoLA,
COPA, WiC, CB, BoolQ, MultiRC), where the total number of samples is limited,
the original validation set is instead split into two halves, one used for validation
and the other for testing.

GLUE

Which GLUE datasets are most frequently used? Across all PEFT ap-
proaches, SST-2, RTE, MRPC, and QNLI emerge as the most frequently used
benchmarks. In additive approaches, SST-2 and MRPC appear in 85.2% of the
analyzed models, followed by RTE (83.3%) and MNLI (75.9%). Selective and
reparametrized approaches place even greater emphasis on SST-2 (98%), RTE
(90%), QNLI (86%), and MRPC (86%), reflecting a strong focus on core natu-
ral language understanding tasks. Hybrid approaches slightly shift the priority to
RTE (92.5%) and SST-2 (90%), while also including QNLI (87.5%), MRPC (80%),
MNLI (77.5%), and QQP (77.5%). Tasks such as Cola (ranging from 61.1% in
additive to 76% in selective/reparametrized and 65% in hybrid) and STS-B (59.3%
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to 78% and 65%, respectively) are less commonly used, highlighting a general un-
derrepresentation of linguistic acceptability and semantic similarity tasks.

Which PLMs are most frequently used as baselines? Regarding pretrained
language models, RoOBERTa (both base and large) and T5 (especially T5-base) are
the most commonly used baselines, appearing in 36%, 28%, and 24% of models
respectively. BERT-base and BERT-large remain frequently used at 18% and 11%.
More recent large language models, such as LLaMA-2-7B, appear in only 7% of
all approaches, while MPT-7B and DeBERTa-v3-base appear in 4-8% of models.
In detail, LLaMA usage is particularly muted in additive approaches, appearing in
only 1.9% of models, and slightly more in selective /reparametrized (8%) and hybrid
approaches (7.5%). Rarely considered models include Electra, Flan-T5-XL, Bloom-
7B, Mistral-7B, GPT-2, BabyAlI, and Falcon. The limited use of billion-parameter
models is likely due to the high memory and computational cost associated with
adding parameters, defining adapters, and performing training and inference, espe-
cially in additive PEFT approaches.

On which splits are models evaluated? FEvaluation splits are highly variable
across the literature. Among 144 models analyzed across all PEFT approaches,
50.7% report results on the development set, 17.4% on the test set, 31.9% adopt
mixed evaluations. Overall, development sets dominate across all approaches while
test sets are underrepresented due to the required limited number of submissions
on the GLUE platform.

SuperGLUE

Which SuperGLUE datasets are most frequently used? Across all PEFT
approaches, BoolQ clearly emerges as the most frequently used SuperGLUE bench-
mark, appearing in 70.8% of the analysed models. It is followed by RTE (58.5%),
CB (53.8%), and Copa (56.9%), confirming a strong preference for relatively simple
inference and classification tasks. WIC is moderately represented (44.6%), while
WSC appears in only 35.4% of models, despite its importance for coreference reso-
lution. More complex reasoning benchmarks such as MultiRC (40%) and ReCoRD
(33.8%) are comparatively underrepresented, highlighting a general tendency to
avoid tasks requiring multi-hop reasoning and long-context understanding. Over-
all, these trends indicate that, similarly to GLUE, PEFT research on SuperGLUE
prioritizes datasets that are easier to optimize and evaluate, while more challenging
benchmarks are less consistently explored.

Which PLMs are most frequently used as baselines? Across SuperGLUE-
based PEFT methods, encoder-based models such as BERT-base, RoOBERTa (base
and large), and T5 (base and large) remain the dominant backbones, collectively
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accounting for the large majority of approaches. Th-based models are particularly
prominent, appearing in more than half of the analyzed methods, especially in ad-
ditive and hybrid approaches. RoBERTa (base and large) and BERT variants are
also widely adopted as standard baselines. More recent large language models, such
as LLaMA (including LLaMA-2), appear in approximately 20% of the approaches,
primarily within hybrid and reparametrized methods. Despite their growing popu-
larity, their adoption remains limited compared to encoder-based PLMs, likely due
to the higher computational and memory costs associated with adapting large-scale
generative models.

On which splits are models evaluated? Evaluation protocols on SuperGLUE
are heterogeneous across the literature. Among the analyzed models, 53.8% re-
port results on the development set, 15.4% on the test set, and 30.8% adopt mixed
evaluation strategies. Development sets clearly dominate across all approaches,
while test-set evaluations remain limited due to restricted access and leaderboard-
based evaluation. Mixed evaluation protocols are particularly common in hybrid
approaches and often involve re-splitting validation sets for smaller datasets (e.g.,
CB, RTE, WSC) or extracting validation subsets from the training data for larger
tasks. While these strategies enable broader evaluation, they introduce inconsis-
tencies that hinder direct comparison across methods and highlight the need for
more standardized benchmarking practices in SuperGLUE-based PEFT research.

3.3.6 Other Datasets

Which additional datasets beyond GLUE and SuperGLUE are most fre-
quently used? Across the analyzed PEFT approaches, several benchmarks out-
side the GLUE and SuperGLUE datasets are commonly used to evaluate perfor-
mance on a broader set of tasks. Among them, WinoGrande appears most fre-
quently, being used in 27 out of 92 models (about 29%), reflecting the importance
of commonsense reasoning benchmarks. Other frequently used datasets include
E2E and HellaSwag, both appearing in 20% of the models, while SQuAD v1 and
GSM-8K are each used in 20 models (22%). ARC-E/ARC-C, PIQA, and OBQA
are also widely adopted, appearing in 16-17 models (17-18%), while WebNLG and
XSum appear in 13 and 12 models respectively (about 13-14%). Several datasets
appear slightly less often, such as CoNLL03 (11 models, about 12%), DART and
WMT16 En-Ro (8 models each, 9%), and SQuAD v2 (7%). Finally, CoONLL04 and
OntoNotes appear in 4 models each (4%), while IWSLT is rarely used (2%).
Overall, the distribution shows that, compared with GLUE-style sentence-level
classification tasks, PEFT methods are evaluated on a much more heterogeneous
set of benchmarks covering question answering (SQuAD), structured data-to-text
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generation (E2E, DART, WebNLG), summarization (XSum), reasoning and com-
monsense inference (WinoGrande, HellaSwag, ARC, PIQA, SIQA, OBQA), in-
formation extraction (CoNLLO03, CoNLLO04, OntoNotes), and machine translation
(WMT16 En-Ro, IWSLT). As already observed in the previous paragraph, hy-
brid approaches are often evaluated with larger language models. Consequently,
they appear more frequently in benchmarks that emphasize reasoning or complex
generation capabilities, such as commonsense reasoning datasets (e.g., ARC and
PIQA), question answering benchmarks (e.g., SQuAD), and translation tasks (e.g.,
WMT16 and IWSLT), which are typically used to evaluate the capabilities of larger
LLMs. In contrast, GSM-8K does not appear in additive approaches, which are
more commonly applied to smaller pre-trained models with millions rather than bil-
lions of parameters. Similarly, named entity recognition datasets such as CoNLLO03,
CoNLL04, and OntoNotes are not used in hybrid approaches, reflecting the ten-
dency of hybrid methods, often evaluated with billion-parameter LLMs, to focus
on reasoning, generation, and complex language understanding tasks rather than
traditional information extraction benchmarks.

3.4 Efficiency of Parameter-Efficient Fine-
Tuning

Efficiency constitutes one of the primary motivations underlying Parameter-
Efficient Fine-Tuning (PEFT) methods and has been extensively discussed in re-
cent literature [256, 450]. In general terms, efficiency can be interpreted as the
relationship between the computational resources required by a method and the
quality of the results it produces [413]. A method is therefore considered more
efficient if it achieves comparable or superior performance while reducing resource
consumption, such as computation, memory, or training time.

Following Schwartz et al. [413], the overall cost associated with producing a
result R can be expressed as:

Cost(R) x E-D - H, (3.13)

where F denotes the computational cost of processing a single training example,
D is the dataset size, and H represents the number of training runs required for
hyperparameter search. This formulation highlights that efficiency is not solely
determined by the complexity of individual training steps, but also by the broader
experimental process needed to obtain competitive performance. In the context
of PEFT, methods are typically evaluated on shared benchmark datasets; conse-
quently, D can be assumed constant across comparisons. Differences in efficiency
therefore arise primarily from the execution cost per example (E) and the hy-
perparameter search cost (H). The execution cost E depends on several factors,
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including the number of trainable parameters, the computational complexity of for-
ward and backward passes, memory requirements, and training time per iteration.
Among these, the number of trainable parameters represents the only hardware-
independent quantity, whereas the remaining factors depend on the specific com-
putational infrastructure. From this perspective, different PEFT families exhibit
distinct efficiency profiles. Additive approaches, such as adapter-based methods,
introduce additional task-specific parameters through bottleneck architectures. Al-
though these modules are designed to remain lightweight, they typically add be-
tween 0.5% and 4% of the original model parameters, depending on the bottleneck
dimension and insertion strategy. Moreover, since these components remain ac-
tive at inference time, they introduce additional computations, which may result
in an increase in latency. Selective methods represent the most parameter-efficient
class of approaches. Techniques such as BitFit [31] update less than 0.1% of the
model parameters, leading to minimal memory requirements and reduced opti-
mization cost. Because these methods operate directly on existing parameters,
they do not introduce additional modules and therefore preserve both the origi-
nal architecture and inference latency. Furthermore, structural selection strategies
often do not require additional PEFT-specific hyperparameters, simplifying the op-
timization process. In contrast, unstructured masking approaches may introduce
auxiliary parameters associated with learnable masks. Reparametrization-based
methods exhibit similar advantages in terms of inference efficiency. By constrain-
ing updates to low-rank structures, these approaches avoid introducing additional
operations during deployment. In practice, methods such as LoRA typically train
approximately 0.1-0.5% of the total parameters, depending on the chosen rank and
the number of modified layers. This yields a favourable trade-off between param-
eter efficiency and expressive capacity, often outperforming additive approaches
in terms of resource utilization while maintaining strong empirical performance.
Hybrid approaches based on Mixture-of-Experts (MoE) architectures introduce ad-
ditional considerations. These methods incorporate multiple expert modules along
with a gating mechanism, increasing both the number of parameters and the ar-
chitectural complexity. The overall training cost and memory requirements grow
with the number of experts, as multiple modules must be stored and potentially
evaluated. At inference time, the computational overhead depends on the rout-
ing strategy: sparse routing activates only a subset of experts per input, limiting
computational cost, whereas dense routing may significantly increase latency. Con-
sequently, the efficiency of MoE-based PEFT methods depends critically on the
design of the expert configuration and routing mechanism. Beyond computational
aspects, efficiency has also been investigated from an environmental perspective.
The computational requirements of model training translate directly into energy
consumption and associated carbon emissions [256]. The total energy usage depends
on the number of floating-point operations (FLOPs), the hardware employed, and
the overall training duration. Carbon emissions can then be estimated based on
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the energy consumption and the carbon intensity of the energy source. Therefore,
reducing computational complexity, training time, and memory usage can signif-
icantly decrease both energy consumption and CO, emissions. Recent empirical
studies [48] provide quantitative comparisons across PEFT methods. For instance,
when fine-tuning BERT-base on the RTE dataset for a single epoch on an NVIDIA
A100 GPU, LoRA requires approximately 3.09 TFLOPs per epoch, compared to
3.12 TFLOPs for adapter-based configurations. Although the difference is rela-
tively small, it translates into lower training time, memory usage, and environmen-
tal impact. In contrast, hybrid approaches such as AdaMix exhibit substantially
higher computational costs, as they process each batch multiple times, resulting in
increased FLOPs, energy consumption, and emissions.

The second component affecting efficiency, namely the hyperparameter search
cost H, depends on the number of method-specific parameters that must be tuned in
addition to standard optimization hyperparameters (e.g., learning rate, batch size,
number of epochs). Different PEFT families introduce distinct design parameters.
For example, adapter-based methods require selecting the bottleneck dimension,
which directly controls the trade-off between performance and computational over-
head. Common choices in the literature include dimensions such as 64, 128, and
256 [353, 47]. Similarly, reparametrization methods such as LoRA require tuning
the rank parameter, which determines the capacity of the low-rank update. MoE-
based approaches introduce additional hyperparameters, most notably the number
of experts, which influences both model capacity and computational cost.

Overall, these observations highlight the fundamental trade-offs underlying
PEFT design. Selective methods achieve the highest degree of parameter efficiency
with minimal computational overhead, but may be limited in expressive capac-
ity. Reparametrization-based approaches provide a favourable balance between ef-
ficiency and performance, while additive methods offer greater flexibility at the cost
of additional parameters and moderate inference overhead. Finally, MoE-based ap-
proaches increase modelling capacity but introduce additional complexity, making
their efficiency highly dependent on architectural design choices.

3.4.1 Quantization-aware PEFT as an orthogonal efficiency
axis

In addition to the efficiency dimensions discussed above, a parallel line of re-
search has explored the integration of PEFT with weight quantization. In this
survey, we treat quantization-aware PEFT as an orthogonal efficiency axis rather
than a primary dimension of analysis. While PEFT methods reduce the num-
ber of trainable parameters, quantization focuses on compressing the storage and
computation of the frozen backbone. The combination of these two strategies en-
ables further reductions in memory usage, but falls outside the main taxonomy
considered in this review. Therefore, we provide here a brief overview and leave
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a systematic analysis to future work. One prominent example is QLoRA [101],
which combines a frozen low-bit quantized model with low-rank adaptation. Given
a pretrained weight matrix W € R?™* QLoRA first applies a low-bit quantiza-
tion function Q(W), typically in 4-bit precision, while modelling the task-specific
update through a low-rank decomposition:

W'=Q(W)+ AW, AW = BA, (3.14)

where W € Rk B e R™" A e R r < min(d,k). During training, gra-
dients are propagated through the dequantized representation of Q(W), while only
the parameters of A and B are updated. To further reduce memory consumption,
QLoRA introduces several key techniques, including NormalFloat4 (NF4) quantiza-
tion tailored to normally distributed weights and double quantization to compress
quantization constants. These design choices enable the fine-tuning of models with
tens of billions of parameters on a single GPU, substantially lowering hardware
requirements. Quantization-aware PEFT has become increasingly relevant in prac-
tice, as it directly addresses the memory bottlenecks associated with large-scale
models and is supported by widely used PEFT libraries. More broadly, quantiza-
tion and parameter-efficient adaptation can be seen as complementary strategies:
the former reduces the footprint of the frozen backbone, while the latter limits
the number of trainable parameters required for task adaptation. Together, they
enable scalable and resource-efficient fine-tuning under constrained computational
settings. However, a comprehensive treatment of quantized PEFT would require
a dedicated analysis, including specific search criteria, evaluation protocols, and
comparison frameworks. For this reason, we limit our discussion to highlighting
its role as an important complementary direction, and leave a systematic review of
quantization-aware PEFT methods as a promising avenue for future research.

3.5 Discussion and Future Directions

The systematic review reported in this Chapter provides a comprehensive
overview of the rapidly evolving landscape of Parameter-Efficient Fine-Tuning
(PEFT) techniques for Natural Language Processing. By analysing the selected
literature, several recurring trends and methodological patterns emerge, shedding
light on both the progress achieved in recent years and the challenges that remain
open.

A first notable observation concerns the progressive diversification of PEFT
approaches. Early contributions in this field were largely dominated by adapter-
based methods [183, 354], which demonstrated that introducing a small number
of additional parameters is sufficient to effectively adapt large pre-trained models
while preserving their general knowledge. Subsequently, the design space expanded
with the introduction of reparameterization-based techniques, most prominently
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low-rank adaptation methods such as LoRA [186], which further reduced the num-
ber of trainable parameters while maintaining strong empirical performance. More
recently, the literature has increasingly explored hybrid approaches that combine
multiple PEFT mechanisms within a unified framework, such as Compacter [217]
and UniPELT [305]. This evolution reflects a broader shift towards compositional
architectures, where different parameter-efficient strategies are integrated to bal-
ance flexibility, efficiency, and expressiveness. Despite these advances, our analysis
highlights several limitations in current research practices. In particular, the lack
of standardized evaluation protocols remains a major obstacle. Existing studies
often rely on different model backbones, datasets, and experimental configurations,
making direct comparisons between methods difficult. This fragmentation is fur-
ther compounded by the limited range of evaluation metrics typically considered.
While most works report task performance and parameter efficiency, other relevant
aspects, such as training time, inference latency, memory consumption, and envi-
ronmental impact, remain underrepresented in empirical studies. However, these
factors are critical for real-world deployment, especially when PEFT methods are
applied to large-scale models or resource-constrained environments. Another im-
portant limitation concerns the scope of empirical evaluation. Many studies focus
on a relatively small set of benchmark datasets and model architectures, such as
encoder-based models (e.g., BERT') or autoregressive models (e.g., GPT-style archi-
tectures). While this facilitates comparison within specific settings, it also limits
the understanding of how PEFT methods generalize across tasks, domains, and
model families. As a result, the robustness and transferability of many approaches
remain only partially explored. Based on these observations, we identify several
directions that could contribute to the maturation of the field. A primary prior-
ity is the development of standardized evaluation frameworks that enable fair and
reproducible comparisons across methods. In this regard, we propose a unified
benchmarking protocol grounded in widely adopted datasets and model architec-
tures. Specifically, we suggest evaluating PEFT methods on the GLUE development
set using BERT-base and RoBERTa-large, on SuperGLUE development sets using
T5-base, on data-to-text generation tasks such as E2E, DART, and WebNLG using
GPT-2 medium, and on commonsense reasoning benchmarks such as ARC-E/C,
PIQA, and OpenBookQA using LLaMA-2 or LLaMA-3. These choices reflect the
most frequently used configurations identified in our review and therefore facili-
tate comparison with existing work. In addition to task performance, we argue
that future studies should adopt a more comprehensive evaluation protocol that
includes efficiency-related metrics. In particular, each method should report the
number of trainable parameters, training time, inference latency, GPU memory
consumption, and environmental impact, following recent efforts in this direction
[48].  Such a multidimensional evaluation would provide a more realistic assess-
ment of the trade-offs between efficiency and performance. Beyond evaluation,
the literature also points to several promising research directions. The increasing
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interest in hybrid PEFT frameworks suggests a move towards more flexible and
modular adaptation strategies, where different techniques can be combined and
dynamically configured. Similarly, the scalability of PEFT methods to very large
language models remains an active area of research, particularly in conjunction
with complementary techniques such as quantization. Finally, some limitations of
the present review should be acknowledged. Although the systematic search strat-
egy was designed to capture the most relevant studies, it is possible that some
recent contributions or works published outside the selected venues were not in-
cluded. Moreover, the analysis relies on reported experimental results, which may
vary significantly in terms of setup and evaluation criteria. As a consequence, the
conclusions drawn in this study should be interpreted as qualitative trends rather
than definitive quantitative comparisons. Overall, this survey provides a structured
synthesis of current PEFT research and highlights both its rapid progress and its
remaining challenges. As the scale and complexity of language models continue to
grow, parameter-efficient adaptation techniques are likely to play an increasingly
central role in enabling scalable, sustainable, and accessible NLP systems.

3.6 Conclusions

In this Chapter, we systematically reviewed Parameter-Efficient Fine-Tuning
(PEFT) techniques for adapting large language models to NLP tasks. By analyz-
ing research published between 2019 and 2024, we introduced a structured tax-
onomy of PEFT approaches, i.e. including additive methods, selective parameter
updates, reparameterization strategies, and hybrid frameworks, and examined their
underlying design principles, evaluation practices, and application domains. Our
analysis reveals several challenges related to the evaluation protocols. Additionally,
practical considerations such as inference latency, memory footprint, robustness,
and deployment efficiency remain underreported in empirical studies. Our find-
ings should be interpreted in light of the review covering literature covering up
to 2024 and therefore does not include developments in 2025 and early 2026. Fi-
nally, we argue that future progress in PEFT should be assessed not only in terms
of downstream performance or parameter efficiency, but also with respect to re-
producibility, training cost, inference latency and memory usage. Accordingly, we
suggest a unified evaluation protocol to evaluate PEFT approaches under the same
conditions. By clarifying both the methodological landscape and the gaps in cur-
rent evaluation practice, the survey reported in this Chapter aims to guide future
research toward more rigorous, comparable, and practically meaningful advances
in parameter-efficient fine-tuning.
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Corpus Task #Train  #Dev  #Test Metrics
GLUE
Single-Sentence Classification
CoLA Acceptability 8.5k 1k 1k Matthews corr.
SST Sentiment 67k 872 1.8k Accuracy
Pairwise Text Classification
MNLI NLI 393k 20k 20k Accuracy
RTE NLI 2.5k 276 3k Accuracy
QQP Paraphrase 364k 40k 391k Accuracy/F1
MRPC Paraphrase 3.7k 408 1.7k Accuracy
QNLI QA/NLI 108k 57k 5.7k Accuracy
Text Similarity
STS-B Similarity Tk 1.5k 1.4k Pearson corr.
Super GLUE
Question Answering
BoolQ QA 9.4k 3.3k 3.2k Accuracy
MultiRC QA 5.1k 953 1.8k F1,/EM
COPA QA 400 100 500 Accuracy
ReCoRD Multiple-Choice QA 101k 10k 10k F;/EM
Natural Language Inference
CB NLI 250 57 250 Accuracy/F1
RTE NLI 2.5k 278 300 Accuracy
Word Sense Disambiguation
WiC WSD 6k 638 1.4k Accuracy
Coreference Resolution
WSC coeref. 554 104 146 Accuracy
SQuAD
SQuAD v1.1 QA 87.6k 10.6k 9.5k EM/F1
SQuAD v2.0 QA 130.3k  11.9k 8.8k EM/F1
Natural Language Generation from Structured Data
E2E End-to-end 42k 4.7k 47k BLEU,NIST,MET,ROUGE-L,CIDer
WebNLG RDF to text 35.4k 4.5k 5.1k BLEU,TER
DART Table to text 62.6k 6.9k 12,5k BLEU,TER
Commonsense Reasoning
WinoGrande Fill-in-a-Blank 63.2K  NA 1,267  Accuracy
PIQA Physical-based QA 16.1K  NA 1,830  Accuracy
SIQA Social-based QA 334K NA 1,954  Accuracy
ARC-e Grade-school level, multiple-choice science QA 1.1K NA 2,376 Accuracy
ARC-c Grade-school level, multiple-choice science QA 2.3K NA 1,172 Accuracy
OBQA Multi-step reasoning QA 5.0K NA 500 Accuracy
HellaSwag NLI 399K NA 10,042 Accuracy
Text Summarization
XSum News Summarization 204K 11.3K  11.3K  Rouge-1, Rouge-2, Rouge-L
CNN/Daily Mail News Summarization 280K 13K 11K Rouge-1, Rouge-2, Rouge-L

Named-entity recognition and semantic role labelling

CoNLL03 NER 946 216 231 Accuracy

CoNLL04 Semantic Role Labelling 922 231 288 Accuracy

OntoNotes NER 96K 14K 12K Accuracy
Machine Translation

WMT 2016 en-ro Translation from English to Romanian BLEU

Table 3.2: Summary of benchmarks for evaluating PEFT methods. We report the
name of the benchmark, the task addressed, dataset sizes and evaluation metrics.
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NP PRI
PEFT SIS I vnaedon PLMs
Additive
Houlsby v v v v v v v Vv |Test BERT-Large
Pieiffer v v v v v v | Dev BERT-base
AdaKron v v v Vv v Vv VvV V |Dev BERT-base, RoBERTa-Large
Adaptable Adapter V VVVVVV V| Dy arge
CoDA v v Dev large and XL
CoDA VVVV VLV VV|Ts BERT-base and large, RoBERTa-base and large
Learned Adapter VvV VvV VvV V| Mixed RoBERTa-Large
Learned Adapter v v Mixed DeBERTa-large, GPT-2-large
Adaptable Adapter V VvV VVV VV V|Dy RoBERTa-base
Hadamard Adapter v v v Vv Vv vV Vv V |Dev BERT-base and Large, RoBERTa-base and Large, BART-base and Large, DeBERTa-base and Large, Electra-base and Large
Tiny Attention Adapter ¢ ¢ ¢ ¢ ¢ ¢ ¢ | Dev, Test RoBERTa-Large
AdapterFusion 4 v Vv [4 Dev BERT-base
Hyperformer VvV VvV VvV VY| Mixed T5-small and base
LayerConnect v v v Vv v Vv VvV Vv |Dev T5-Large
HyperEncoder V Vv v v v v v V |MixedandDev  BERT-base, RoBERTa-base and Large
PHA v v v v v Vv Vv Vv |Mixed T5-base
Adapters Mixup v v v Dev BERT, RoBERTa.
Udapter v Dev BERT-base
Inspirational Pointer ¢ ¢ ¢ ¢ v v v | Mixed T5-base
ScaLearn VvV VvV VvV V| Mixed RoBERTa-base and Large
HyperPelt v v v v Vv VvV Vv Vv |Mixed T5-base
Prefix subspaces V Vv v v v v v | (Fewshot) Mixed BERT-base
PIP 4 Mixed BART-base
Prompt-Tuning v v Mixed T
IDPG v v v v v | Dev RoBERTa-Large
LPT vvivvevy v Dev RoBERTa-Large
LPT 4 v Dev DeBERTa-large, GPT2-large
SPT vvvvevy v Mixed RoBERTa-Large
SPT v v [4 Mixed DeBERTa-large, GPT2-large
HyperPrompt VvV VvV vV VvV V| Mixed T5-base and Large
MPT Vv v v v Vv Vv Vv V |Dev T5-base
BBT v v v | Dev RoBERTa-Large
BBT v2 v v v | Dev RoBERTa-Large
ACCEPT v v Vv v Vv VvV VvV Vv |Mixed T5-base
IAPT v v v Mixed LLaMA-2-7B
Y-Tuning v v v v v v Vv Dev and Test BART-Large
Y-Tuning VvV VvV vy Dev RoBERTa-Large, DeBERTa-XXL
SK-Tuning vV v v v v Vv Vv Vv |Mixed RoBERTa-Base and Large
SK-Tuning v v v v Mixed Bloom-7B, LLaMA-2, Mistral-7B, Falcon, phi-2
InfoPrompt v v v v Mixed RoBERTa-Large
SUPMER v v v v Mixed T5-base, Flan-T5-XL
FPT v v Dev T5-Large and XL
PPT v v Dev T5-XXL
SPoT V VvV VVVVVV|Dy T5-base
TPT Vv v v v Vv Dev RoBERTa-Large, T5-XXL
DePT VvV Vv VvV VvV V| Mixed T5-base
Inducer-Tuning v 4 Mixed RoBERTa-base
Ladder-Side Tuning ¢ ¢ ¢ ¢ ¢ ¢ |Mixed T5-base, Large and 3B
SLaSh v v v Vv v Vv Vv Vv |Dev RoBERTa-base and Large
PASTA VVV VLV VVV|Test BERT-Large
PASTA v v v Vv v Vv VvV V |Dev RoBERTa-Large
DimA VvV VvV v Test RoBERTa-base and Large
RED Vv v v v Vv Vv Vv V |Mixed RoBERTa-base and Large, T5-base
Count 40 37 45 39 45 32 44 31|

Table 3.3:

datasets (on columns).

Additive PEFT approaches (on row) trained at least on one
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NP IPE I I )
PEFT § § %%& Q*@ V‘\QN C)o\) ‘is %% Evaluated on  PLMs
Selective

BitFit v v v v v Vv Vv v |Test BERT-Large
BitFit v vV v vV v vV VvV V |Dev BERT-base and large, RoBERTa-base
U-BitFit v VvV v v Vv Vv Vv V |Dev RoBERTa-Large
S-BitFit v VvV v v vV Vv Vv V |Dev RoBERTa-Large
PaFi v VvV v v Vv v VvV V |Dev RoBERTa-Large
FishMask v VvV v vV Vv Vv V Vv |Test BERT-Large
Child-tuning v vV v v v Vv VvV V |Dev BERT-Large, RoBERTa-Large, XLNet-large, ELECTRA-large
FAR v v v V v Dev DistilBERT-base
Model Grafting v v v Vv 4 Mixed RoBERTa-base
Random Masking v v Test OPT-125M, -1.3B and 13B
BayesTune v v v v | Dev RoBERTa-base

Reparametrization
LoRA v v v v v Vv VvV V |Dev RoBERTa-base and large, DeBERTa-XXL
AdaLoRA v vV v vV v Vv Vv V |Dev DeBERTa-v3-base
Vera v Vv v v v v | Dev RoBERTa-base and large
SAID v v v Vv Mixed RoBERTa-base
KronA v v v v Vv Vv Vv V | Mixed T5-base
DyLoRA v VvV v v Vv Vv Vv V |Dev RoBERTa-base
SoRA v v v v v Vv VvV V |Dev DeBERTa-v3
CapaBoost v VvV v v Vv Vv Vv Vv | Mixed RoBERTa-base
CapaBoost v VvV v v Vv Vv Vv V |Dev DeBERTa-v3-base
AutoLoRA v v v v Vv VvV Vv V |Dev RoBERTa-base
LoRA-Dropout v v v v v Vv VvV V |Dev DeBERTa-v3-base
Salient-LoRA v vV v vV v Vv Vv V |Dev DeBERTa-V3-base
LoRA+ v v v VvV Test RoBERTa-base, GPT-2
MTL-LoRA v vV v vV v Vv Vv V |Dev RoBERTa-base
ERAT-DLoRA v v v v v Vv VvV V |Dev LLaMA-2-7b, MPT-7b
FourierFT v Vv v Vv Vv V |Dev RoBERTa-base and Large
CorDA v v v v v v | Mixed RoBERTa-base
ALoRA vV v Mixed LLaMA-2 7B
Deep LoRA v VvV v v Vv Vv VvV V |Dev BERT-base
FouRA v v Vv v Vv v | Dev RoBERTa-base
PISSA v v v v v v vV v |Dev DeBERTa-v3-base
Spectral v v VvV v v Vv VvV V |Dev DeBERTa-v3-base
SURM v v v v v Vv vV V |Dev BERT-base
SVFT v v v v Vv v Vv Vv | Mixed DeBERTa-v3-base
RLoRA v Vv v v v v | Dev RoBERTa-base and Large
LaMBDA vV v v v v v | Mixed DeBERTa-v3-base
AFLoRA v v v v v Vv vV V |Dev DeBERTa-v3-base
MELoRA v v v v v Vv vV V |Dev RoBERTa-base
LoRA-GA v v Vv v Vv Dev T5-base
LoRASC v v Mixed LLaMA2-7B
RoAD v vV v v v v Vv v |Dev RoBERTa-base and Large
Kernel-mix v v Dev RoBERTa-base
HiFi v v v v v Vv vV V |Dev BERT-Large
SoRA v v v v v Vv VvV V |Dev DeBERTa-v3
GloC v v v v v Vv Vv V |Dev DeBERTa-v3-base
DiffPruning v VvV vV Vv vV vV V V| Test BERT-base
MuscleLoRA v Mixed BERT-base and Large, RoBERTa-base and Large, GPT-2-XL and LLaMA-2-7B
Count 43 45 51 41 43 40 47 41 ‘

Table 3.4: Selective and Reparametrized PEFT approaches (on row) trained at
least on one of GLUE datasets (on columns).
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NFCP IR SN GRAPE,

PEFT F&EEF S bratnated on LM
Hybrid

Sparse Adapter v v v v | Dev BERT-base and RoBERTa-base
Sparse Adapter ¢ v v v v v ¢ | Dev RoBERTa-base
PHM-Adapter v v v v v v v v | Mixed T5-base
Compacter(++) ¢ ¢ v v v v v v | Mixed T5-base
AdaMix v v vV vV v Vv VvV V |Dev BERT-base, RoBERTa-Large
UNIPELT v vV VvV v Vv Vv Vv V |Dev BERT-base
Compacter v v v v Vv Vv Vv V | Mixed T5-base
MoLE v v v v vV Vv VvV V |Dev BERT-base, RoBERTa-base, DeBERTa-base,
S4 v v v Vv Vv Vv Vv V |Dev T5-base and 3b, Roberta-base and large
MaM Adapter v v Dev Roberta-base
LoRETTA v v v vV Vv Vv VvV V |Dev DeBERTa-base and RoBERTa-base
AutoPEFT Vv v Vv v Vv Vv Vv V |Dev BERT-base, T5-base
AutoPEFT vV v v v v v |Dev RoBERTa-Large
S3PET v Vv Vv v Vv Vv vV Vv |Mixed T5-large
Pro-PETL v v v v Vv Vv Vv V | Mixed RoBERTa-base, T5-base
PEDRO vV v v Test LLaMA-2-7b
SAM v v v v | Mixed RoBERTa-base
MOLE v Mixed Flan-T5
MAdaKron v v v vV Vv Vv VvV V |Dev BERT-base and Large, RoBERTa-base and Large, DeBERTa-v3
ComPEFT v v v v v Vv Vv V |Both BERT-base and large, RoBERTa-base and large, T5-base and large, T0-3b
Memory-Tuning vV v 4 v Mixed BERT-base and large
DePT v Vv Vv v Vv Vv Vv V |Mixed T5-base
LoPA Vv v v Vv V v Dev RoBERTa-Large
DSEE v vV VvV v Vv Vv Vv V |Dev BERT-base
DSEE vV Vv v Vv Dev RoBERTa-Large
PRILoRA v v VvV v v VvV Vv V |Dev DeBERTa-v3-base
RoseLoRA v v v v v Vv Vv vV |Mixed RoBERTa-Large
S-MaM v v v v Vv Vv Vv V |Dev RoBERTa-Large
U-MaM v v vV vV v Vv VvV V |Dev RoBERTa-Large
Hiwi v (%4 Dev RoBERTa-Large
S*Delta v v v v v Vv Vv vV |Mixed T5-Large
BIPEFT v Vv Vv v Vv VvV Vv vV |Mixed T5-Large
MPOE(++) Vv v Vv Vv Vv Vv Vv V |Mixed T5-base and Large
Poly v v v Mixed BabyAl
ATTEMPT v Vv Vv v Vv Vv vV v |Mixed T5-base
TSRA Vv v v v Vv Vv Vv V |Dev RoBERTa-base and Large
LoraRetriever Vv v v v Vv v v | Mixed LLaMA-2-7B
AlphalLoRA v v VvV Mixed LLaMA-7B, LLaMA-2-7B and Mistral-7B
PEMT v v Vv v | Mixed T5-base
MixDA v vV VvV v Vv Vv Vv V |Dev RoBERTa-Large
Count 30 34 35 30 31 25 36 25 ‘

Table 3.5: PEFT approaches (on row) trained at least on one of GLUE datasets
(on columns).
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o 9
PO L@ g S
PEFT FEEEE T Braluated on PLM
Additive
Pfeiffer Adapter v v Dev BERT-base
CoDA v v | Dev T5-base, large and x1
Tiny Attention Adapter v Vv Dev ALBERT-XXLarge-v2
AdapterFusion v vV Vv Dev BERT-base
PHA v Vv VvV v Mixed T5-base
Hyperformer v v Mixed T5-base
Inspirational Pointer Vv Vv V v Mixed T5-base
ScaLearn v v v v v Vv Vv v | Mixed RoBERTa-base and Large
Residual Prompt Tuning ¢ ¢ ¢ ¢ v v ¢ v | Dev BERT-base, T5-base and Large
P-Tuning v2 v vV VvV v VvV Vv VvV V |Dev BERT-Large, RoBERTa-Large, GLM-xlarge and xxlarge
Hyper-Prefix v v v Vv v Mixed T5-Large and XL
HyperPrompt v v v v Vv Vv Vv V |Mixed ThH-base and Large
MPT v v v v v v v v |Dev T5-base
ACCEPT v v VvV v Vv Mixed T5-base
VIP v v VvV v v v Vv V |Dev T5-base
IAPT 4 4 v v | Mixed LLaMA-2-7TB
Y-Tuning v vV Vv Dev RoBERTa-Large
SUPMER v Vv Vv Mixed T5-base, Flan-T5-XL
FPT v | Mixed T5-base, Flan-T5-XL
PPT v vV v Dev T5-XXL
Selective
Random Masking v vV Vv v Vv Vv Vv V| Test OPT-125M, -1.3B and -13B
BayesTune v Vv Vv (4 Dev RoBERTa-base
SHiRA v Mixed LLaMA-7B and LLaMA-2-7B
PaFi Vv v v v Dev RoBERTa-Large
Reparametrized
SVFT v Mixed Gemma-7B
LoRETTA (7B) 4 v 4 v v | Mixed LLaMA2-7B
LoRETTA (13B) v v | Dev LLaMA2-13B
DoRA v Test LLaMA-7b and 13b, LLaMA2-7h, LLaMA3-8b
LaMBDA 4 Mixed LLaMA-2-7TB
HyperLoRA v v v Vv v Dev FLAN-T5
HyperLoRA v v v Vv v Mixed T5-Large and XL
QuanTA v Dev LLaMA-7B and 13B, LLaMA-2-7B and 13b, LLaMA-3-8B
Count 5 11 9 13 13 6 9 6 |

Table 3.6: Additive, Selective and Reparametrized PEFT methods (on rows)
trained on at least one SuperGLUE datasets (on columns).
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O o
O 0 F o &
PEFT S FEES T btmated on pLM
Hybrid
Compacter v Vv v v v Vv v | Mixed T5-base
Laplace-LoRA v Mixed LLaMA-2-7b
MoSLoRA 4 Dev LLaMA3-8b
LoRASC v v v Vv Vv Vv Vv Vv | Mixed LLaMA-2-7B
MixLoRA v Dev LLaMA-2-7b and 13b, LLaMA-3-8b, Gemma-2B
MixDoRA 4 Dev LLaMA-2-7b and 13b, LLaMA-3-8b, Gemma-2B
AutoPeft v Vv (4 4 Mixed BERT-base
S*PET vV Vv v v v v v | Mixed T5-large
MTL-LoRA 4 Test LLaMA-2-7b
SAM v v Vv 4 Mixed RoBERTa-base
PEDRO v v v v | Test LLaMA2-7b and 13b, Gemma-2b
MultiLoRA v Vv 4 v Mixed LLaMA-7b, 13b, 30b and 65b
Memory-Tuning vV Vv Mixed BERT-base and Large
PHM-Adapter vV v v v v v v | Mixed T5-base
Compacter(++) ¢ ¢ v v v v v | Mixed T5-base
Shears 4 Mixed LLaMA-7B
RoseLoRA 4 Mixed LLaMA-7B
Long Exposure v v Mixed OPT
HiWi v v V v Dev RoBERTa-Large
S*Delta v v v v v v Vv |Dev RoBERTa-Large
BIPEFT vV v v v v v V| Dev RoBERTa-Large
C-Poly v Vv v v Vv VvV Mixed FLAN-T5-Large and GLM-10B
Poly 4 Mixed BabyAl
MoV Vv v v VvV v Dev T5-3b
ATTEMPT v v v v Vv V Dev T5-3b
MiLoRA v Dev LLaMA-2-7B
LoraRetriever v Vv v Vv Vv Vv Vv v | Mixed LLaMA-2-7B
FanLoRA 4 v Dev LLM-Assist-7B
PEMT v VvV v Vv v V Mixed T5-base
MoLoRA v VvV v vV 4 Dev T5-3b
Count 25 19 15 19 18 12 18 8 ‘

Table 3.7: Hybrid PEFT approaches (on rows) on SuperGLUE on at least one
SuperGLUE datasets (on columns).

68



3.6 — Conclusions

PEFT >

Additive

Parallel Adapter 4 4
CIAT v
CODA v v v
Pfeiffer vV Vv

Known-Adapter v v

KnowLA 4
HyperEncoder v

Hyper-Prefix v

PRO-CS v

AdapterFusion vV Vv v
Prefix-Tuning vV v Vv 4
P-tuning v2 vV Vv

APT

TPT 4

FPT (4 4
MPT v 4
DEPT

Inducer-Tuning v 4
(IA)3 vV Vv

SLaSh v

IPA 4

VIP

IAPT
PASTA
SK-Tuning
DimA v
RED v

Count T 1 4 1 4 6 5 6 8 2 3 0 0 2 0 3 1 1

AN
AN
AN

AN

AN

AN

Table 3.8: Additive PEFT approaches (on row) trained at least on one of the most
popular datasets (on columns) different from GLUE and SuperGLUE.
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>
PEFT o o P

Selective

PaFi v
FISH-DIP vV v Vv

FAR 4

Xattn Tuning v
Random Masking «

SHiRA 4 v Vv v vV

Reparameterized
vV Vv

LoRA
VeRA
DoRA (4
Hyper-LoRA

DyLoRA vV v VvV
AdaLoRA
CapaBoost
AutoLoRA 4 4
Laplace-LoRA 4
Lora-Dropout vV Vv

MoSLoRA 4
MOLE
MixLoRA
ERAT-DLoRA
FourierFT
Tied-LoRA
ALoRA
SVFT
VB-LoRA
LaMBDA v Vv VvV vV Vv Vv V
LoRETTA 4

RLoRA (4

AFLoRA

HyperLoRA vV Vv

FLoRA (4

LoRA-GA

LoRA-GA 4

RoAD

QuanTA

Kernel-mix v
GloC vV Vv vV v VvV
SalientLoRA 4

Count 8§ 4 10 4 6 11 10 4 1 1 1 10 9 9 10 3 0 8

AN AN
AN
AXSXNNxKNX AN
AN
SRS xX
SN

AN

AN
AN
AN
AN
AN
AN
AN NN

Table 3.9: Selective and Reparametrized PEFT approaches (on row) trained at
least on one of the most popular datasets (on columns) different from GLUE and
SuperGLUE.
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PEFT &

g4 (4 (4
MTL-LoRA vV Vv Vv v Vv V
PEDRO v

Memory Tuning vV Vv

Sparse Adapter ¢/ v

HLPT

RoSA

DSEE vV Vv V
LoRAPrune

Shears

RoseLoRA

Long Exposure v

HiWi v
MEFT (4
ATTEMPT
MiLoRA (4
MoDULA

LoraRetriever v Vv Vv v Vv Vv vV Vv vV Vv
ESFT v

Alphal.oRA

FanLoRA v

PEMT (4

HydraLLoRA 4

AdaMix vV Vv V

LT-SFT v

MoV vV Vv

Count 5 1 3 3 3 108 2 2 1 0 6 7 3 7 2 1 11

AN

S~
S~
AN NN
S
AN
AN NN
AN

<
<
AN
SIS

<

Table 3.10: Hybrid PEFT approaches (on row) trained at least on one of the most
popular datasets (on columns) different from GLUE and SuperGLUE.

Method Trainable Extra Training Inference
Params (%) Params Cost Latency
Full FT 100% None Very High None
Selective <0.1% None Very Low None
Reparametrized 0.1-0.5% Low-rank Low None
Adapters 0.5-4% Bottleneck Moderate Moderate
Soft Prompts <0.1-1% Embedding dimensions Moderate Moderate
Mixture-of-Experts 1-5% Expert modules Moderate-High High

Table 3.11: Typical efficiency characteristics of major PEFT families. Values rep-
resent commonly reported ranges in the literature.
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Chapter 4

Introduction

Traditional full fine-tuning of Large Language Models (LLMs) for downstream
tasks or domains is computationally expensive, especially when models must be
adapted across a wide range of tasks and domains. Adapter-based approaches have
emerged as a promising alternative, enabling efficient transfer learning by inserting
small trainable modules into a frozen backbone model. This paradigm significantly
reduces the number of trainable parameters while maintaining competitive perfor-
mance, making it particularly suitable for multi-task and multi-domain scenarios.
In this part of the thesis, we focus on adapter-based efficient methods for NLP
and IR, with an emphasis on improving both parameter efficiency and adaptabil-
ity. We present two complementary works that address efficiency from different
perspectives: task-level adaptation and domain-level specialization.

Chapter 5 (MAdaKron: a Mixture-of-AdaKron Adapters) introduces AdaKron
and its extension MAdaKron, designed to improve the efficiency and flexibility of
adapter-based fine-tuning for LLMs across a variety of NLP tasks, including text
classification, question answering, and natural language generation. While adapter
architectures typically rely on a single bottleneck transformation applied uniformly
across inputs, AdaKron proposes a refined structure that enhances representational
capacity while reducing the number of trainable parameters. MAdaKron further
extends this approach by incorporating a Mixture of Experts mechanism, enabling
dynamic routing between multiple specialized adapter components. This allows
the model to activate different experts depending on the input characteristics, im-
proving task adaptability without introducing further parameters. Experimental
results show that both AdaKron and MAdaKron achieve strong performance across
diverse NLP benchmarks while significantly reducing training costs compared to full
fine-tuning and state-of-the-art parameter efficient approaches.

Chapter 6 (DRAMA: Domain Retrieval using Adaptive Module Allocation)
shifts the focus from task-level adaptation to domain-level adaptation in infor-
mation retrieval. In particular, we investigate multi-domain IR scenarios, where
a single system must handle heterogeneous domains such as computer science,
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physics, psychology and sci-fi. We leverage lightweight adapters combined with
routing mechanisms to select domain-specific model efficiently. A key aspect of this
approach is the use of a routing strategy that activates only one expert (i.e., one
adapter module) per input, depending on the inferred domain. This hard routing
mechanism ensures scalability, as the model does not need to jointly process all
domain experts, while still allowing specialization for each domain. As a result, the
system can maintain a shared backbone while dynamically adapting its behaviour
to different retrieval contexts in a parameter-efficient manner. This approach is
particularly well suited for large-scale IR systems, where deploying separate mod-
els for each domain would be impractical. By combining adapter-based efficiency
with domain-aware routing, the proposed framework achieves a strong trade-off
between performance, scalability, and memory usage.

This part is organized as follows: Chapter 5 presents AdaKron and MAdaKron,
introducing a novel adapter architecture and a mixture of experts extension for
efficient task-level adaptation of LLMs across multiple NLP tasks. Chapter 6 fo-
cuses on multi-domain information retrieval, presenting DRAMA, a routing-based
adapter framework where domain-specific experts are selectively activated to enable
efficient and scalable domain-adaptation across heterogeneous IR domains.
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Chapter 5

MAdaKron: a
Mixture-of-AdaKron Adapters

In this Chapter, we focus on Adapters [364], a widely adopted family of PEFT
techniques that has shown strong effectiveness across a broad range of tasks, in-
cluding Natural Language Understanding and Generation [475], question answer-
ing [355], and information retrieval [225]. As outlined in Chapter 3, an adapter
consists of a down-projection layer that maps the hidden representation into a
lower-dimensional space, followed by a non-linear activation, and an up-projection
that restores the representation to the original hidden dimension [183].

The performance of adapter-based methods is highly dependent on the selected
bottleneck (intermediate) dimension. In general, increasing this dimension tends to
yield better downstream task results, although it comes at the cost of a higher num-
ber of trainable parameters [534]. Based on these findings, we propose AdaKron,
which aims to reduce the number of trainable parameters in an adapter layer while
maintaining a high intermediate dimension and thus avoiding performance degra-
dation. AdaKron incorporates the Kronecker product [118] into an adapter layer.
In contrast to prior PEFT methods that rely on Kronecker factorisation [217, 207],
which typically decompose weight matrices into sets of smaller low-rank compo-
nents, AdaKron instead applies the Kronecker product directly to the outputs of
two feed-forward networks that together form the adapter’s down-projection. The
corresponding up-projection is maintained as a standard single feed-forward layer.
The Kronecker product expands the representation by scaling one vector with each
element of the other, producing a higher-dimensional representation whose dimen-
sionality equals the product of the input vector sizes.

We interpret the Kronecker product as being conceptually related to a Mixture-
of-Experts (MoE) mechanism [417]. In particular, one of the two vectors can be
interpreted as a gating signal that modulates the other vector, similarly to how
an MoE gate assigns weights to expert outputs. However, in contrast to stan-
dard MoE architectures, which aggregate experts through a weighted sum, the
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Kronecker product generates a weighted concatenation of the scaled expert vec-
tor, explicitly preserving all individual components. This design remains highly
parameter-efficient, since it increases representational capacity without requiring
the definition and training of multiple independent expert modules.

To show that AdaKron can be seamlessly incorporated into state-of-the-art
PEFT architectures, we propose MAdaKron, an extension that integrates AdaKron
within an explicit Mixture-of-Experts (MoE) framework, thereby enhancing both
flexibility and overall performance. MAdaKron replaces the heuristic interpreta-
tion of AdaKron’s MoE behaviour with a fully defined architectural formulation, in
which the weighting vector used in AdaKron is produced via a Mixture-of-Experts
routing mechanism. This design allows the model to adaptively regulate the Kro-
necker interaction conditioned on the input, enabling the adapter to represent
multiple adaptation patterns within a single layer. Importantly, the final out-
put retains the structure of a weighted concatenation as in the original AdaKron
formulation; however, the weighting coefficients are now input-dependent. This
introduces greater representational capacity while maintaining the parameter effi-
ciency of AdaKron. We assess the performance of AdaKron and MAdaKron across
eighteen publicly available datasets spanning Natural Language Understanding and
Natural Language Generation tasks, employing eight distinct Pre-Trained Language
Models (PLMs) in our experiments. Our evaluation shows that both approaches
reduce the number of trainable parameters by approximately one third compared
to original adapters [353] and achieve consistently stronger performance while using
the same intermediate dimension.

The main contributions of this Chapter can be summarised as follows:

o We propose AdaKron, a novel PEFT method that introduces the Kronecker
product within Adapter modules.

o We propose MAdaKron, a new architecture that integrates AdaKron into a
Mixture-of-Experts framework, substantially improving its effectiveness;

o We perform an extensive empirical evaluation of AdaKron and MAdaKron on
eighteen benchmark datasets covering both natural language understanding
and generation tasks. The results show that the proposed methods achieve
performance that is competitive with, or surpasses, existing state-of-the-art
PEFT techniques, while requiring the training of fewer than 0.55% of the
original model parameters.

o We perform an extensive ablation study to analyse the impact of the design
choices behind AdaKron and MAdaKron.

The remainder of this Chapter is organized as follows. Section 5.1 introduces the
Kronecker product and presents the proposed AdaKron and MAdaKron architec-
tures. Section 5.2 describes the experimental setup, including datasets, baselines,
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evaluation metrics, and training configuration. Section 5.3 reports the main ex-
perimental results, while Section 5.3.1 presents an ablation study analysing the
contribution of each architectural component. Finally, Section 5.4 concludes this
Chapter.

5.1 Methodology

This section introduces the Kronecker product and describes in detail the pro-
posed PEFT approaches, namely AdaKron and MAdaKron.

Background Let A € R™*" and B € RP*? be two matrices. The Kronecker
product, denoted by A ® B, is defined as a block matrix in R("?)*(9 ohtained
by multiplying each entry of A by the entire matrix B:

ClllB algB R CLlnB
anB axB ... ay,B

AeB:=| . T T erme, (5.1)
a1 B amaB ... aynB

The resulting matrix can be expressed element-wise as:

anbn Ce allblq e alnbu e alnblq
a11621 Ce anbgq e alnb21 . alnbgq
allbpl c. allbpq ce alnbpl ce alnbpq
A®B:= . . :
amlbll c. amlblq ce amnbll ce amnblq
_amlbpl c. amlbpq c amnbpl Ce amnbpq_

Given two vectors x € R™ and y € R™, their Kronecker product yields a resulting
vector in R™™ as follows:

Yy ® x = vec(zy’) = {ylx, o ,ymx} , (5.2)

which can be interpreted as a weighted concatenation of multiple copies of z, where
each copy is scaled by the corresponding element of y. For example, given x =
[4,56] € R® and y = [1,4] € R? we obtain y ® x = [1 - [4,5,6],4 - [4,5,6]] =
[4,5,6,16,20,24] € R®. The resulting vector has dimension 6, which corresponds to
the product of the dimensions of z and y.
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Problem formulation We consider the problem of efficiently adapting Large
Language Models to downstream tasks. Let D = {(z% y*)}Z, be a labelled train-
ing dataset composed of P input-output pairs. Given a Pre-trained Language
Model fy(-) with parameters 6, our goal is to adapt fp so that it achieves strong
performance on the target dataset D, despite the fact that the model has not been
explicitly pre-trained for the corresponding task.

5.1.1 AdaKron

AdaKron integrates the Kronecker product within an adapter module. Following
previous works Pfeiffer et al. [353], we place the adapter module immediately after
the Feed-Forward Network (FFN) sub-layer within each transformer block.

Transformer Layer
Add and Norm \

Multi-Head

BN

Figure 5.1: Integration of AdaKron in a transformer layer. Left: An AdaKron
adapter is inserted after the FFN. Right: AdaKron consists of two parallel down-
projections (D,, D.) producing vectors of size r; and 7o from an input of dimension
d. Their Kronecker product yields an r-dimensional representation, which is then
mapped back via an FFN up-projection.

Figure 5.1 shows the proposed AdaKron architecture: Unlike standard Adapters,
which rely on a single down-projection matrix, AdaKron employs two independent
down-projection layers, denoted as D, and D,, followed by a single up-projection
layer. This design is motivated by previous findings [475], suggesting that modifying
the up-projection can negatively affect Adapter performance.

Formally, given an input vector z € R? the two down-projections are defined
as:

Yo = Dv<x) =W,z + b, Ye = Dc(l') =W,z + b,

where W, € R™"*¢ and W, € R™*¢ with biases b, € R™ and b. € R™2. The
outputs are y, € R™ and y. € R™, where ry,79 < d. The two down-projection
outputs are then combined through the Kronecker product:

9<yc; yv) = GELU(?JC & yv) e R,
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where GELU(-) denotes the GELU activation function. The resulting representa-
tion has dimension » = r; - 5 and can be interpreted as a weighted concatenation
of y,, where the weights are provided by y.. Finally, this r-dimensional vector is
passed through a standard up-projection layer to restore the original hidden size.

5.1.2 MAdaKron

As shown in Section 5.1.1, AdaKron can be interpreted as a structured gat-
ing mechanism: one vector scales the other before the representation is expanded
through the Kronecker product. This behaviour is similar to the Mixture-of-Experts
architectures [417], where a gating function controls the contribution of different
expert components. Motivated by this observation, we introduce MAdaKron, an
extension that explicitly incorporates an MoE mechanism into the AdaKron frame-
work. In this design, the weighting vector is produced by an MoE layer, allowing the
selection of experts to depend on the input. This enables the model to capture mul-
tiple specialised adaptation patterns within a single adapter while preserving the
parameter efficiency of AdaKron. Thus, MAdaKron can be interpreted as a more
explicit realisation of AdaKron’s implicit expert-like behaviour: whereas AdaKron
approximates such a mechanism without explicitly defining experts, MAdaKron
formalises it through dedicated expert routing while maintaining comparable effi-
ciency. We define two MAdaKron variants, referred to as Partial and Full, which
differ in how extensively MoE layers are used within the down-projection stage.
As illustrated in Figure 5.2, the Partial MAdaKron variant replaces only the D.
down-projection with an MoE module responsible for generating the weights used
in the weighted concatenation, while keeping D, as a single feed-forward layer.
In contrast, as shown in Figure 5.3, the Full MAdaKron variant implements both
down-projection components, D, and D., as MoE layers. In this configuration,
the model selects one expert from each MoE module for every input, and the re-
sulting outputs are combined through the Kronecker product. To select experts,
MAdaKron adopts a stochastic routing strategy to determine which experts are
activated for each input. This choice is motivated by recent works [541, 475] show-
ing that a stochastic routing function can achieve on par with or even superior
performance than learned gating mechanisms, while avoiding additional trainable
parameters. Moreover, since the gating mechanism is not implemented as a separate
neural network module, MAdaKron retains the same parameter budget as AdaKron
while offering greater representational capacity. In contrast to recent methods such
as AdaMix [475], where experts are explicitly parameterised, MAdaKron derives its
expert-like behaviour implicitly from the Kronecker-based structure of AdaKron,
thereby inducing specialised components in a parameter-efficient way. By coupling
these implicitly formed experts with an explicit, input-conditioned routing strategy,
MAdaKron maintains the compactness of the original formulation while incorpo-
rating the advantages of Mixture-of-Experts models, leading to a more expressive
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adaptation mechanism.

\Backwm’d

Partial MAdaKron

Figure 5.2: Integration of Partial MAdaKron in a transformer layer. Only the
D. down-projection is replaced by a Mixture-of-Experts module (here with four ex-
perts). During training, each batch is processed twice with different expert routing,
optimising a classification loss and a symmetric KL-based consistency loss.

Figure 5.2 illustrates the training procedure of MAdaKron and how the stochas-
tic routing function works. During each training step, the same batch is processed
twice, sampling two different expert configurations. Let n denote the number of
Transformer layers and k € {1,2} indicate the two forward passes. The expert
configuration for pass k is denoted as A* = {4,,..., A,}. Given an input z, the
model produces logits z(‘_‘)k (x) for each pass. To improve training stability and en-
sure consistency between predictions obtained under different expert selections, we
incorporate a consistency regularisation term based on the Kullback-Leibler diver-
gence [235]. The resulting optimisation objective can be expressed as follows:

1
L=— (LClass. + 2£KL> )

where L, denotes the classification loss and Lk, is the symmetric KL divergence
between the two forward passes. Specifically, the classification loss is defined as:

c
Lclass = Z Z(z,c) log(softm:cxx(zg41 (x))),

c=1

where Z(z,c) = 1 if ¢ is the correct class label for x, and 0 otherwise. The consis-
tency term is:

Licr = KL () || 25 () + KL () 1| 2 (@),

Finally, during inference, expert weights are merged into a single feed-forward mod-
ule following the approach proposed in [475], enabling MAdaKron to preserve in-
ference efficiency.
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Full MAdaKron

Add and Norm

Figure 5.3: Integration of Full MAdaKron within a Transformer layer. In this
configuration, both down-projection components of the AdaKron adapter, D, and
D., are implemented as MoE modules. For clarity, we illustrate the architecture
using four experts per Mok layer.

5.1.3 Parameter Efficiency of AdaKron and M AdaKron

In this section, we provide a comparison of the parameter counts of MAdaKron
and AdaKron against the standard adapter architecture [353]. Since MAdaKron
and AdaKron share the same number of activated parameters, in this Chapter we
refer to MAdaKron, but the same findings are generalizable to AdaKron.

Unlike the original Pfeiffer adapter approach [353], which employs a single down-
projection layer with output dimension r, MAdaKron introduces a factorized bot-
tleneck composed of two FFNs with output dimensions r; and r,, respectively.
Here, o < r acts as a reduction factor corresponding to the number of weighted
repetitions applied to the r;-dimensional representation. Consequently, the param-
eterization of MAdaKron is dominated by the matrices W, € R™*% and W, € R™*,
Without loss of generality, assuming r > ry, we obtain r = r/ry, where r; € N,
implying that ro must be a divisor of r. Given an input dimensionality d and a
shared intermediate dimension r, the Pfeiffer Adapter down-projection layer (in-
cluding bias terms) contains rd + r parameters. In MAdaKron, the number of
parameters of the down-projection layer is:

r r r

rd+r:d(+7‘2)++7‘2:(d+1)<+r2>. (5.3)
T2 T2 T2

Including the up-projection layer, the total number of parameters for MAdaKron

becomes:

(d+1) (:2 +r2> +rd+d, (5.4)

whereas the corresponding Pfeiffer Adapter contains 2rd + r 4+ d parameters. The
resulting parameter ratio between MAdaKron and the Pfeiffer Adapter is therefore
given by
(d+1)(Z+ro+r
e | Chlchar) 55
2rd+r+d
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Under the assumption that d > r > ry, the dominant terms in the numerator and
denominator of Equation 5.5 are d (r + =+ 7"2) and 2rd + d, respectively. This
setting aligns with standard practice in adapter-based approaches [183, 47] as well as
widely used pre-trained language models such as BERT [102] and RoBERTa [279],
where the hidden dimension is commonly set to d = 768 and adapter bottleneck
dimensions are typically selected from the range r € {16,32,48,64}. Under this
assumption, Equation 5.5 can be approximated as

(r+ 5 4r)d  rd 4
(2r+1)d  2r+1

(5.6)

As subsequently discussed in Section 5.3.1, the hyperparameter o assumes its op-
timal value at ro = 4. Substituting this value into Equation 5.6 yields
o r+3+4 5r+16
Co2r+1 8r+4

(5.7)

For the commonly adopted bottleneck dimensions r € 16,32,48,64, we observe
that R < 1, showing that MAdaKron consistently involves a lower number of
trainable parameters compared to the Pfeiffer Adapter. In detail, the ratio R
varies approximately between 0.72 and 0.65, corresponding to a reduction of up to
roughly 30% in the number of trainable parameters.

5.1.4 Motivations and Relations with other PEFT methods

Recently, the Kronecker product has emerged as a promising mathematical tool
for enhancing parameter efficiency in neural networks, particularly in the context
of PEFT methods, as it enables reductions in both the number of trainable pa-
rameters and computational cost, including FLOPs [113, 217]. Most existing ap-
proaches leverage Kronecker factorisation by decomposing large weight matrices
into smaller components that are combined through the Kronecker product. For
example, Compacter [217] employs this decomposition within adapter modules,
whereas Krona [113] extends the idea to attention mechanisms. Related Kronecker-
based compression techniques have also been applied to large-scale transformer
models such as BERT [436] and GPT-2 [114]. Formally, given matrices A € R™*"
and B € RP* their Kronecker product A ® B yields a matrix in R™P*"¢ This
property allows a high-dimensional weight matrix W € R"?*"™ to be parametrized
via the smaller matrices A and B, which together require substantially fewer pa-
rameters to be trained than W. Furthermore, from a theoretical perspective, the
Kronecker product can also be interpreted as a matrix representation of the tensor
product of linear maps. Specifically, let S : V — X and T : W — Y be linear trans-
formations represented by matrices A and B, respectively. Then A® B corresponds
to the induced map

SRQT: VW XY
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, preserving the structure of the underlying tensor spaces. An additional impor-
tant property is the multiplicative behaviour of rank under the Kronecker product,
namely
rank(A ® B) = rank(A) x rank(B).

This property enables effective learning even under tight parameter constraints,
without requiring an explicit reduction in matrix rank. In addition to improving
representational efficiency, Kronecker-based structures can also be exploited to re-
duce computational cost. For instance, Edalati et al. [113] demonstrate that the
full Kronecker matrix need not be explicitly formed during inference by leveraging
the following identity:

(A ® B)SL’ =7 (Bnb2><a2(x)AT) )

where © € R%, my,x4,(y) denotes the reshaping of a vector y € R»*%2 into a ma-
trix of size by X as, and Y(Y) reshapes a matrix Y € R%*b2 into a vector by
stacking its columns. This reformulation replaces a large-scale matrix multipli-
cation with a combination of structured reshaping operations and smaller matrix
multiplications, thereby reducing FLOPs and improving inference efficiency. More
recently, Kronecker-based adaptation has been extended within more complex ar-
chitectures. For example, Yu, Yang, and Yi [509] introduce MoKA (Mixture of
Kronecker Product Adaptation), which integrates a MoE architecture within a
Kronecker-based LoRA. In contrast, Sadeghi et al. [403] introduce MoKA (Mixture
of Kronecker Adapters), which integrates a learnable gating mechanism to combine
multiple Kronecker-based adapters through weighted aggregation. As both these
approaches build on LoRA updates, they mainly focus on attention weights. Dif-
ferently from techniques that apply Kronecker factorisation to full weight matrices
or attention components, our method operates at the vector level. In particular,
we apply the Kronecker product to the outputs of two parallel down-projection lay-
ers within the feed-forward network, combining intermediate representations rather
than decomposing parameter matrices directly. This choice reduces the number of
trainable parameters while enabling structured and expressive representations in
the projected space. Moreover, as shown in Equation 5.2, the Kronecker product
between vectors z € R™ and y € R™ can be written as @ y = vec(zy '), where
xy' denotes the outer product and vec(:) transforms a matrix into a vector via
column-wise stacking. Since both operands are vectors, the resulting outer prod-
uct is a rank-one matrix, providing a compact but structured representation. The
Kronecker product between vectors can also be interpreted as a form of weighted
concatenation. Specifically, for x = [z1,29,...,2,] and ¥y = [y1,y2, ..., Ym], We
have y ® x = [y12, ..., ynmz|, which corresponds to concatenating scaled copies of
x, where each copy is modulated by the corresponding element of y. This perspec-
tive highlights a similarity to Mixture-of-Experts gating, where = can be seen as
encoding expert activations and y as providing the weighting scheme. However, un-
like standard MoE architectures that rely on explicit routing networks and learned
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aggregation of expert outputs, the Kronecker-based formulation achieves a compa-
rable effect implicitly through a single parameter-free operation. As a result, it can
be interpreted as a lightweight alternative to MoE systems, enabling efficient and
effective representation learning without the overhead of explicit routing functions.

5.2 Experimental Setup

The experimental study presented in the following Section is designed to as-
sess the effectiveness and efficiency of our proposed approaches, AdaKron and
MAdaKron, across a wide range of downstream tasks and model architectures. In
particular, the experimental evaluation is designed to address the following research
questions:

« RQ1: How does AdaKron compare in terms of effectiveness and efficiency
against full fine-tuning and current state-of-the-art PEFT methods?

« RQ2: Does incorporating a Mixture-of-Experts component into AdaKron,
resulting in MAdaKron, consistently enhance performance?

« RQ3: How does MAdaKron compare with state-of-the-art PEFT approaches
in terms of downstream task performance?

« RQ4: What is the impact of the main architectural and training design
choices underlying AdaKron and MAdaKron?

To address the above research questions, we conduct a comparative evaluation
covering both natural language understanding and generation tasks. The rest of
this section provides an overview of the benchmark datasets employed in our ex-
periments, the comparison baselines, the metrics used to assess both effectiveness
and efficiency, as well as the implementation details.

Datasets and Baselines We evaluate AdaKron and MAdaKron on a diverse
set of benchmarks. For natural language understanding, we rely on the GLUE
benchmark [461], which includes eight tasks covering linguistic acceptability, senti-
ment classification, semantic similarity, paraphrase detection, and natural language
inference. Specifically, GLUE includes CoLA [478], SST-2 [423], MRPC [108], STS-
B [61], QQP [461], MNLI [482], QNLI [381], and RTE [138, 33]. Following common
practice in the literature [183, 102], we exclude WNLI [243], as its construction
issues prevent BERT-like models from outperforming the majority baseline.® In
addition, we evaluate our approaches on SuperGLUE [462], a more challenging

1See (12) in gluebenchmark.com/faq.
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benchmark that focuses on high-level reasoning. SuperGLUE includes BoolQ [89],
RTE, WiC [358], WSC [243], and CB [100]. Since the official test sets for both
GLUE and SuperGLUE are not publicly available, we report results on the devel-
opment sets, consistently with prior works [186, 31].

To further extend the evaluation beyond sentence-level classification, we also
include two Question Answering datasets, namely SQuAD v1.1 [382] and SQuAD
v2.0 [380]. Finally, to assess the applicability of our approaches to language
generation tasks, we consider three widely adopted benchmarks: E2E [338],
WebNLG [135], and DART [324].

Evaluation Metrics Model effectiveness is evaluated using the standard metrics
associated with each benchmark, following prior PEFT studies [186, 475, 518] and
the results of our systematic analysis in Chapter 3. For GLUE, we report accuracy
for most the tasks, excluded CoLLA and STS-B that are evaluated using Matthews
correlation and Pearson correlation, respectively. MRPC and QQP are evaluated
using F1. All SuperGLUE tasks are evaluated using accuracy. For extractive
Question Answering, we report both Exact Match (EM) and F}, as standard in the
SQuAD evaluation protocol [382]. For natural language generation tasks, we re-
port multiple metrics, including BLEU, NIST, METEOR, ROUGE-L, CIDEr, and
TER. All metrics are maximised, except TER, which is minimised. Furthermore,
we conduct a one-sided statistical significance test with a threshold of p < 0.05,
corresponding to a 95% confidence level, in order to assess whether the mean per-
formance across the four runs of our method is significantly higher than that of
the baselines. In addition to model effectiveness, we also evaluate the efficiency of
each method. Following recent works [256], we measure the number of trainable
parameters, reported in millions as # Params (M). This quantity provides a direct
indication of the memory footprint and optimisation cost of each approach, and en-
ables a fair comparison between methods. In Section 5.3.1, we further analyse the
efficiency of our approaches by reporting additional measures, including FLOPs,
GPU memory usage, and energy consumption.

Baselines We compare AdaKron and MAdaKron against full fine-tuning as well
as a broad range of state-of-the-art PEFT approaches. Experiments are conducted
on multiple Pre-trained Language Models (PLMs), including encoder-only models
and autoregressive decoders. In particular, we evaluate on:

« BERT-base [102], which has 12 layers, 768 as hidden dimension, 12 heads
and 110M parameters.

« BERT-Large [102], which has 24 layers, 1024 as hidden dimension, 16 heads
and 355M parameters.
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RoBERTa-base [279], which has 12 layers, 768 as hidden dimension, 12
heads and 110M parameters.

RoBERTa-Large [279], which has 24 layers, 1024 as hidden dimension, 16
heads and 355M parameters.

DeBERTa-v3-base [163], which has 12 layers, 768 as hidden dimension, 12
heads and 184M parameters.

DeBERTa-v2-XXL [164], which has 48 layers, 1536 as hidden dimension,
24 heads and 1.5B parameters.

GPT-2 Medium [375], which has 24 layers, 1024 as hidden dimension, 16
heads and 355M parameters.

GPT-2 Large [375], which has 36 layers, 1280 as hidden dimension, 20 heads
and 774M parameters.

This selection enables us to test our methods across different model sizes and
architectures, ranging from 110M parameters to 1.5B parameters.

Moreover, we evaluate our methods against a range of recently proposed PEFT
techniques, grouped into the following categories:

Additive methods, including Houlsby [183] and the Pfeiffer
Adapter [353], as well as Prefix-Tuning [253], Hadamard Adapter [80],
Diff-Prune [148], and (IA)3 [270].

Selective approaches, exemplified by BitFit [31].

Reparameterisation-based  methods, such as LoRA  [186],
AdaLoRA [518], DyLoRA [452], Vera [234], and DiffoRA [209].

Hybrid and MoE-inspired approaches, including AdaMix [475],
UNIPELT [305], Compacter(++) [217], and the Mixture of Linguistic
Experts (MoLE) Adapter [249].

In cases where published results are not available, we re-implement the correspond-
ing baselines using the Adapters library [364]. All reproduced results are explicitly
indicated as repr. in the tables to distinguish them from values reported in the
original works.

Implementation details All experiments are conducted using PyTorch and run
on NVIDIA A100 GPUs. We rely on the models that are publicly available on
Hugging Face Transformers library [484]. Hyperparameter choices follow the con-
figurations proposed in related PEFT literature [475, 518]. We report the detailed
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hyperparameter settings in Tables 5.1-5.4. Unless otherwise specified, MAdaKron
uses four experts per layer for all natural language understanding tasks, while ex-
periments with GPT-2-based models employ eight experts. All models are trained
using AdaFactor [415], which avoids the need for learning rate tuning. The adapter
bottleneck sizes are based on the ablation study presented in Section 5.3.1. Specif-
ically, we set the intermediate dimension to 48 for BERT-based architectures, to
16 for RoBERTa and DeBERTa variants, and to 8 for GPT-2 models. Across all
experiments, the down-projection dimension r is fixed to 4. Each configuration is
evaluated using four random seeds (0, 42, 1234, and 4321), and we report the aver-
age performance over these runs. In the result tables, the highest score is shown in
bold, while the second-best result is underlined. * and T represent significant im-
provements of our approaches over the best and second best baselines, respectively.
Avg. is the average performance across the selected datasets. For all reproduced
baselines, we adopt the same hyperparameter settings as those used for AdaKron
and MAdaKron to ensure a fair comparison under identical experimental conditions.
In the case of LoRA and VeRA, we set the low-rank dimension to r = 8, follow-
ing the recommendations of the original work [186]. For the Houlsby and Pfeiffer
adapters, we use the same dimensional configurations as in our proposed method.
For Compacter and Compacter++, we select the best-performing configuration
reported in the original paper [217], corresponding to a value of 24. Regarding
parameter counts, we report values taken directly from prior work when available;
otherwise, we compute and report the counts based on our own re-implemented
setups.

Dataset Epochs Batch Size Warmup ratio Weight Decay Adapter Size
BERT-base and Large

CoLA 100 16 0.06 0.1 48
SST2 40 64 0.06 0.1 48
MNLI 40 64 0.06 0.1 48
RTE 80 64 0.06 0.1 48
QQP 60 64 0.06 0.1 48
MRPC 100 16 0.06 0.1 48
QNLI 20 64 0.06 0.1 48
STS-B 80 32 0.06 0.1 48
RoBERTa-base and Large
CoLA 80 64 0.6 0.1 16
SST2 20 64 0.6 0.1 16
MNLI 20 64 0.6 0.1 16
RTE 60 64 0.6 0.1 16
QQP 80 64 0.6 0.1 16
MRPC 60 64 0.6 0.1 16
QNLI 20 64 0.6 0.1 16
STS-B 80 64 0.6 0.1 16

Table 5.1: Hyperparameter configurations for BERT-based and RoBERTa-based
models on GLUE datasets.
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Dataset Epochs Batch Size Warmup steps Weight Decay Adapter Size
DeBERTa-v3-base
CoLA 50 32 800 0.5 16
SST2 25 32 6000 0.1 16
MNLI 20 32 8000 0.1 16
RTE 50 32 600 0.3 16
QQP 50 32 8000 0.1 16
MRPC 40 32 600 0.1 16
QNLI 20 32 2000 0.1 16
STS-B 50 32 800 0.1 16
SQuAD v1.1 10 16 1000 0.1 16
SQuAD v2.0 12 64 1000 0.1 16
DeBERTa-v2-XXL
CoLA 10 32 800 0.0 8
RTE 11 32 600 0.01 8
MRPC 30 32 600 0.01 8
STS-B 10 32 800 0.1 8

Table 5.2: Hyperparameter configurations used for DeBERTa-based models.

Dataset Epochs Batch Size Warmup ratio Weight Decay Adapter Size
BERT-base and Large

BoolQ 100 16 0.06 0.1 48
RTE 40 64 0.06 0.1 48
WiC 40 64 0.06 0.1 48
WSC 80 64 0.06 0.1 48
CB 60 64 0.06 0.1 48
RoBERTa-base and Large
BoolQ 100 16 0.06 0.1 48
RTE 40 64 0.06 0.1 48
WiC 40 64 0.06 0.1 48
WSC 80 64 0.06 0.1 48
CB 60 64 0.06 0.1 48

Table 5.3: Hyperparameter configurations for BERT-based, RoBERTa-based mod-
els on SuperGLUE.

Dataset Epochs Batch Size Warmup Steps Adapter Size
GPT-2-Medium and Large

E2E 20 8 2000 8
WebNLG 25 8 2500 8
DART 20 8 2000 8

Table 5.4: Hyperparameter configurations for GPT-2-based models

5.3 Results and Discussions

This section reports the results of our comparative experimental evaluation. We
begin by examining the performance of AdaKron and MAdaKron across a diverse
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set of downstream benchmark tasks and PLMs, with the aim of evaluating both
their effectiveness and parameter efficiency. The discussion is structured by task
category, considering natural language understanding first, followed by question an-
swering, and finally natural language generation. Moreover, Section 5.3.1 provides
an extensive ablation study aimed at quantifying the impact of the main design
choices introduced in AdaKron and MAdaKron.

Natural Language Understanding

Tables 5.5-5.10 report results on the GLUE
and SuperGLUE benchmarks. Experiments are conducted using BERT-base and
BERT-large, as well as RoBERTa-base and RoBERTa-large.

Model # Params (M) MNLI QNLI SST2 QQP MRPC CoLA RTE STS-B  Avg.
Baselines
Full Fine-Tuning [475] 110 83.2 90.0 91.6 87.4 90.9 62.1 66.4 89.8 82.7
UNIPELT [475] 14 83.9 90.5 91.5 85.5 90.2 58.6 3.7 88.9 83.5
Compacter (repr.) 1.3 81.6 89.2 87.9 85.1 88.7 58.7 59.8 86.3 79.7
Compacter++ (repr.) 1.3 80.0 89.8 91.6 83.7 89.5 57.8 60.5 86.2 79.9
(IA)? (vepr.) 1.2 79.4 88.8 92.3 82.7 90.1 59.9 65.4 86.8 80.7
MoLE-Adapter [249] 1.2 84.3 93.0 92.7 87.8 90.4 61.5 70.4 88.7 83.6
UNIPELT (AP) [305] 1.1 83.4 90.8 91.9 86.7 90.3 61.2 71.8 88.9 83.1
AdaMix Adapter [475] 0.9 84.7 91.5 92.4 87.6 92.4 62.9 4.7 89.9 84.5
Houlsby Adapter [475] 0.9 83.1 90.6 91.9 86.8 89.9 61.5 71.8 88.6 83.0
Pfeiffer Adapter 0.9 83.3 91.1 92.0 87.5 90.7 60.3 67.6 89.6 82.7
Pfeiffer Adapter 0.6 83.2 90.9 92.1 87.4 90.1 60.5 69.1 89.4 82.8
LoRA [475) 0.3 82.5 89.9 91.5 86.0 90.0 60.5 715 85.7 82.2
Prefix-tuning [475] 0.2 81.2 90.4 90.9 83.3 91.3 55.4 76.9 87.2 82.1
BitFit [475] 0.1 81.4 90.2 92.1 84.0 90.4 58.8 72.3 89.2 82.3
Vera (repr.) 0.04 83.1 90.5 92.3 85.9 89.9 59.0 61.0 86.8 81.1
Hadamard-Adapter [80] 0.03 80.4 89.7 92.4 85.9 90.2 58.4 71.9 88.5 82.2
Our approaches
AdaKron 0.6 83.50.18 91.1p.45 92.00.36 87.10.14 90.81.24 61.19.35 73.81.05 89.4p024 83.6
Full MAdaKron 0.6 83.90.20 91.30.47 92.8;1, 87.40.08 91.50.50 62.3] 5 76.0;%, 802015 84.3
Partial MAdaKron 0.6 83.90.05 91.1052 92.30.08 87.63,_03 91.1p.41 61.80.90 T4.2075 894942  83.9

Table 5.5: Main results on the GLUE validation set with BERT-base.

Model # Params (M) MNLI  QNLI SST2 QQP MRPC  CoLA RTE STS-B  Avg.
Baselines

Full Fine-Tuning [31] 336 85.5 91.7 934 87.5 90.7 62.2 71.9 90.0 84.1
Houlsby Adapter (repr) 4.8 85.1 92.0 93.0 88.7 83.1 58.3 70.4 89.7 82.5
Pfeiffer Adapter (repr.) 2.4 85.2 91.7 93.5 87.9 90.4 64.3 742 89.7 84.6
UNIPELT (repr.) 3.2 85.7 91.6 94.1 85.7 91.1 66.0 75.2 88.8 84.7
Compacter (repr.) 2.3 84.3 91.4 93.8 85.5 91.1 60.6 68.7 88.0 82.9
(IA)? (repr.) 2.3 80.7 90.0 93.4 81.7 90.8 64.3 75.0 88.5 83.1
Compacter-++ (repr.) 2.2 82.5 91.1 93.7 83.4 90.3 62.9 68.7 88.1 82.6
Diff-Prune [31] 1.7 86.4 93.4 94.2 86.6 91.3 63.5 71.5 89.5 84.5
AdaMix (repr.) 2.4 85.7 92.3 94.0 87.8 91.6 50.6 75.4 90.1 846
LoRA (repr.) 0.8 85.3 91.5 93.8 85.6 91.2 59.5 66.7 90.0 82.7
BitFit [31] 0.3 84.4 91.4 93.2 85.4 91.7 63.6 73.2 90.3 84.1
Hadamard Adapter [80] 0.1 83.6 91.1 93.1 87.2 91.3 62.7 73.1 90.0 84.0
Vera (repr.) 0.02 83.9 91.6 93.8 84.5 91.1 58.6 66.0 87.5 82.1

Our approaches
AdaKron 16 84.80.2 91.70.17 933020 875015 90.0oes  62.90.4 73.40.96 90001, 842
Full MAdaKron 1.6 847014 92.871; 936035 86405 909065 G48ig 75.30.08 89.7050 848
Partial MAdaKron 1.6 85.40.19 mgmﬁ 93.70.33 88.00.13 914030 64.10.79 75.60.34 90.29.6 85.1

Table 5.6: Main results on the GLUE validation set with BERT-Large.

On the GLUE benchmark, both AdaKron and MAdaKron provide a strong
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trade-off between effectiveness and efficiency. In particular, AdaKron consistently
improves upon several adapter-based baselines that require substantially more
trainable parameters, including UNIPELT, Compacter and Compacter++, (IA)3,
as well as both Houlsby and Pfeiffer adapters. These results show that the proposed
Kronecker-based parameterisation enables competitive adaptation while requiring
approximately one third fewer trainable parameters than original adapter methods.
Furthermore, AdaKron outperforms lightweight approaches such as BitFit, Vera,
and LoRA by at least one point on average. Building on these results, both Partial
and Full MAdaKron further improve AdaKron by at least 0.7 points on average
while maintaining the same parameter budget. The largest improvements are ob-
served on low-resource benchmarks such as RTE and CoLA, suggesting that the
proposed approach is particularly effective when training data are limited. In partic-
ular, Full MAdaKron achieves state-of-the-art performance on RTE, outperforming
AdaMix by more than one point. Finally, although AdaMix marginally outper-
forms MAdaKron by 0.2 points on average, it requires training approximately one
third more parameters than both MAdaKron variants. Table 5.6 shows that these
performance trends remain stable when scaling to BERT-large. AdaKron remains
competitive with full fine-tuning, while outperforming several baselines that train
either more parameters, such as Pfeiffer and Houlsby adapters, or fewer parame-
ters, such as LoRA. The largest improvements achieved by MAdaKron emerge on
QNLI, where Full MAdaKron reaches 92.8, improving over AdaKron by more than
one point and outperforming the Pfeiffer adapter baseline by 0.3 points. More-
over, Partial MAdaKron provides the strongest overall performance among the
proposed variants, reaching 85.1 and improving over AdaKron by nearly one point
without increasing the number of trainable parameters. These results suggest that
the expert-based mechanism is particularly beneficial at larger model scales, where
the additional representational capacity can be more effectively exploited through
adaptive routing.
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Model # Params (M) MNLI QNLI SST2 QQP MRPC CoLA RTE STS-B  Avg.
Baselines
Full Fine-Tuning [31] 125 86.4 92.3 94.2 88.0 92.5 61.1 774 90.6 85.3
UNIPELT [249] 1.4 87.2 92.0 93.9 87.7 9L.7 61.9 74.3 90.3 84.9
Compacter [364] 1.3 86.1 92.4 94.1 86.7 90.4 55.5 68.6 90.0 83.0
Compacter++ (repr) 1.3 85.2 92.0 94.1 84.6 91.9 64.1 76.2 90.5 84.8
(IA)? [364] 12 86.2 919 944 86.4 923 63.0 76.9 906  85.2
TopLoRA [250] 0.9 85.7 92.1 93.4 88.4 88.7 60.3 78.3 88.9 84.5
AdaMix Adapter (repr.) 0.8 83.2 93.3 94.9 86.7 92.3 64.5 82.3 90.8 86.0
HydraLoRA [250] 0.7 85.5 91.9 93.2 87.6 89.5 57.0 73.7 88.5 834
Pfeiffer Adapter (repr.) 0.6 87.1 92.5 94.3 87.9 92.6 63.0 79.0 90.8 85.9
Pfeiffer Adapters; (repr.) 0.6 87.0 92.5 94.6 87.9 92.3 63.1 79.3 90.7 85.9
DoRA [250] 0.6 85.3 91.9 93.4 87.9 87.8 56.5 74.8 88.5 83.3
MELoRA [250] 0.6 85.0 91.5 93.0 87.5 88.7 54.4 75.5 87.3 82.9
LoRA [364] 0.3 87.6 93.1 95.0 88.5 92.6 64.0 80.3 90.7 86.4
DyLoRA [452] 0.3 87.0 93.0 94.3 90.0 91.7 60.5 76.9 91.0 85.5
AdaLoRA [521] 0.3 87.0 93.0 94.0 89.9 89.4 58.8 75.9 90.6 85.0
AutoLoRA [521] 0.3 87.0 92.9 94.9 90.3 89.4 61.3 77.0 90.8 85.5
BoRA [251] 0.3 85.7 91.8 93.1 87.9 88.2 57.4 76.9 89.3 83.8
Prefix-Tuning [364] 0.2 87.0 92.5 95.2 87.1 91.1 61.6 1.1 90.1 84.5
Bit-Fit [31] 0.1 84.8 91.3 93.7 84.5 92.0 61.8 778 90.8 84.6
RoAd [260] 0.09 86.3 91.9 93.9 89.6 89.2 64.4 78.9 90.5 85.6
Vera (repr+ [234]) 0.04 87.1 91.8 94.6 87.0 89.5 65.6 78.7 90.7 85.6
Hadamard Adapter [80] 0.03 85.5 91.6 93.9 87.7 92.1 64.3 80.7 90.1 85.7
LoReFT [491] 0.02 83.1 91.2 93.4 87.4 89.2 60.4 79.0 90.0 84.2
Our approaches
AdaKron 0.2 86.700a 924020 94001 8T.Boos 926040 622001  T9dims 90.9015  85.7
Full MAdaKron 0.2 864017 926000  9480s1  ST.dous  93dga0 626073 T6.50sr 90.000;  85.4
Partial MAdaKron 0.2 86.60.06 92.8) 37 94.70.10 87.50.18 93.30.45 64.60.54 80.52),45 91.11,,10 86.4

Table 5.7: Main results on the GLUE validation with RoBERTa-base.

Model # Params (M) MNLI QNLI SST2 QQP MRPC CoLA RTE STS-B  Avg.
Baselines

Full Fine-Tuning [475] 355 90.2 94.7 96.4 92.2 90.9 68.0 86.6 92.4 88.9
UNIPELT (repr.) 3.2 90.3 94.0 96.3 88.9 93.2 72.1 89.8 90.2 89.3
(TA)? (repr.) 2.3 87.8 92.7 95.2 87.8 92.9 70.1 86.3 92.0 88.1
Compacter (repr.) 2.3 67.6 80.6 82.1 8.8 85.3 68.3 60.4 78.6 75.2
Compacter++ (repr.) 2.2 89.5 94.6 96.0 88.7 93.1 68.3 86.7 91.9 88.6
Houlsby Adapter [475] 0.8 90.3 94.7 96.3 91.5 87.7 66.3 72.9 91.5 86.4
Pfeiffer Adapter 0.8 90.5 94.8 96.6 91.7 89.7 67.8 80.1 91.9 87.9
AdaMix [475] 0.8 90.9 95.4 97.1 89.8 94.1 70.2 89.2 92.4 89.9
LoRA [475] 0.8 90.6 94.8 96.2 91.6 90.2 68.2 85.2 92.3 88.6
MoKA [509] 0.2 90.6 94.9 96.3 91.1 91.2 69.3 87.4 92.2 89.1
BitFit [498] 0.1 90.0 94.5 96.1 86.4 93.4 68.1 87.3 91.9 88.5
Hadamard Adapter [80] 0.1 89.5 95.1 96.1 90.3 92.5 67.8 85.9 91.9 88.6
Vera (repr+ [234]) 0.02 90.0 94.4 96.1 89.7 90.9 68.0 85.9 91.7 88.3
DoRA [250] 1.6 89.3 93.5 95.7 88.3 88.7 61.7 80.1 90.9 86.0
MELoRA [250] 1.6 88.9 93.2 95.9 87.9 87.8 60.6 79.5 90.2 85.5
HydraLoRA [250] 1.7 89.3 93.4 95.8 88.3 89.5 61.1 79.4 90.6 85.9
TopLoRA [250] 24 89.9 94.2 95.6 88.9 90.4 64.6 85.2 91.5 87.6
BoRA [251] 0.9 89.8 93.8 95.3 88.6 89.0 60.6 83.8 91.3 86.5

Our approaches
AdaKron 0.6 90.20.19 94.8).25 96.95 14 91.00.33 90.90.74 69.25 96 87.41.13 92.1p0s  89.1
Full MAdaKron 0.6 90.40.14 95.00.26 96.50.11 88.80.18 92.01.48 68.00.96 877017 90.8p20 88.6
Partial MAdaKron 0.6 90.60.17 95.00.21 96.60.06 88.50.23 94.00.41 69.00.63 88.90.23 92.0020 89.3

Table 5.8: Main results on the GLUE validation with RoBERTa-Large.

Table 5.7 confirms that the proposed approaches remain highly competitive
when using RoBERTa-base as the backbone. AdaKron provides a consistent im-
provement over baselines that require substantially more trainable parameters. For
instance, it outperforms both Compacter and Compacter+-+ while training fewer
parameters. Similarly, AdaKron improves over UNIPELT and (IA)?, despite these
methods introducing additional trainable components. Moreover, AdaKron also
surpasses lightweight approaches such as BitFit, Vera, and LoRA, particularly on
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low-resource tasks such as CoLA and RTE. These findings suggest that the Kro-
necker interaction allows AdaKron to preserve a richer intermediate representation
compared to Houlsby and Pfeiffer adapters, thereby improving robustness under
limited supervision. Building on AdaKron, Partial MAdaKron further improves
performance on RoBERTa-base, achieving consistent gains across multiple tasks.
In particular, it yields notable improvements on semantic similarity and inference
tasks such as STS-B and RTE, indicating that dynamic expert selection is benefi-
cial when the model must generalise beyond shallow lexical overlap. Compared to
reparameterisation-based approaches such as DyLoRA and AdaLoRA, MAdaKron
achieves competitive performance while training fewer parameters. Overall, these
results confirm that MAdaKron enhances AdaKron’s effectiveness without increas-
ing the parameter budget. Table 5.8 reports results obtained with RoBERTa-large.
In this setting, AdaKron continues to provide strong performance while requir-
ing only a small fraction of trainable parameters, outperforming several baselines
that train substantially more parameters, such as Houlsby and Pfeiffer adapters.
AdaKron also remains competitive with LoRA and other lightweight baselines,
indicating that the proposed Kronecker-based parameterisation scales effectively
to larger model sizes. Regarding MAdaKron, the expert-based extension remains
beneficial, although improvements are less uniform than in the BERT-large set-
ting. Partial MAdaKron improves AdaKron on tasks such as MRPC and QQP,
suggesting that the MoE mechanism is particularly useful for paraphrase detection
and pairwise semantic reasoning. However, Full MAdaKron does not consistently
outperform AdaKron, indicating that introducing a MoE structure in combination
with a large backbone may lead to less stable adaptation. Finally, AdaMix achieves
slightly higher performance than our approaches on RoBERTa-large. Nevertheless,
these gains remain limited and come at the cost of training approximately one third
more parameters. Overall, these results indicate that AdaKron and MAdaKron pro-
vide a more favourable efficiency—performance trade-off, especially in settings where
memory and training cost constraints are critical.

Bert-base Bert-Large
Model [# Params (M)  BoolQ RTE WiC WSC CB Avg. | # Params (M) _ BoolQ RTE WiC WSC CB  Avs.
Basclines
Full Fine-Tuning 110 729 68.4 711 63.5 83.0 718 336 T 70.4 74.9 68.3 94.6 7.1
Houlsby Adapter (repr.) 1.8 76.7 710 71.8 66.1 875 74.6 1.8 792 75.9 736 65.9 924 774
Compacter (repr.) 13 743 68.1 69.4 66.3 875 73.1 2.3 76.7 74.1 69.8 65.6 95.5 763
Compacter-++ (repr.) 13 73.3 66.5 69.1 65.6 82.2 71.3 2.2 76.6 744 69.6 65.1 911 754
UNIPELT (repr.) 14 7.7 4.7 716 65.6 88.4 752 32 776 78.2 72.0 67.2 91.1 771
(IA)® (repr.) 1.2 745 73.0 706 65.4 86.6 740 2.3 772 778 711 67.0 911 76.8
Pfeiffer Adapter,s (repr.) 09 75.1 77.4 710 64.7 786 72.8 24 775 773 T 66.6 875 76.1
AdaMix (repr.) 09 75.2 65.0 711 65.4 80.3 714 18 774 75.2 716 65.4 90.4 76.0
Pfeiffer Adapters; (repr.) 0.6 74.6 72.6 704 65.2 795 724 16 75.8 76.9 77 66.6 875 76.1
LoRA (repr.) 03 754 67.9 714 66.1 90.2 742 0.8 78.0 743 69.6 65.6 91.6 75.8
Vera (repr.) 0.04 737 67.0 711 66.1 85.7 727 0.02 702 718 68.8 65.4 91.1 735
Our approaches
AdaKrons 06 37050 T28u0r 0502 65.7051 90.2,5; 746 16 64071 765046 T29070 6705 925095 T7.1
Partial MAdaKrons 0.6 TS0 Thdoss  Tlhir 67Ty, 90.8,, 75.8 16 T2 Thdogs  T3604 67007 93306 T7.1

Table 5.9: Main results on the SuperGLUE validation with both BERT-base and
Large.
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RoBERTa-base RoBERTa-Large
Model [# Params (M) BoolQ RTE WiC WSC CB  Avg. | # Params (M) BoolQ RTE WiC WsC CB  Avs.
Basclines

Full Fine-Tuning [180] 125 83.5 52.7 69.3 58.7 89.3 70.7 355 86.9 86.6 75.6 63.5 94.6 772
Compacter (repr.) 1.3 79.2 77.4 68.9 64.7 94.2 76.9 2.3 774 68.9 64.7 94.2 76.9
Compacter++ (repr.) 13 79.7 i 67.2 64.9 90.2 75.9 22 86.8 70.9 64.4 82.2 78.0
UNIPELT (repr.) 1.4 816 815 69.3 65.1 96.4 78.7 3.2 89.0 716 64.7 99.5 821
(IA)? (repr.) 1.2 0.2 79.8 69.5 67.0 96.4 786 23 87.6 713 65.9 97.7 816
Pfeiffer Adapter (repr.) 0.6 80.8 82.6 61.6 64.7 92.0 76.3 0.8 89.4 704 65.6 982 820
LoRA (repr.) 0.3 80.7 782 67.2 64.5 96.0 773 02 78.2 67.2 64.5 96.0 773
Houlsby Adapter (repr.) 02 818 80.4 70.6 64.9 93.8 78.3 0.8 80.7 706 64.9 938 783
AdaMix (repr.) 03 81.2 82.3 66.9 63.5 96.0 78.0 0.8 88.1 734 64.4 923 808
Pfeiffer Adapterys (repr.) 03 80.2 810 64.4 64.4 92.9 76.8 0.8 80.0 72.1 65.1 96.0 817
Vera (repr.) 0.06 772 73.9 65.5 64.2 92.4 4.7 0.02 85.6 715 65.3 933 802

Our approaches
AdaKron 02 9705 8llorr 6940 6545, 9647 T84 0.6 86.0017  878oe  Tllggs 649070  100y), 820
Partial MAdaKron 02 80.502s  82.Tp3 08807 6ddory 973 787 0.6 865017 89005 722 64907 10051, 825

Table 5.10: Main results on the SuperGLUE validation with both RoBERTa-base
and Large.

For SuperGLUE, we report only Partial MAdaKron in Tables 5.9 and 5.10,
since it achieves higher performance than the Full variant in three out of four
models on GLUE. Overall, both AdaKron and MAdaKron achieve strong perfor-
mance on reasoning-oriented tasks. In particular, MAdaKron consistently attains
the best or second-best performance across all backbone models while training sub-
stantially fewer parameters than adapter-based baselines. When MAdaKron does
not achieve the best performance, the gap remains below 0.3 points, highlighting its
stable behaviour across the evaluated architectures. On BERT-base, AdaKron out-
performs by at least 0.6 points several strong baselines requiring more trainable pa-
rameters, including UNIPELT, Compacter, Compacter+-+, and both Houlsby and
Pfeiffer adapters. This indicates that AdaKron is effective also on tasks requiring
deeper semantic reasoning, which cannot be solved through shallow lexical match-
ing. Partial MAdaKron further improves AdaKron across most tasks, confirming
the benefit of introducing an explicit expert-based mechanism. Improvements are
particularly pronounced on low-resource tasks such as RTE and CB, where models
typically struggle to generalise due to limited supervision. This suggests that expert
specialisation is beneficial in low-data scenarios. Notably, compared to AdaMix,
MAdaKron achieves consistently stronger results across all backbones while re-
quiring fewer trainable parameters. Similar trends are observed when scaling to
BERT-large. AdaKron continues to outperform most baselines that train more
parameters, including Pfeiffer and Houlsby adapters, while remaining competitive
with full fine-tuning. Partial MAdaKron further improves AdaKron, achieving the
strongest overall performance on this backbone. These results suggest that the
MokE-based extension becomes increasingly beneficial at larger model scales, where
the model can better exploit the flexibility introduced by expert selection. On
RoBERTa-base and RoBERTa-large, AdaKron again provides strong improvements
over adapter baselines and compact PEFT approaches, while MAdaKron achieves
the best overall performance across most settings. The largest gains are observed
on tasks such as BoolQ and RTE, which require modelling subtle entailment re-
lations and question—answer consistency. Overall, the SuperGLUE results confirm
that AdaKron is a robust alternative to standard adapters, and that MAdaKron
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further improves adaptation capacity without increasing parameter requirements.

Model # Params (M) MNLI QNLI SST2 QQP MRPC CoLA RTE STS-B  Avg.
Baselines

Full Fine-Tuning [518] 184 90.1 94.0 95.6 89.8 89.5 69.2 83.7 91.6 87.0
UNIPELT (APL) [249] 0.9 89.1 93.7 95.6 89.6 92.4 68.0 81.6 91.7 87.7
Compacter (repr.) 0.7 89.4 93.9 95.7 86.6 92.5 69.3 85.6 91.2 88.1
Compacter ++ (repr.) 0.6 89.7 94.1 95.7 87.3 93.1 69.4 85.9 91.2 88.1
Houlsby Adapter [518] 0.6 90.2 93.8 95.3 88.9 89.2 67.9 85.5 91.3 88.1
Pfeiffer Adapter [518] 0.6 90.3 94.0 95.5 88.9 89.2 69.5 84.1 91.5 88.2
Houlsby Adapter 0.31 90.02 93.52 95.41 88.81 89.25 67.75 83.39 91.31 87.77
AdaMix (repr.) 0.6 90.1 94.3 95.7 88.6 91.1 71.0 87.4 91.7 88.7
(TA)? (repr.) 0.6 87.7 92.2 95.2 86.2 93.4 69.6 86.0 91.3 87.7
DiffoRA [209] 0.4 90.5 94.5 96.0 91.8 90.8 70.8 88.0 91.7 89.2
LoRA [518] 0.3 90.4 94.0 94.9 88.9 89.7 68.7 85.6 91.7 88.3
AdaLoRA [518] 0.3 90.7 94.5 95.8 89.2 90.4 70.0 874 91.6 89.0
Pfeiffer Adapter [518] 0.3 90.1 93.9 94.7 88.6 89.7 69.1 84.5 91.4 88.1
Vera [15] 0.2 90.2 93.5 95.1 87.6 90.9 70.7 87.3 91.1 88.3
BitFit [518] 0.1 89.9 92.2 94.8 84.9 87.7 66.9 78.7 91.3 86.3

Our approaches
AdaKrong 0.2 89.90.12 94.00.21 95.7.20 88.40.15 89.91 51 69.81.08 88.10.52 91.7929 885
AdaKron;g 0.4 89.90.16 93.90.12 95.60.06 88.20.10 90.40.71 70.41.84 88.651 91.6011 88.6
Partial MAdaKrong 0.4 89.80.13 94.3) 18 95.30.11 87.20.12 90.20.93 70.60.96 88.00.43 91.7p19 884

Table 5.11: Main results on the GLUE validation with DeBERTa-v3-base.

SQuAD v1.1 SQuAD vl.1 SQuAD v2.0 SQuAD v2.0

Model # Params (M) EM F1 EM F1
Baselines
Full Fine-Tuning [518] 184 86.0 92.7 85.4 88.4
AdaMix (repr.) 0.6 87.7 93.6 85.2 88.1
Pfeiffer Adapter [518] 0.6 86.2 92.8 84.9 87.8
Pfeiffer Adapter [518] 0.3 85.9 92.5 84.5 87.6
Houlsby Adapter [518 0.15 84.4 91.5 834 86.6
Houlsby Adapter [518 0.3 85.3 92.1 84.3 87.3
Houlsby Adapter [518 0.6 86.2 92.8 84.9 87.9
Houlsby Adapter [518 1.2 86.6 93 85.4 88.3
LoRA [518] 0.3 86.6 92.9 83.6 86.7
LoRA [518] 0.6 86.1 92.7 84.5 874
LoRA [518] 1.2 86.7 92.9 85 88
LoRA [518] 0.2 86.4 92.8 84.7 87.2
AdaLoRA [518] 0.2 87.2 93.4 85.6 88.7
Adalora [518] 0.30 87.5 93.6 85.8 88.8
Adalora [518] 0.6 87.5 93.7 85.5 88.6
Adalora [518] 1.2 87.6 93.7 86 88.9
DiffoRA [209] 0.1 87.6 93.5 84.2 87.2
Our approaches
AdaKrongg 0.4 87.00.17 93.20.17 84.70.14 87.60.28
AdaKrong 0.2 87.20.20 93.20.10 84.30.26 87.30.26
AdaKrons, 0.40 87.00.09 93.20.05 84.10.20 87.20.20
AdaKrongy 0.77 87.10.14 93.10.01 82.80.05 85.80.05
Partial MAdaKrong 0.2 87.55 08 92.20.07 85.30.11 88.30.13

Table 5.12: Main results on the SQuAD with DeBERTa-v3-base.

We further evaluate AdaKron and Partial MAdaKron on DeBERTa-v3-base.
Results are reported in Tables 5.11 and 5.12, which present performance on GLUE

and both SQuAD datasets, respectively.

Overall, AdaKron and MAdaKron re-

main highly competitive, showing that the proposed approach generalises beyond
BERT-like architectures and remains effective under DeBERTa’s disentangled at-
tention mechanism. On GLUE, AdaKron consistently matches or improves upon
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strong PEFT baselines such as Houlsby and Pfeiffer adapters, while training more
than one third fewer parameters. As in previous experiments, the largest gains are
observed on low-resource tasks such as RTE and CoLLA, confirming that Kronecker-
based adaptation is particularly robust when supervision is limited. On question
answering, both AdaKron and MAdaKron perform on par with, and in some cases
outperform, Houlsby and Pfeiffer adapters on both SQuAD v1.1 and v2.0, de-
spite requiring fewer trainable parameters. These results indicate that AdaKron
preserves strong representational capacity even when the task requires modelling
question—answer interactions. Finally, AdaLLoRA achieves slightly higher perfor-
mance on SQUAD v2.0, likely because it explicitly optimises rank allocation across
layers, which aligns well with DeBERTa’s architectural characteristics. Neverthe-
less, AdaKron and MAdaKron remain competitive, offering a simpler and more
parameter-efficient alternative.

As a final robustness evaluation, we scale AdaKron to a 1.5B-parameter con-
figuration based on DeBERTa-v2-XXL and test it on a subset of GLUE tasks,
namely MRPC, CoLLA, RTE, and STS-B. These benchmarks span both low- and
high-resource settings and include single-sentence as well as sentence-pair classifi-
cation tasks. The results show that AdaKron approaches the performance of full
fine-tuning while updating only 0.06% of the total model parameters. In particu-
lar, it achieves scores of 90.4 on MRPC (compared to 92.0 with full fine-tuning),
70.6 on CoLA (vs. 72.0), 88.9 on RTE (vs. 89.9), and 91.9 on STS-B (vs. 92.9).
Although the average performance gap with respect to full fine-tuning is around
three points, the difference on STS-B is reduced to a single point, despite the fact
that AdaKron updates only approximately one million parameters. These findings
indicate that AdaKron scales effectively to billion-parameter models without the
need for full model optimisation, making it well suited for large-scale adaptation
settings.

Model # Params (M) Spanish Hindi Russian Romanian ‘ Marathi Hausa Nigerian Pidgin
LoRA (repr.) 0.3 67.3 70.6 82.6 66.8 86.5 59.5 55.8
Pfeiffer Adapter (repr.) 0.9 69.8 70.1 81.1 62.9 84.9 60.2 52.0
AdaKron 0.6 721 724 821 664 | 87.2 594 54.7

Table 5.13: Main results on the SemEval 2025 "Bridging the Gap in Text-Based
Emotion Detection" Task.

Beyond English benchmarks, we further evaluate AdaKron on the validation
split of the SemEval-2025 task “Bridging the Gap in Text-Based Emotion Detec-
tion” [322], which covers both high- and low-resource languages. For this study, we
consider a representative selection of seven languages, including four high-resource
languages (Spanish, Hindi, Russian, and Romanian) and three low-resource lan-
guages (Hausa, Nigerian Pidgin, and Marathi). Results are reported in Table 5.13.
Overall, AdaKron consistently outperforms both LoRA and Pfeiffer adapters across
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all selected languages, showing that the proposed approach is robust beyond En-
glish. Notably, improvements are particularly large for low-resource languages,
where adaptation methods often suffer from instability and limited training data.
This suggests that AdaKron is effective at extracting informative representations
even when the training distribution is sparse or noisy. Overall, these results confirm
that the proposed approach generalises effectively to multilingual scenarios.

Model 4 Params (M) DART DART WebNLG WebNLG

BLEU TER | BLEU TER
Baselines
Full Fine-Tuning [475] 355 46.2 0.46 46.5 0.53
Fine-Tuning Top2 [475] 25 41.0 0.56 36.0 0.72
Houlsby Adapter [475] 11 45.2 0.46 54.9 0.39
AdaMix Adapter [475] 0.4 47.7 0.47 54.9 0.39
DyLoRA [452] 0.4 46.5 0.48 54.5 0.39
Prefix-Tuning [475] 0.3 46.4 0.46 55.1 0.40
LoRA [475] 0.3 471 0.46 55.3 0.39
Our approaches
AdaKron 0.3 45.00.37 0.500.01 51.60.42 0.430.01
Partial MAdaKron 0.3 46.6(](22 0.49[)‘[)1 53.3().54 0‘42()‘()1

Table 5.14: Main results on WebNLG and DART with GPT-2-medium.

Model # Params (M) BLEU NIST MET ROUGE-L CIDEr
Baselines
Full Fine-Tuning [475] 355 68.2 8.62 46.2 71.0 2.47
Fine-Tuning Top2 [475] 25.0 68.1 8.59 46.0 70.8 2.41
Houlsby Adapter [475] 11.0 68.9 8.71 46.1 71.3 247
AdaMix Adapter [475] 0.4 69.8 8.75 46.8 71.9 2.52
DyLoRA [452] 0.4 69.2 8.75 46.3 70.8 2.46
Vera [234] 0.4 70.1 8.81 46.6 1.5 2.50
Prefix-Tuning [475] 0.3 69.7 8.81 46.1 71.4 2.49
LoRA [475] 0.3 70.4 8.85 46.8 71.8 2.53
FourierFT [133] 0.048 69.1 8.82 47.0 71.8 2.51
Our approaches
AdaKron 0.3 69.30.91 8.650.14 45.80.78 71.30.70 241008
Partial MAdaKron 0.3 69.2¢.07 8.680.04 46.30.05 71.10.22 2.46¢ 01

Table 5.15: Main results on E2E with GPT-2-medium.

Tables 5.14 and 5.15 report the performance of AdaKron and MAdaKron on
E2E, WebNLG, and DART using GPT-2 medium, while Table 5.16 reports results
on E2E using GPT-2 large. Overall, AdaKron and MAdaKron achieve competitive
performance across all tasks, showing that the proposed approach generalises to
autoregressive models and generation settings. On E2E, both methods outperform
full fine-tuning across all evaluated metrics while training less than 1% of the orig-
inal model parameters. On WebNLG and DART, AdaKron and MAdaKron per-
form comparably to LoRA and Houlsby adapters despite requiring fewer trainable
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parameters. Moreover, MAdaKron consistently improves over AdaKron, achiev-
ing higher ROUGE-L and BLEU scores. Finally, results on GPT-2 large further
confirm that both methods remain effective when scaling to larger autoregressive
backbones (774M parameters), outperforming full fine-tuning while training only
0.6M parameters.

Model # Params (M) BLEU NIST MET ROUGE-L CIDEr
Baselines
Full Fine-Tuning [186] e 68.5 8.78 46.0 69.9 2.45
Houlsby Adapter [186] 0.9 69.1 8.68 46.3 71.4 2.49
Prefix-Tuning [186] 0.7 70.3 8.85 46.2 1.7 2.47
LoRA [186] 0.7 70.4 8.89 46.8 72.0 2.47
Vera [234] 0.2 70.3 8.85 46.9 71.6 2.54
FourierFT [133] 0.072 70.2 8.92 47.0 71.8 2.50
Our approaches
AdaKron 0.6 68.8“_4(; 8.700_01 46.40_37 71.50_34 2.450_01
Partial MAdaKron 0.6 69.5¢.55 8.760.06 46.6¢.15 71.40.08 2.49¢.01

Table 5.16: Main results on E2E with GPT-2-Large.

5.3.1 Ablation Study and Analysis

This section analyses the main design choices behind AdaKron and MAdaKron.
In particular, we investigate: (i) the impact of the intermediate dimension and
reduction factor, (ii) alternative formulations to the Kronecker product, and (iii)
the contribution of the main Mixture-of-Experts (MoE) components in MAdaKron.

Intermediate Dim. r =r; -7y 8 16 32 48 64 256 8 16 32 48 64 256 | 32 48
Down projections Dim. 71, 7, | 24 2,8 2,16 224 232 2128 | 42 44 48 412 416 464| 84 124
# Params (M) 01 02 04 06 09 35 01 02 03 06 08 30|03 06

Average Performance ‘86.6 874 87.7 87.7 88.1 88.2 ‘86.9 87.5 87.8 88.3 88.2 88.2‘87.6 88.0

Table 5.17: Ablation study on the four new GLUE development datasets with
BERT-base to study the impact of the intermediate dimension.

Intermediate Dimension We conduct an ablation study to evaluate the impact
of the AdaKron intermediate dimension r and the reduction factor ry, which to-
gether determine the sizes of the two down-projection layers (i.e., r; = r/ry and
T9), and thus control both the expressive capacity and the number of trainable
parameters. For this analysis, we partition the original training sets of SST-2,
CoLA, RTE, and STS-B into 85% for training and 15% for evaluation. We select
these datasets because they cover a broad spectrum of tasks, including both high-
and low-resource scenarios, as well as single-sentence and sentence-pair classifica-
tion problems. We investigate multiple intermediate dimension sizes, specifically
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8, 16, 32, 48, 64, and 256, together with two reduction factors, namely 2 and 4.
The results show that small intermediate dimensions (e.g., 8 and 16) yield the
lowest average performance, whereas larger dimensions (e.g., 64 and 256) improve
effectiveness at the cost of a higher number of trainable parameters. Overall, the
configuration » = 48 with ro = 4 provides the best trade-off, achieving the highest
average performance across tasks while keeping the number of trainable parameters
below 0.6% of the backbone. In contrast, configurations that produce excessively
small blocks within the Kronecker structure lead to a degradation in performance.
For instance, fixing the same intermediate size but increasing the reduction factor
to ro = 12 produces blocks that are too small, which negatively impacts the final
results.

SST2 CoLA RTE STS-B

Dim. v # Params (M) Acce Mece Acc  Pearson Avg.
8 0.1 95.0 85.2 93.4 94.5 92.0
16 0.2 96.5 83.7 92.2 94.8 91.8
32 0.4 95.7 85.0 92.1 92.7 91.3
64 0.8 95.8 83.3 89.7 91.1 90.0

Table 5.18: Ablation Study on the four newly introduced GLUE development sets
using DeBERTa-v3-base as the pretrained language model, investigating the opti-
mal intermediate dimension for both AdaKron and MAdaKron.

We further analyse the impact of the intermediate dimension using DeBERTa-
v3-base on four GLUE tasks. Results reported in Table 5.18 indicate that, unlike
BERT, DeBERTa achieves its best performance with a smaller intermediate dimen-
sion, namely r = 16. Increasing the dimension to 32 or 64 does not consistently
improve results, and in some cases slightly decreases performance on SST2 and
STS-B. This suggests that DeBERTa can effectively exploit more compact adapta-
tion modules, while larger intermediate representations may introduce overfitting.
Consequently, we adopt » = 16 as the default setting for DeBERTa-based experi-
ments.

Variations of Kronecker Product In this section, we investigate the role of
the Kronecker product within the AdaKron layer. We evaluate AdaKron against
several alternative formulations, including variants in which the Kronecker oper-
ator is applied to different adapter components, symmetric versions of the oper-
ation, Kronecker-sum formulations, as well as other matrix interactions such as
Hadamard-like and Khatri-Rao products. The corresponding results are sum-
marised in Table 5.19. In the original AdaKron design, the Kronecker product
is applied exclusively to the down-projection modules. In addition to this base-
line configuration, we examine variants where the operator is instead applied to the
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up-projection layer, as well as configurations where it is used in both up- and down-
projection stages. Given the non-commutative nature of the Kronecker product, we
further introduce a symmetric variant to evaluate the influence of operand ordering.
Specifically, the Symmetric AdaKron variant applies the Kronecker product twice,
swapping the input vectors and summing the results:

g(yca yv) = g(yv’ yc) = GELU(yC ® Yy + Yo @ yc) e er.m’

where y, € R™, 3. € R, and g(+) denotes the output of the down-projection layers,
as defined in Section 5.1.
We further investigate Kronecker-sum variants defined as:

yv@yc:yUQ]-rQ +yc®17“17

where 1, = (1,1,...,1) € R" is the all-ones vector. We evaluate both the pure
sum formulation and a hybrid variant that combines product and sum outputs.
Beyond Kronecker-based formulations, we evaluate alternative matrix products.
Since AdaKron produces down-projection outputs y. € R™ and y, € R™ with
r1 # 1o, the standard Hadamard product cannot be directly applied. We therefore
adopt the penetrating face product, defined as:

YelOlYo = [(¥)1 O Yo | -+ | (Ye)r, © 3] €R™,

where ® denotes the element-wise product. Compared to the Kronecker product,
which produces a vector of size r; - 9, this operation yields a lower-dimensional
output, potentially introducing a representational bottleneck. We also investigate
the Khatri-Rao product, defined for matrices A and B as:

Ax B = (Az,] & Bi,j)i,j7

where each block is the Kronecker product of the corresponding blocks of A and
B. In our setting, the Khatri-Rao product between y. and y, is defined as:

Ye * Yoy = [(?JC)I & Y | T | (?JC)H ®yv] € R ™,

The results indicate that the original AdaKron configuration-where the Kro-
necker product is applied solely to the down-projection layers-yields the highest
average performance. It outperforms all other variants by at least 0.4 points and
is the only setting that exceeds the Pfeiffer adapter baseline. In contrast, mov-
ing the Kronecker operation to the up-projection reduces the number of trainable
parameters but results in a notable degradation in performance, with an average
drop of more than one point. This behaviour is consistent with the functional role
of the up projection: since it maps the intermediate representation back into the
transformer hidden space, imposing excessive structural constraints may prevent
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SST2 CoLA RTE STS-B

Model # Params (M) Acc Mce Acc  Pearson Ave.

Pfeiffer Adapter (repr.) 0.9 96.8 8.7 841 92.8 88.1

AdaKron 0.6 96.9 78.8 84.7 92.8 88.3

Kronecker product in Up projection 0.5 96.7 776 84.9 89.7 87.2
Kronecker product in both Down and Up projection 0.3 96.4 81.6 72.3 90.5 85.2
Symmetric AdaKron 0.6 96.6 7.5 84.8 92.4 87.8

Kronecker Sum 0.6 96.0 78.5 83.7 92.5 87.7

AdaKron + Kronecker Sum 0.6 95.2 78.0 84.7 92.6 87.6

Hadamard product 0.2 96.5 76.8 83.7 91.9 87.2

Khatri-Rao product 0.6 96.7 78.1 84.7 92.4 87.9

Table 5.19: Ablation study with BERT-base to study the impact of the Kronecker
product on the new introduced development sets.

the adapter output from properly aligning with the residual connection. Moreover,
symmetric Kronecker and Kronecker-sum variants underperform the original formu-
lation. Although these alternatives introduce commutativity or additive combina-
tions, they also reduce the separable structure induced by the Kronecker expansion,
effectively blending the two projected representations and limiting expressiveness.
Similarly, the penetrating face product yields approximately one point lower per-
formance on average, likely due to its reduced output dimensionality. While the
Khatri-Rao product performs closer to the Kronecker formulation, it still underper-
forms AdaKron, suggesting that its block-wise structure restricts global interactions
across projected components. Overall, these results indicate that AdaKron’s gains
are not simply attributable to increasing intermediate dimensionality, but rather
stem from the specific representational structure induced by the Kronecker product,
which expands the feature space while maintaining parameter efficiency.

SST2 CoLA RTE STS-B

MAdaKron # Params (M) Acc Mecc Acc  Pearson Ave.

Pfeiffer Adapter (repr.) 0.9 96.9 787 841 92.9 881
MAdaKron 0.6 97.0 79.1 85.6 92.2 88.5

w/o Consistency 0.6 96.5 787 843 92.1 87.9

w/o Merging, with Consistency 0.6 96.6 78.7 85.2 92.3 88.2
w/o Merging, w/o consistency 0.6 96.1 78.0 84.5 92.1 87.7
biased probability, with Consistency 0.6 96.4 78.8  86.3 92.3 88.4
biased probability, w/o consistency 0.6 95.3 79.6 825 92.3 87.4
Softmax Gating, with balancing 0.7 96.6 78.2 84.7 92.8 88.0
Softmax Gating, w/o balancing 0.7 96.7 78.0 83.4 92.7 87.7

Table 5.20: Ablation results on the four newly introduced GLUE development
sets using BERT-base, analyzing the effects of the MAdaKron architecture, the
inference-time merging strategy, the consistency loss, and the learnable gating
mechanism.
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Variations of Mixture of Experts We perform an ablation study to evaluate
the contribution of the key components of the Mixture-of-Experts mechanism used
in MAdaKron. We first examine the expert activation distribution. Given that
experts are sampled uniformly at random, each expert is selected in roughly 25%
of the training steps. Importantly, no individual expert is preferentially activated,
which ensures a balanced update frequency across all experts during optimisation.
To further disentangle the impact of the main design choices in MAdaKron, we
investigate three variants:

» removing the consistency regularisation term from the training objective;

o substituting uniform sampling with a skewed selection strategy, where the
first expert is chosen with probability 0.7 and the remaining experts with
probability 0.1 each;

o replacing random selection with a learnable softmax gating mechanism
trained jointly with the model parameters and regularised via a load-balancing
objective, while selecting the top-2 experts at inference time.

The corresponding results are presented in Table 5.20. In all experiments, the num-
ber of experts is fixed to four and the adapter bottleneck dimension is set to 48.
Overall, the complete MAdaKron configuration—including consistency regularisa-
tion during training and expert aggregation at inference—achieves the strongest
performance among the considered variants. Removing the consistency loss results
in an average drop of 0.6 points, indicating that the KL-based regulariser is crucial
to stabilise expert training and prevent experts from converging to inconsistent
local optima. Intuitively, each expert minimises the task loss while also aligning
its predictions with another randomly selected expert, which promotes agreement
and improves generalisation. Biased expert selection does not substantially af-
fect performance when the consistency objective is preserved. However, once the
regulariser is removed, biased routing yields an additional drop of approximately
one point, suggesting that consistency regularisation is essential for ensuring that
rarely activated experts still learn meaningful representations. Moreover, remov-
ing expert merging at inference time and instead using random expert selection
consistently degrades performance by at least 0.3 points. This suggests that ex-
pert merging effectively functions as an implicit ensembling strategy, combining
complementary information learned by the different experts, in line with findings
from prior work [475]. In addition, substituting stochastic routing with a learned
softmax gating mechanism results in an average performance drop of at least 0.5
points, even though it introduces additional trainable parameters. The learned
gate exhibits relatively balanced usage of the four experts during training on SST2,
CoLA, RTE, and STS-B, with selection frequencies of 24.4%, 28.3%, 23.5%, and
23.8% for the first, second, third, and fourth experts, respectively. Thus, expert se-
lection frequencies remain relatively balanced due to the load-balancing objective;
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however, this result is consistent with recent findings on sparsely activated archi-
tectures [541], which highlight that learned gating can introduce instability and
expert collapse. Overall, these findings indicate that stochastic expert selection
provides a more effective balance between simplicity, stability, and performance in
the MAdaKron setting.

MAdaKron Model # Experts SST2 CoLA RTE STS-B Avg.

Full 2 96.9 e 85.4 91.2 87.7
Full 6 95.9 73.3 80.6 87.0 84.2
Full 8 95.2 67.4 83.0 80.0 81.4
Partial 2 96.9 76.0 84.8 92.3 87.5
Partial 6 97.0 79.2 847 91.6 88.1
Partial 8 97.0 77.9 83.0 91.5 87.3
Full 4 96.7 8.7 83.7 92.3 87.9
Partial 4 97.0 79.1  85.6 92.2 88.5

Table 5.21: Ablation study on the new introduced development sets with BERT-
base to evaluate the impact of the number of experts on MAdaKron.

Number of Experts We further investigate how the number of experts influ-
ences MAdaKron’s performance using BERT-base as the backbone model. In par-
ticular, we evaluate setups with 2, 4, 6, and 8 experts across four GLUE benchmark
tasks. Results are reported in Table 5.21. Overall, the results indicate that using
four experts provides the most effective and stable configuration for both Partial
and Full MAdaKron. Consequently, we adopt four experts as the default setting in
all experiments. Increasing the number of experts beyond this value does not yield
consistent improvements and often leads to degraded performance on low-resource
tasks. A clear pattern emerges when contrasting low- and high-resource datasets.
As the number of experts increases, routing becomes sparser and each expert re-
ceives fewer effective parameter updates. This negatively impacts datasets with
limited supervision, such as RTE and STS-B, which contain fewer than 7k training
instances. For instance, on RTE and STS-B, the two-expert configuration outper-
forms the eight-expert setting by 1.8 and 0.8 points, respectively. This behaviour
indicates that, in low-resource scenario, distributing supervision across a larger
number of experts can lead to insufficient training of individual components, as the
available learning signal becomes overly fragmented. By contrast, high-resource
tasks such as SST-2 (with approximately 67k training examples) show little sen-
sitivity to the number of experts, with performance remaining relatively stable
across configurations. This suggests that, when sufficient supervision is available,
the model can effectively leverage a larger set of experts without suffering from
sparse updates. A similar pattern is observed in the generative setting with GPT-2
large: on the E2E dataset (approximately 42k training instances), increasing the
number of experts yields modest gains, with MAdaKron achieving 73.8 BLEU using
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eight experts compared to 72.8 BLEU with four experts. Overall, these findings in-
dicate that larger expert sets are more beneficial in high-resource scenarios, whereas
smaller configurations tend to be preferable in low-resource conditions.

t-SNE Visualization of expert distribution across layers on RTE

& e

Figure 5.4: t-SNE projection of the 48-dimensional output vectors produced by
MAdaKron for a single batch from the RTE dataset. Visualisations are shown for
consecutive layer pairs to illustrate how expert representations evolve across the
network depth.

Visualisation of M AdaKron Experts To gain further insight into the be-
haviour of MAdaKron, we analyse the evolution of expert representations across
layers when fine-tuning BERT-base on RTE. The goal is to assess whether differ-
ent experts develop distinct representational roles and how these roles change with
depth. We extract the 48-dimensional output vectors produced by MAdaKron for
a single batch and project them into a two-dimensional space using t-SNE. For
clarity, we restrict the batch size to four and fix the sequence length to 128. The
resulting visualisations for successive layer pairs are presented in Figure 5.4, al-
lowing a layer-wise examination of representation dynamics. In the initial layers
(layers 1-2), the embeddings form clearly separated clusters, suggesting that each
expert specialises in capturing different aspects of the input, primarily related to
general lexical and semantic patterns. In intermediate layers (e.g. layers 3—4),
these clusters begin to overlap, showing increasing interaction between expert rep-
resentations. From layers 5-8, a gradual blending of representations is observed,
reflecting a transition towards more task-specific features. In deeper layers (lay-
ers 9-10), the representations largely converge into a dominant cluster, suggesting
that information becomes progressively unified. Finally, in the output layers, expert
representations are almost indistinguishable, indicating strong integration prior to
prediction. Overall, this analysis reveals a consistent progression in representation
dynamics: early layers encourage expert specialisation, intermediate layers facili-
tate interaction and gradual convergence, and deeper layers consolidate information
into a unified representation for final decision-making.
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Training Phase Inference Stage

Model # Params (M) ’ TFLOPs MACs Time (s) Memory Usage (GB) Energy (J) CO, (mg) | Inference Time (s)
LoRA 0.3 3.09 1.54 33.2 15.0 48.28 5.36 1.31
Pfeiffer Adapter 0.9 3.12 1.56 35.0 19.9 48.67 5.40 1.36
AdaMix 0.9 6.24 3.12 64.8 39.4 97.34 10.82 1.38
AdaKron 0.6 3.11 1.55 36.5 19.8 48.52 5.39 1.37
Partial MAdaKron 0.6 6.22 3.11 65.2 39.3 97.03 10.78 1.39

Table 5.22: Training and Inference Efficiency. Training and inference times are
reported in seconds (s), memory usage in GB, energy consumption in Joules, and
carbon emissions in milligrams.

5.3.2 Efficiency Analysis

As noted by Lialin et al. [256] and discussed in Chapter 3, parameter effi-
ciency should be understood as a multidimensional notion that goes beyond the
mere count of trainable parameters, encompassing factors such as memory usage,
training and inference latency, and energy consumption. While the preceding sec-
tions primarily focused on model effectiveness, we now turn to an analysis of the
computational efficiency of AdaKron and MAdaKron. For this purpose, we fine-
tune BERT-base on the RTE dataset for a single epoch, using a batch size of 32
and a maximum sequence length of 512. All experiments are carried out on an
NVIDIA A100 GPU. We evaluate a range of efficiency metrics, including peak
GPU memory consumption, total training duration, TFLOPs, MACs, estimated
energy usage, and the associated CO, emissions. The results are reported in Ta-
ble 5.22. From a parameter perspective, both AdaKron and MAdaKron reduce the
number of trainable parameters by roughly one third compared to Pfeiffer adapters
and AdaMix, further confirming the parameter efficiency advantages introduced by
the Kronecker-based design. From a computational perspective, AdaKron requires
3.11 TFLOPs to complete a full training epoch, which is marginally lower than the
3.12 TFLOPs observed for Pfeiffer adapters. Although the difference is minimal, it
suggests that incorporating the Kronecker product does not increase computational
overhead and may even slightly reduce it by effectively shrinking the dimension-
ality of the down-projection operations. In terms of runtime and memory usage,
AdaKron records a training time of 36.5 seconds and a peak GPU memory con-
sumption of 19.8 GB, closely matching the figures of Pfeiffer adapters (35.0 seconds
and 19.9 GB, respectively). Overall, these results indicate that AdaKron maintains
the efficiency characteristics of conventional adapter tuning while providing a more
expressive parameterisation. In contrast, MAdaKron requires 6.22 TFLOPs, ap-
proximately twice that of AdaKron, which is expected given that each training step
involves two forward passes due to the consistency regularisation scheme. Notably,
this computational cost is on par with AdaMix, which requires 6.24 TFLOPs. Sim-
ilarly, MAdaKron exhibits a training time of 65.2 seconds and a memory footprint
of 39.3 GB, which are nearly identical to those of AdaMix (64.8 seconds and 39.4
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GB). This indicates that MAdaKron achieves its performance improvements with-
out introducing additional overhead beyond what is inherent to consistency-driven
MokE training. We further estimate energy usage and carbon emissions. Using
FLOP-based approximations for NVIDIA A100, AdaKron consumes 48.5 J and
generates 5.39 mg of COa, slightly below Pfeiffer adapters (48.67 J and 5.40 mg
COs). As anticipated, both MAdaKron and AdaMix approximately double the
energy consumption of AdaKron due to their two-pass training procedure. Nev-
ertheless, MAdaKron produces a marginally lower carbon footprint than AdaMix
(by approximately 0.1 mg CO,), suggesting that the Kronecker-based formulation
introduces a modest reduction in computational cost even within the MoE set-
ting. Finally, we consider inference latency. All adapter-based approaches (Pfeiffer
adapters, AdaMix, AdaKron, and MAdaKron) show comparable inference times,
ranging between 1.36 and 1.39 seconds, and are slightly slower than LoRA (1.31
seconds). This behaviour is expected, as LoRA operates through modifications of
existing weight matrices without introducing additional modules, whereas adapter-
based methods add extra computation during the forward pass. Overall, these
findings confirm that AdaKron maintains an efficiency profile comparable to stan-

dard adapter approaches, while MAdaKron remains computationally competitive
with AdaMix.

5.4 Conclusions

In this Chapter, we introduced AdaKron and MAdaKron, two parameter-
efficient fine-tuning approaches based on the Kronecker product. AdaKron lever-
ages a Kronecker-based parameterisation to enhance adapter expressiveness while
maintaining a compact number of trainable parameters. Building on this formula-
tion, MAdaKron introduces a Mixture-of-Experts architecture within the adapter
layer to further increase adaptation capacity, while still requiring the training of
less than 1% of the original model parameters. Our experimental evaluation across
eight pre-trained language models and eighteen downstream datasets demonstrates
both the effectiveness and efficiency of the proposed methods. With respect to
RQ1, AdaKron achieves competitive performance across natural language under-
standing, question answering, and natural language generation benchmarks while
updating only a small fraction of model parameters. In multiple settings, AdaKron
improves upon both lightweight PEFT methods (e.g., BitFit and LoRA) and heav-
ier adapter-based baselines, confirming that Kronecker-based adaptation provides a
strong mechanism for improving expressiveness without increasing parameter cost.
Regarding RQ2, we investigated whether incorporating a Mixture-of-Experts com-
ponent into AdaKron improves performance. The results confirm that MAdaKron
consistently strengthens AdaKron on most benchmarks, particularly on challenging
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NLU tasks, indicating that dynamic expert selection provides additional represen-
tational flexibility. Importantly, MAdaKron achieves these gains while maintaining
the same parameter budget as AdaKron, showing that the expert-based extension
improves effectiveness without sacrificing parameter efficiency. Finally, in rela-
tion to RQ3, MAdaKron achieves state-of-the-art or near state-of-the-art perfor-
mance across several benchmarks when compared with recently proposed PEFT
approaches. MAdaKron integrates a MoE architecture with a random uniform gat-
ing function, which outperform the classic learnable gate, as shown to answer RQ4.
Overall, these results highlight MAdaKron as a practical and effective fine-tuning
strategy, capable of improving adaptation performance while requiring substantially
fewer trainable parameters than full fine-tuning.
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Chapter 6

DRAMA: Domain Retrieval using
Adaptive Module Allocation

Domain adaptation is a central challenge in modern Neural Information Re-
trieval (NIR). While dense retrieval models achieve strong performance by learning
contextual semantic representations, they typically require fine-tuning on in-domain
data in order to reach their full effectiveness [146, 219]. As a consequence, retrieval
systems deployed in heterogeneous environments often rely on multiple domain-
specific models, each specialised to a specific domain or task. Although this strat-
egy vields strong performance, it scales poorly with the number of domains, as
it increases storage requirements and computational cost. A popular alternative
consists in training a single unified retriever that is expected to generalise across
all domains. However, prior work has shown that achieving robust cross-domain
generalisation with a single model remains challenging [442], particularly when do-
mains exhibit substantial differences in terminology, writing style, and relevance
patterns. In practice, this creates a trade-off between domain specialisation and
scalability: highly specialised models improve retrieval effectiveness, but require
maintaining multiple copies of large neural architectures, whereas unified models
reduce deployment complexity but often suffer from performance degradation. To
mitigate these limitations, Parameter-Efficient Fine-Tuning (PEFT) [155, 45] has
emerged as an effective strategy to enable efficient adaptation by updating only a
small subset of parameters while keeping the backbone model frozen. Among PEFT
methods, adapter-based approaches such as Houlsby adapters [184] and low-rank
reparameterisation techniques such as LoRA [187] provide modular mechanisms to
introduce domain-specific knowledge with limited parameter overhead. In parallel,
model compression techniques such as pruning [386] and knowledge distillation [359]
aim to reduce the computational requirements of neural models. Nevertheless, re-
ducing model dimensionality often leads to weak robustness in cross-domain evalu-
ation settings, showing that small models may struggle to preserve domain-specific
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representational knowledge [56, 111]. These observations highlight the need for re-
trieval architectures that support scalable multi-domain adaptation while remain-
ing computationally efficient. In particular, an ideal framework should satisfy three
key requirements: (i) maintain strong effectiveness comparable to domain-specific
fine-tuning, (ii) avoid storing and updating multiple full retrieval models, and (iii)
enable the incremental integration of new domains with minimal retraining cost. To
address this limitation, in this Chapter we introduce DRAMA (Domain Retrieval
using Adaptive Module Allocation), a modular approach aimed at scalable and
energy-efficient multi-domain retrieval. DRAMA trains a single shared dense re-
triever via knowledge distillation and augments it with lightweight domain-specific
adapter modules, enabling domain adaptation without updating the frozen back-
bone model. During inference, a gating mechanism selects the most suitable adapter
for each incoming query, allowing the system to activate domain-specific parameters
only when required. This routing strategy is inspired by Mixture-of-Experts (MoE)
architectures employing top-1 gating [199]. However, unlike conventional MoE
training pipelines—which jointly optimise both experts and router in an end-to-
end manner—DRAMA trains its components separately. This separation improves
scalability and modularity, as additional domains can be incorporated by training
new adapters (and, if necessary, updating the gating classifier) without retraining
the underlying retriever. We evaluate DRAMA in both dense bi-encoder and cross-
encoder retrieval configurations on two domain-sensitive tasks: academic search
and community question answering. DRAMA is compared against domain-specific
fine-tuned retrievers as well as unified multi-domain baselines. Experimental results
show that DRAMA attains retrieval performance comparable to domain-specialised
models, while significantly reducing inference-time energy consumption and asso-
ciated COq emissions. In addition, DRAMA demonstrates strong robustness when
deployed on previously unseen domains, suggesting that its modular allocation
strategy facilitates effective generalisation beyond the training distribution. The
remainder of this Chapter is structured as follows. Section 6.1 reviews relevant lit-
erature on knowledge distillation for information retrieval. Section 6.2 introduces
the DRAMA framework and details its architectural components. Section 6.3 de-
scribes the experimental setup, including datasets, evaluation metrics, and training
procedures. Section 6.4 presents and analyses the experimental findings. Finally,
Section 6.5 concludes the Chapter by summarising the main contributions.

6.1 Related Work

In this section, we present related works on dense retrieval, knowledge distilla-
tion and Mixture of Experts.
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Dense retrieval and domain sensitivity Dense retrieval models, introduced
following the success of BERT [103], have become a dominant paradigm in neural in-
formation retrieval [218]. Unlike sparse methods such as BM25 [395], dense retrieval
models learn continuous representations of queries and documents in a shared em-
bedding space, enabling semantic matching beyond lexical overlap [230]. Despite
their effectiveness, dense retrievers are highly sensitive to domain shift. Models
trained on a given distribution often experience significant performance degrada-
tion when applied to new or heterogeneous domains. Recent work has explored
parameter-efficient mechanisms to improve adaptability without fully retraining
large models. In particular, adapter-based methods [184] have been successfully
integrated into dense retrieval pipelines [292, 215], enabling lightweight domain
adaptation while preserving the shared backbone.

Knowledge distillation for efficient adaptation Knowledge distillation
(KD) [176] has been widely used to transfer knowledge from large, high-capacity
models (teachers) to smaller models (students), enabling efficiency improvements
without substantial loss in effectiveness. In information retrieval, KD has been ap-
plied to compress large ranking models into more efficient architectures suitable for
deployment. Representative models such as DistilBERT [410] and MiniLM [474]
show that compact models can retain strong performance while significantly re-
ducing computational cost. In neural retrieval, KD is particularly relevant for
domain adaptation, as it allows student models to inherit domain-specific ranking
behaviour from specialised teachers. Approaches such as Margin-MSE loss [179],
TCT-ColBERT [265], and RocketQA [374] further illustrate how distillation can be
used to improve efficiency while preserving retrieval quality. However, while KD
improves efficiency at the model level, it does not directly address the scalability
issue arising from maintaining multiple domain-specific models.

Mixture-of-Experts and modular adaptation Mixture-of-Experts (MoE) ar-
chitectures [199, 416] provide a complementary direction for scalable modelling by
activating only a subset of specialised components (experts) for each input. This
conditional computation paradigm has been widely adopted in large-scale neural
systems, including recent LLM architectures such as Mixtral [206]. In the context of
domain adaptation, MoE models such as DEMix [150] and Branch-Train-Mix [430]
show that separating experts by domain can improve performance while maintain-
ing scalability. These approaches rely on learned routing mechanisms that assign
inputs to the most appropriate expert. Although effective, MoE systems are often
trained end-to-end, which can make incremental extension to new domains expen-
sive and inflexible. In information retrieval, MoE-inspired designs [424, 426, 425]
have been explored for tasks such as question answering [97, 220], showing the
potential of modular architectures for domain-sensitive retrieval. Overall, existing
work highlights a trade-off between adaptability and scalability: dense retrievers
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require domain-specific tuning, KD improves efficiency but not modularity, and
MokE improves modularity but often at the cost of training complexity. In contrast,
DRAMA combines knowledge distillation, parameter-efficient adapters, and MoE-
inspired routing into a unified framework for scalable domain adaptation in neural
retrieval. This enables efficient domain specialization without requiring full model
duplication or joint re-training of all components.

6.2 Domain Retrieval using Adaptive Module Al-
location

We introduce DRAMA (Domain Retrieval using Adaptive Module Allocation), a
modular framework designed to enable efficient and scalable domain adaptation for
neural retrieval. The core idea is to decouple domain specialization from the back-
bone retrieval model, allowing lightweight components to capture domain-specific
behaviour while maintaining a single shared encoder. This design supports efficient
adaptation to multiple domains without increasing the complexity of the under-
lying retrieval architecture. In the following, we describe the main components of
DRAMA: (i) domain-specific adapters, (ii) the domain classification (gating) mech-
anism, (iii) the inference pipeline, and (iv) the overall parameter efficiency of the
system.

6.2.1 Domain-Specific Adapters

DRAMA relies on a frozen dense retrieval encoder Encoder(-), which can be
either a Bi-Encoder or Cross-Encoder architecture. Instead of training separate
full models for each domain, we introduce lightweight adapter modules that en-
able domain-specific adaptation. Let D = {d;,...,dy} denote the set of different
domains. For each domain d,,, we associate a dedicated adapter module A, with
parameters ¢,, which modulate the behaviour of the frozen backbone according to
domain-specific characteristics. This design enables efficient domain adaptation:
rather than fine-tuning a whole model per domain, DRAMA only learns a small
set of additional parameters. As a result, adding a new domain requires training
only a new adapter module, without modifying or retraining the shared encoder.
Each adapter is trained independently using knowledge distillation from a domain-
specific teacher retriever. For each query—document pair in the training data, the
teacher model produces a similarity score reflecting the relevance of the document
to the query. The distillation objective is to make the student retriever to match
the behaviour of the domain-specific teacher by minimising a Mean Squared Er-
ror (MSE) loss [387] between the teacher’s score and the student’s predicted score
(denoted as the DRAMA score in Figure 6.1). In addition, we leverage the avail-
able ground-truth relevance labels to directly optimise the student model using a
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Figure 6.1: Overview of the DRAMA training procedure.

triplet margin loss [17] (Retrieval Loss in Figure 6.1). This training strategy allows
DRAMA to benefit jointly from the original supervision signal and from the teacher
model’s guidance. Leveraging both teacher-generated similarity scores and explicit
relevance labels is a common practice in knowledge distillation for information re-
trieval [374].

6.2.2 Domain Classifier (Gating Function)

To support adaptive behaviour at inference time, DRAMA incorporates a
lightweight gating component that predicts the most appropriate domain for a
given query. Concretely, this module functions as a domain classifier defined as:

G(q) = argmax P(d, | q), (6.1)

where P(d, | ¢) is computed using the shared encoder backbone followed by a
compact classification head. This gating mechanism is essential for enabling condi-
tional computation. Rather than evaluating all domain-specific adapters, DRAMA
activates only the adapter associated with the predicted domain, thereby reducing
inference-time computational cost while retaining the benefits of domain-specific
specialisation. Unlike classical Mixture-of-Experts architectures, where experts and
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gating networks are jointly optimised, DRAMA decouples the training of the classi-
fier from the adapter training process. The classifier is trained independently using
query-domain labels via a cross-entropy objective. This decoupled training strategy
enhances modularity and facilitates extensibility, since additional domains can be
supported by training a new adapter and updating the domain classifier, without
requiring retraining of the entire retrieval model.

6.2.3 Inference Pipeline

During inference, DRAMA operates through a two-stage adaptive procedure
aimed at maximising efficiency and scalability. Given an input query ¢, the first
step consists of applying the gating function to identify the most probable domain:

dy = G(Q) (6.2)

Then, only the corresponding adapter A, is activated within the frozen encoder
Encoder(-). The query and candidate documents are then encoded using this
domain-specific configuration, and relevance scores are computed. This conditional
activation mechanism ensures that only a small fraction of parameters is used per
query, while still enabling domain-specific behaviour. Importantly, the backbone
model remains unchanged across all domains, guaranteeing consistent behaviour
and simplifying deployment.

6.2.4 Parameter Efficiency

A key objective of DRAMA is to achieve scalable domain adaptation without
increasing the cost of deployment. This is achieved through the use of lightweight
adapters and a frozen backbone. Let P denote the number of parameters of the
shared encoder and A the size of a single adapter, where A < P. For N domains,
DRAMA requires only:

P+ N-A+ Agate (6.3)

parameters, where Ay, corresponds to the small gating classifier. By contrast,
deploying N separate dense retrievers would require N - P parameters, leading to
a linear growth in memory and storage requirements with respect to both model
size and the number of supported domains. DRAMA avoids this duplication and
thus yields substantial reductions in storage footprint, memory usage, and compu-
tational cost. This modular structure further enhances scalability. Additional do-
mains can be supported by training a single new adapter module, without modifying
or retraining the existing components. Consequently, DRAMA enables continual
extension to new domains in multi-domain retrieval scenarios while preserving an
efficient and stable deployment profile.
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6.3 Experimental Settings

The experimental evaluation is designed to address the following research ques-
tions:

1. RQO: Do dense retrievers fine-tuned on individual domains outperform a
single unified model trained jointly on data from multiple domains?

2. RQ1: Does DRAMA improve retrieval effectiveness over a unified baseline by
dynamically selecting domain-specific parameters based on the input query?

o (a) How accurately can the gating mechanism predict the correct domain
at inference time?

+ (b) To what extent does DRAMA generalise to previously unseen do-
mains?

3. RQ2: Does DRAMA provide substantial reductions in energy consumption
and storage requirements?

In this section, we describe the datasets, model configurations, baselines, and
evaluation setuo adopted to assess the effectiveness and efficiency of DRAMA. Our
experimental design aims to evaluate multi-domain retrieval under heterogeneous
domain structures, while also analysing scalability and generalisation to unseen
domains.

Datasets Our experiments rely on two multi-domain retrieval benchmarks that
differ in size and domains. Table 6.1 reports the main characteristics of the datasets,
including the number of queries and documents, as well as the distribution of do-
main annotations. The first benchmark is an academic search collection introduced
by [28], which comprises four scientific domains, each containing roughly five mil-
lion documents. The dataset is designed to approximate realistic academic retrieval
scenarios. Queries are constructed from paper titles, and relevance labels are de-
rived from citation links: for each query paper, the documents cited by the paper
are judged as relevant. To prevent temporal leakage, the dataset is split into train-
ing and test splits based on publication dates, such that test queries are associated
with papers published after those included in the training set. The second bench-
mark is SE-PQA, a community question answering (cQA) dataset constructed from
Stack Exchange [226]. The full dataset spans 50 communities, each representing a
distinct topical domain. Since our study targets multi-domain retrieval, we restrict
the evaluation to communities with at least 50,000 training queries. This selection
results in four domains—SciFi, Gaming, English, and Apple—containing approx-
imately 52k, 83k, 100k, and 86k training questions, respectively. In this setting,
user questions serve as queries, while relevant documents correspond to answers
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‘ Academic Search

| SE-PQA (cQA)

\ Computer Science \ Physics H Apple \ English
# documents 4 809 684 4926 753 173990 | 265100
# train queries 552798 728171 86386 | 100543
# val queries 5583 7355 6 687 6 644
# test queries 6 497 6 366 7367 6 384
avg. relevants 3.24 4.17 1.27 1.79

\ Political Science \ Psychology H Gaming \ Scifi
# documents 4814084 4215384 151362 | 118416
# train queries 162 597 544 882 83281 52256
# val queries 1642 5503 3672 3661
# test queries 5715 12625 4071 6 046
avg. relevants 3.88 4.73 1.24 1.36

Table 6.1:

Statistics for the benchmark datasets used to train and evaluate

DRAMA.

that received positive feedback from the community. These communities exhibit
strong topical separation and distinct linguistic patterns, making the dataset par-
ticularly suitable for evaluating domain routing and specialisation. Taken together,
the two datasets represent complementary multi-domain retrieval scenarios. The
academic benchmark contains partially overlapping domains and more ambiguous
query-domain boundaries, whereas SE-PQA is characterised by clearly separated
domains and highly domain-specific vocabulary. Importantly, both datasets pro-
vide query-level domain labels, enabling controlled evaluation of domain-specialised
adaptation strategies. To assess generalisation beyond the training domains, we ad-
ditionally evaluate DRAMA in a zero-shot setting on two BEIR benchmarks [442],
i.e. SCIDOCS [92] and Quora [442]. These datasets are selected because they align
with the two retrieval scenarios considered during training. In particular, SCI-
DOCS addresses citation prediction, which is closely related to academic search
tasks, whereas Quora focuses on community question answering, making it compa-

rable to SE-PQA.

Model Details and Baselines To evaluate DRAMA under different retrieval
paradigms and compute constraints, we consider multiple backbone encoders and
training configurations, and compare against both domain-specific and multi-
domain baselines.

We conduct experiments using both Bi-Encoder and Cross-Encoder architec-
tures. Evaluating both architectures allows us to assess whether DRAMA remains
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effective across different retrieval settings. For the academic search benchmark, we
consider two model configurations. First, we use DistilBERT [410] (66.4M parame-
ters) as student and BERT-base [103] (110M parameters) as teacher, and evaluate
this setting and Bi-Encoder architecture. Second, we use MiniLM [474] (22.7M pa-
rameters) as both student and teacher, and evaluate it under both Bi-Encoder and
Cross-Encoder settings. For the SE-PQA benchmark, we adopt MiniLLM as both the
teacher and student model, and we evaluate both Bi-Encoder and Cross-Encoder
retrieval configurations. For each dataset, we consider three primary baseline sys-
tems. First, we train a unified multi-domain model (ALL) by fine-tuning a single
retriever on the combined training data from all domains, without explicitly distin-
guishing domain boundaries. This model represents the standard unified approach
to multi-domain retrieval. Second, we train specialised domain-specific models (.9),
obtained by fine-tuning the same backbone independently on each domain. These
models provide a reference point for the performance achievable through standard
domain-specific adaptation. Third, we train teacher models (7'), which are fine-
tuned independently on each domain and used as supervision sources for knowledge
distillation. Depending on the experimental configuration, the teacher can share the
same architecture as the student (e.g. MiniLM) or correspond to a larger backbone
(e.g. BERT-base distilling into DistilBERT).

Building on the general multi-domain backbone, DRAMA introduces domain-
specific parameter-efficient modules trained via knowledge distillation from the cor-
responding teachers. In this setting, the encoder remains frozen and only the
adapter parameters are updated. To show that DRAMA can be seamlessly inte-
grated with different parameter-efficient fine-tuning approaches, we evaluate two
alternative techniques: (i) Houlsby bottleneck adapters [184] with reduction factor
4, and (ii) LoRA modules [187] with rank 8. Adapters are trained with a learning
rate of 107* in the DistilBERT and BERT-base configuration, and with a learning
rate of 5- 1077 in all MiniLM-based experiments. All models are trained for 40
epochs with batch size 128 and learning rate 2 - 107°. The margin of the ranking
loss is fixed to 0.1 across all experiments. All results are reported in a re-ranking
scenario. BM25 is used to retrieve an initial set of candidate documents, with its
hyperparameters optimised on the validation data. Subsequently, neural ranking
models are applied to re-rank the top-k retrieved candidates. We set k = 1000 for
academic search and k = 100 for SE-PQA, following the original benchmark con-
figurations [28, 226]. Finally, the gating classifier responsible for domain routing is
trained independently from the adapters. Across all datasets and backbones, it is
trained for 10 epochs with learning rate 1074

Evaluation Metrics Retrieval performance is measured using three standard
ranking metrics: Mean Average Precision at 100 (MAP@100), Mean Recipro-
cal Rank at 10 (MRR@10), and Normalised Discounted Cumulative Gain at 10
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(NDCG@10). Statistical significance is evaluated via a Bonferroni-adjusted two-
sided paired Student’s t-test with a 99% confidence level.

6.4 Results

This section reports the experimental results obtained across both the academic
search and the community question answering benchmarks. Our analysis is struc-
tured around the research questions introduced in Section 6.3, and aims to assess
both the retrieval effectiveness and the scalability of DRAMA under different re-
trieval architectures and model sizes.

Results for the academic search benchmark are reported in Tables 6.2, 6.3, and
6.4, while results for SE-PQA are reported in Tables 6.5 and 6.6.

Model ‘ Computer Science ‘ Physics ‘ Political Science ‘ Psychology
\ MAP@100 MRR@10 NDCG@10 \ MAP@100 MRR@10 NDCG@10 \ MAP@100 MRR@10 NDCG@10 \ MAP@100 MRR@10 NDCG@10

BM25 | 123 489 225 | 128 537 269 | 133 502 241 ] 126 512 239
Full Model

BERTy 203 .609 2314 207 657 364 190 589 .303 .231 660 1358

DistilBERTs 193 .600 .304 .2007 6501 3561 186 588 .300 219 .644 3441

DistilBERT a1, 1190 .595 .300 190 637 345 191 589 .306 211 638 337

Knowledge Distillation (Oracle)

Distil BERT1ora 197 .602 .307 .190 .638 345 197 597 312 219 .648 345

DistilBERT soutshy 204 .609 2315 .196 646 1351 201 603 .316 .224 651 2350
DRAMA

DistilBERTora 197+ .602 2307t 2190 637 345 196+ 5961 3120t 2191 L6481 23451

DistilBERT routshy 204 .6091 314+ .1961 647t 3521 202+ L6057 2319+ 223+ L6501 349+

Table 6.2: Results of the DistillBERT BiEncoder model on the academic search
dataset. The symbols * and { denote significant improvements over S and ALL,
respectively.

Model ‘ Computer Science ‘ Physics ‘ Political Science ‘ Psychology
| MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@I10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10

BM25 | 123 489 225 | 128 537 269 | 133 502 241 ] 126 512 239
Full Model

MiniL Mg 193 597 .300 182 1626 .335 184 578 1295 218 647 1342

MiniLMapy, 189 593 292 178 620 .330 191 590 .304 211 636 .335

Knowledge Distillation (Oracle)

MiniLMp,pa 190 595 294 181 624 .332 193 592 .306 215 642 341

MiniLMpoutshy 193 597 .300 182 626 335 194 592 .307 216 644 341
DRAMA

MiniLMpora 190 5951 293 81t 624 .332 192 592f 2305 214 642f 341t

MiniLMpoutshy 193t 5951 23001 .182f 627t .3351 194+t 5921 307+t 216" L6441 341t

Table 6.3: Results of the MiniLM BiEncoder model on the academic search dataset.
Notation for * and T as per Table 6.2.
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Model ‘ Computer Science ‘ Physics ‘ Political Science ‘ Psychology
| MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10

BM25 | a23 489 225 | a2 537 269 | 133 502 241 | 126 512 .239
Full Model

MiniLMg a7t 5897 2891 1741 6247 .3281 1841 584F 1296 2131 644f 3391

MiniLMary, 163 564 273 155 600 .307 177 579 1292 1186 615 312

Knowledge Distillation (Oracle)

MiniLMpoga 164 567 276 159 605 311 177 579 .292 190 624 318

MiniLMpoutshy 177 .589 289 172 620 .322 181 584 .296 207 640 1335
DRAMA

MiniLMpora 1641 5677 276 158t 604 311t 177 581 .293 1897 6221 23167

MiniLMgoutshy 174t 584" 283t At 618 2320 1821 584 12961 2021 635 23321

Table 6.4: Results of the CrossEncoder model on the academic search dataset.
Notation for * and T as per Table 6.2.

Model Apple English Gaming Scifi
| MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10

BM25 | 250 272 276 | 466 544 506 | 437 463 AT4 ] 480 516 521
Full Model

MiniL Mg 378t 414F 413t 606" 6911 644t .592f 6261 .627F 637t 685 677t

MiniL My, 371 407 406 .600 685 .639 580 613 615 624 672 664

Knowledge Distillation (Oracle)

MiniLMpoga 359 .393 .396 .595 677 635 577 .609 613 634 680 675

MiniLMoutshy 373 409 409 .606 691 644 589 622 624 641 689 680
DRAMA

MiniLMp g 371 406 407 595 677 .635 582 615 617 .6337 6811 6737

MiniLMgoutshy 373 408 409 L6061 6901 L6441 5891 6221 6241 6411 6891 6801

Table 6.5: Results of the BiEncoder model on the cQA dataset. Notation for * and
T as per Table 6.2.

6.4.1 RQO: Do dense retrievers fine-tuned on individual
domains outperform a single unified model trained
jointly on data from multiple domains?

We investigate whether domain-specific dense retrievers outperform a single
model trained jointly on data from multiple domains. To investigate this question,
we evaluate domain-specific models (5), each trained independently on a single
domain, and compare them against a unified model (ALL) trained on the entire
multi-domain dataset without any explicit domain distinction. Across nearly all
domains and architectures, the results show a consistent performance gap between
specialised and general training. In particular, the general model systematically
underperforms compared to the specialised baselines, confirming that a unified
retriever struggles to capture domain-specific relevance signals when trained on
heterogeneous data distributions. This behaviour is expected, since different do-
mains often exhibit distinct lexical conventions, semantic structures, and relevance
patterns, which can introduce conflicting gradients during joint training. The only
exception is observed in the Political Science domain of the academic search bench-
mark, where the unified model slightly outperforms the domain-specific model. This
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Model ‘ Apple ‘ English ‘ Gaming ‘ Scifi
| MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10

BM25 | 250 272 216 | 466 544 506 | 437 463 AT4 ] 480 516 521
Full Model

MiniLMg 23007 3281 3331 5361 .621F .579° 5157 545 5547 5407 5831 5867

MiniLMary, 290 318 323 523 608 567 503 532 542 524 566 570

Knowledge Distillation (Oracle)

MiniLMpoga 297 1328 330 531 616 573 .505 535 544 516 556 561

MiniLMgoutshy 307 1338 340 543 628 585 512 543 553 541 583 586
DRAMA

MiniLMpora 297t .3287 3301 .531F 616 5731 .505 535 544 515 556 561

MiniLMpioushy 307+ 3387 3407t 543+ 6277 585+ 5131 543 5531 5401 5821 586"

Table 6.6: Results of the CrossEncoder model on the cQA dataset. Notation for *
and T as per Table 6.2.

behaviour can be attributed to two factors. First, Political Science is the small-
est domain in the dataset, and the limited supervision reduces the effectiveness of
isolated fine-tuning. Second, queries in this domain exhibit stronger cross-domain
overlap, suggesting that the corresponding documents may not be strictly domain-
specific. We further analyse this behaviour in the discussion on routing perfor-
mance. Overall, in response to RQO, the results show that fine-tuning models on
individual domains leads to higher retrieval performance compared to training a
single model jointly on multiple domains.

6.4.2 RQ1l: Does DRAMA improve retrieval effective-
ness over a unified baseline by dynamically select-
ing domain-specific parameters based on the input
query?

To answer RQ1, we evaluate two variants of our approach. First, we consider a
distilled oracle setting (K D), where the correct domain is provided at inference time
and the corresponding adapter is activated. Second, we evaluate the full DRAMA
configuration, where the domain is predicted automatically using the gating clas-
sifier. In both experimental settings, we evaluate two adapter-based parameterisa-
tions, i.e. Houlsby adapters and LoRA updates, in order to assess the robustness
of DRAMA across different PEFT strategies. We first present the results on the
academic search benchmark in Tables 6.2, 6.3, and 6.4. Using DistilBERT as the
student and BERT-base as the teacher, the distilled oracle model (KD) attains per-
formance comparable to the teacher and, in certain cases, slightly exceeds it. This
indicates that the domain-specific ranking behaviour encoded by the teacher can
be successfully transferred into lightweight adapter components, even when operat-
ing with a smaller backbone model. When the gating mechanism is incorporated,
both DRAMA yu156y and DRAMA [, 4 remain within roughly 2% MAP@100 of the
teacher, while consistently outperforming both the domain-specific student base-
line (S) and the unified multi-domain model (ALL). On average, DRAMA improves
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MAP@100 by around 3% over the general model, suggesting that allocating parame-
ters in a domain-aware manner helps mitigate the negative effects of heterogeneous
training data distributions. The gating classifier achieves an overall accuracy of
89%, performing particularly well on Computer Science, Physics, and Psychology,
while showing reduced accuracy on Political Science. This pattern aligns with the
partial overlap among academic domains and the relatively smaller size of the Po-
litical Science training data. We further evaluate DRAMA using MiniLM as both
teacher and student. In this setting, both DRAMA variants consistently outper-
form the baseline models while remaining close to the specialised per-domain mod-
els, with a parameter overhead below 4% per domain. In the Cross-Encoder setting,
DRAMA surpasses the unified baseline across all domains, yielding MAP@100 gains
between 1.7% and 2.9%. The small performance gap with respect to the oracle KD
model is mainly attributed to reduced domain classification accuracy, which drops
to approximately 80We then evaluate DRAMA on the SE-PQA benchmark using
MiniLM as both teacher and student, with results reported in Tables 6.5 and 6.6.
In the Bi-Encoder configuration, the gating module achieves 99% overall accuracy,
with per-domain precision ranging between 98% and 99%. This is expected given
that the selected Stack Exchange communities correspond to clearly distinct do-
mains with strong linguistic separation. Consequently, DRAMA performs very
close to domain-specific fine-tuning. In particular, DRAMA g4y, remains within
0.3% MAP@100 of the specialised models while improving over the unified baseline
by 1.6% on average. DRAMA ,r4 also improves over the general model, albeit to
a lesser extent, indicating that bottleneck adapters provide stronger capacity for
domain adaptation in this scenario. In the Cross-Encoder setting, DRAMA pou15py
matches the performance of specialised models and improves MAP@100 by 3.6%
over the unified baseline. DRAMA g4 yields improvements primarily on the Apple
and English domains, while providing weaker gains on SciFi and Gaming. These
results show that LoRA may be less effective at capturing fine-grained domain-
specific ranking behaviour compared to bottleneck adapters. Overall, to answer
RQ1, DRAMA substantially improves retrieval effectiveness compared to a unified
multi-domain model, and achieves performance close to domain-specific fine-tuning
and the oracle KD configuration, while maintaining a scalable shared backbone.

How accurately can the gating mechanism predict the correct domain at
inference time? RQ1(a) analyses whether DRAMA’s performance gains depend
on the ability of the gating classifier to select the correct domain adapter. To disen-
tangle the specific effect of domain routing, we consider a random routing baseline
(RND), in which the adapter is selected uniformly at random for each query during
inference. Results in Table 6.7 show that random routing leads to a consistent per-
formance drop. Indeed, DRAMA significantly outperforms the random baseline,
confirming that accurate domain classification is essential for effective parameter
allocation. This behaviour shows that the improvements achieved by DRAMA do
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not arise simply from adding adapters, but depend critically on selecting the appro-
priate domain-specific module. We further analyse the weaker precision on Political
Science in the academic dataset, where precision is 63%. This domain contains the
smallest training set and exhibits substantial topical overlap with other scientific
areas. We manual inspect misclassified queries, such as “Grazing behavior and as-
sociations with obesity, eating disorders, and health-related quality of life in the
Australian population”, which is classified under Political Science but is categorised
as Psychology by our classifier. This analysis confirms that many examples contain
interdisciplinary terminology, indicating that routing errors often reflect genuine
domain ambiguity rather than classifier failure. Importantly, these misclassifica-
tions do not substantially harm retrieval performance, suggesting that adapters
retain a degree of robustness to domain overlap. Overall, to answer RQ1(a), the
domain classifier is a critical component of DRAMA, and replacing it with random
routing yields a substantial decrease in retrieval effectiveness.

To what extent does DRAMA generalise to previously unseen domains?
RQ1(b) investigates whether DRAMA generalises effectively to domains that were
not observed during training. To assess this scenario, we build an unseen-domain
test set from SE-PQA by combining queries from communities that are excluded
from training, yielding 58,190 validation queries and 76,010 test queries. Since
these domains are not observed during training, this setup provides a strict eval-
uation of out-of-distribution generalisation. In this analysis, we focus on the Bi-
Encoder MiniLM configuration with DRAMA gouis6y, as it achieved the best perfor-
mance in the in-domain experiments. We compare it against the unified baseline
(MiniLMALL) and the random routing variant (MiniLMgyp). As shown in Ta-
ble 6.8, DRAMA consistently surpasses both baselines on unseen-domain queries.
Specifically, it improves MAP@100 by 1.7% and 3.3% in the Bi-Encoder and Cross-
Encoder settings, respectively, relative to the general model. These results show
that DRAMA is able to exploit the modular adapter structure even when the target
domain does not correspond directly to one of the trained adapters. This suggests
that the adapter pool captures transferable domain features that can still provide
meaningful benefits under distribution shift. To further assess generalisation, we
evaluate DRAMA in a zero-shot setting on BEIR. We apply the model trained
on academic search to SCIDOCS, and the model trained on SE-PQA to Quora
and we report the results in Table 6.9. On SCIDOCS, DRAMA achieves perfor-
mance comparable to the unified baseline, while consistently outperforming random
routing. On the Quora benchmark, DRAMA consistently outperforms BM25 and
achieves statistically significant improvements over the random baseline, even in
the presence of a clear mismatch between the training and target tasks. Overall,
with respect to RQ1(b), these results indicate that DRAMA generalises effectively
to previously unseen domains, preserving strong retrieval performance without the
need for additional retraining or task-specific fine-tuning.
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Model Variant MAP@100 MRR@10 NDCGQ10
DRAMA fouist, 313 594 414
Random Gating (RND) 312 582 370

Table 6.7: Ablation study on the routing mechanism in the Bi-Encoder MiniLM
model.

Model ‘ Bi-Encoder ‘ Cross-Encoder

| MAP@100 MRR@10 NDCG@10 | MAP@100 MRR@10 NDCG@10
BM25 412 503 423 | 412 503 423
MiniLMapr, 515 618 569 423 515 A74
MiniLMgxp 515 618 569 423 515 A74
DRAMA-MiniLMpouspy | -524% .627* 578%* A437* .530* .489*

Table 6.8: Results on out-of-domain queries in the cQA dataset. The symbol *
denotes significant improvements over RND.

6.4.3 RQ2: Does DRAMA provide substantial reductions
in energy consumption and storage requirements?

RQ2 investigates whether DRAMA can lower inference-time computational
cost and storage demands in comparison to deploying multiple separate domain-
specific models. We report the results of our analysis in Table 6.10. We assume
a query length of 128. From a storage perspective, measured in terms of total
trainable parameters, DRAMA attains performance comparable to an ensemble
of domain-specific models while requiring only about 112-120% of the parameters
of the base model. By contrast, maintaining four independent models would in-
crease the parameter cost to roughly 400% of the base model size. This highlights
that DRAMA achieves substantial memory savings while preserving the benefits of
domain-specific modelling. In terms of energy consumption, a multi-model ensem-
ble scales linearly with the number of domains, since each model must be executed
separately at inference time. Conversely, DRAMA performs a single routing step
and activates only one adapter per query, leading to inference costs that remain con-
stant regardless of the number of domains. As a result, DRAMA reduces inference-
time energy usage and associated carbon emissions by more than 75% compared
to a multi-model setup, while maintaining similar retrieval effectiveness. Beyond
efficiency, DRAMA addresses a fundamental scalability limitation of multi-domain
retrieval. In conventional approaches, supporting additional domains requires stor-
ing and deploying additional full retrievers, leading to linear growth in hardware
and maintenance requirements. In contrast, DRAMA maintains a single shared
backbone and introduces only lightweight domain adapters. These adapters are
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‘ SCIDOCS ‘ Quora
Model

‘ MAP@100 MRR@10 NDCG@10 ‘ MAP@100 MRR@10 NDCG@10
BM25 | 108 277 158 | 729 760 770
MiniLMap, 128 315 183 812 .840 .848
MiniLMgnp 123 .308 178 794 .825 .831
DRAMA-MiniLMgouishy 125 312 180 7195% .826%* .832%

Table 6.9: Results on BEIR datasets. Notation as in Table 6.5.

Model Params (M) Total GFLOP/query Energy/query (J) COz/query (mg)
BERTg 440 89.40 1.40 0.16
DistilBERTg 264 44.72 0.70 0.08
DRAMA-DistilBERTora 0.73 0.20 0.003 0.0003
DRAMA-DistilBERT Houlsby 80.6 15.68 0.25 0.028
MiniLLMg 90.8 11.48 0.18 0.020
DRAMA-MiniLMpora 0.36 0.15 0.002 0.0002
DRAMA-MiniLMpouisby 26.3 4.02 0.06 0.007

Table 6.10: Per query energy and carbon costs in an ensemble setting.

sufficiently compact to be stored jointly with the backbone model, enabling multi-
domain deployment without replicating the entire retrieval architecture. Overall,
results provide a clear answer to RQ2: DRAMA substantially reduces storage and
inference cost compared to maintaining multiple domain-specific models, while pre-
serving competitive retrieval performance, making it a scalable and energy-aware
framework for multi-domain retrieval.

6.5 Conclusions

In this Chapter we have presented DRAMA, a modular and parameter-efficient
framework for domain-adaptive neural information retrieval. The approach inte-
grates lightweight domain-specific adapters with a query-dependent gating mecha-
nism, allowing dynamic selection of specialised components within a single shared
retrieval backbone. Across both academic search and community question answer-
ing benchmarks, DRAMA achieves retrieval effectiveness comparable to fully spe-
cialised domain-specific models, while requiring only a small additional parameter
footprint. This substantially reduces storage requirements and inference-time com-
putational cost, resulting in lower energy consumption and improved scalability in
multi-domain retrieval settings.
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Chapter 7

Introduction

Traditional approaches to improving information retrieval systems and large
language models often rely on supervised fine-tuning, which requires labelled data,
which are not only avaliable in specific domains due to the high cost of human
annotation. While efficient adaptation methods such as adapters reduce the cost
of training, they still assume the availability of task and domain-specific data. Re-
cently, a new line of research has shown that model behaviour can be manipulated
in a training-free manner through linear operations in parameter space. In this
part of the thesis, we move beyond efficient fine-tuning and explore lightweight,
training-free strategies for information retrieval. We focus on two complementary
perspectives: first, the use of task arithmetic to directly manipulate model be-
haviour without additional training; and second, the analysis of task vectors to
better understand what large models learn, leading to a new efficient architecture
derived from this interpretation.

Chapter 8 introduces the use of task arithmetic for information retrieval, ex-
tending the idea of task vectors to ranking and retrieval models. In this framework,
different tasks are represented as weight deltas, called task vectors, obtained from
independently fine-tuned models, and these vectors can be combined through sim-
ple arithmetic operations such as addition and subtraction. This enables controlled
behavioural transfer between tasks without any additional training. In the con-
text of IR, this approach allows us to merge or interpolate retrieval behaviours, for
example, combining model trained to learn query-document relevance with model
trained as language models on specific domains.

Chapter 9 builds on this idea by analysing task vectors more deeply in the
context of MonoT5, a strong neural reranking model based on encoder-decoder ar-
chitectures. By studying how model weights change after task-specific fine-tuning,
we investigate which parameters contribute most significantly to task adaptation.
This analysis reveals that only a small subset of parameters, particularly those
associated with prompt token embeddings, undergo the highest changes across all
the parameters. Based on this observation, we propose an interpretation of what
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monoTh learns during fine-tuning, showing that much of its knowledge about query-
document relevance can be attributed to localized modifications in embedding space
rather than full fine-tuning. Inspired by this insight, we introduce Light-MonoT5,
a new efficient model that required the training of only the parameters that exhibit
the largest changes in the task vectors, i.e. prompt token embeddings. This tar-
geted training strategy preserves most of the model’s pre-trained knowledge while
significantly reducing computational cost. Despite its simplicity, Light-MonoT5
retains strong ranking performance, both on in-domain an out-of-domain bench-
marks, showing that carefully selected parameter updates can approximate the
behaviour of fully fine-tuned models.

This part is organized as follows: Chapter 8 presents a training-free framework
for information retrieval based on task arithmetic, showing how linear operations in
parameter space can be used to combine and transfer retrieval behaviours without
additional training. Chapter 9 provides an in-depth analysis of task vectors in
MonoT5, offering an interpretation of its fine-tuning dynamics and introducing
Light-MonoT5, an efficient model that updates only a selected subset of parameters
identified through task vector analysis.
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Task Vector for Zero-Shot
Information Retrieval

Pre-trained Language Models (PLMs) have achieved state-of-the-art perfor-
mance across a wide range of natural language processing and Information Retrieval
(IR) tasks [540]. These models are typically pre-trained on large-scale unlabelled
corpora using masked or causal language modelling, and subsequently fine-tuned on
labelled datasets for downstream applications. In the IR field, a common practice
is to fine-tune PLMs on MS MARCO [328], a large-scale benchmark where the task
is to determine the relevance of passages to given queries. This approach has driven
significant advances in both bi-encoder and cross-encoder retrieval paradigms. Re-
cent studies [442, 453, 466] have shown that domain mismatch (characterised by
different vocabulary, style, or content distribution) remains a significant challenge
for both dense, learned sparse and cross-encoder retrieval models, especially when
compared to lexical methods. Although parameter-efficient fine-tuning on target
datasets with gold labels [141] or automatically generated labels [99] is widely
adopted, the annotation process remains time-consuming and expensive. This lim-
its its scalability and makes it difficult to obtain large-scale labeled datasets for
training neural retrieval models. For these reasons, this Chapter focuses on ap-
proaches that extend beyond efficient fine-tuning. Recently, Task Arithmetic [196]
has been proposed as a promising alternative to conventional fine-tuning. By merg-
ing the parameters of two or more PLMs, Task Arithmetic transfers domain knowl-
edge into a target model without requiring additional training or labelled data. In
detail, this approach relies on the task vector, which is defined by subtracting the
parameters of a PLM from those of a domain-fine-tuned version of it. In other
words, a task vector is the difference between model weights resulting from the
fine-tuning process, and represents the knowledge that the model has learned while
training on the domain-specific data. By performing simple arithmetic operations,
such as addition or subtraction, between pre-trained models and task vectors, Task
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Arithmetic allows us to compose, transfer, or even remove domain-specific knowl-
edge into Language Models. Task Arithmetic has shown promising performance
across a wide range of Natural Language Processing (NLP) tasks, including Senti-
ment Classification [196] and Summarization [87].

However, the application of Task Arithmetic to different retrieval pipelines and
paradigms remains unexplored. Therefore, in this Chapter, we perform a study
of Task Arithmetic for domain adaptation in IR on three different paradigms, i.e.
Dense, Learned Sparse and Cross-Encoder models. Each retrieval paradigm relies
on a different PLM, which is fine-tuned on a large corpus, usually MS MARCO,
for learning the relevance of passages to given queries. We define the domain
task vector as the difference by subtracting the parameters of the PLM to its
counterpart trained as Masked Language Model (MLM) or Language Model (LM)
on a large domain corpus. We rely on PLM, its domain-fine-tuned version and
ranking models that are publicly available, in such a way that our approach remains
reproducible and does not require additional training, thereby minimising carbon
footprint. We evaluate Task Arithmetic on six different PLMs spanning seventeen
retrieval paradigms (11x Dense, 3x Learned Sparse models, 3x Cross-Encoders)
on four scientific and biomedical benchmarks from BEIR [35]. The results of our
evaluation show that the performance of Task Arithmetic consistently improves the
baseline models fine-tuned on MS MARCO in three out of four datasets, with gains
of up to 24% in nDCG@10. Furthermore, we investigate the application of Task
Arithmetic in a multilingual scenario, showing that domain-specific models defined
through task arithmetic outperform a model trained on multiple languages. Finally,
we thoroughly investigate the impact that each model and Task Vector have on the
retrieval performance.

The contributions of this work are as follows:

o We provide the first in-depth analysis of Task Vectors for retrieval adaptation
across Dense, Learned Sparse and Cross-Encoder paradigms.

o We show, through extensive experiments, that Task Arithmetic improves ef-
fectiveness in scientific, biomedical retrieval domains as well as in multilingual
scenario and it offers a simple and training-free strategy for domain adapta-
tion.

o We further analyse the behaviour of Task Vectors to better understand how
they affect retrieval effectiveness across different models and domains.

The rest of the Chapter is organised as follows: Section 8.1 provides an overview
of Task Arithmetic and its application, Section 8.2 describes in detail Task Arith-
metic and how we apply it to retrieval models. Next, Section 8.3 outlines the
experimental setup used to evaluate our approach, Section 8.4 analyses the results
of our evaluation and finally, Section 8.5 contains final remarks.
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8.1 Related Work

This section provides a general overview of Task Arithmetic and its application.

A complementary line of research explores model merging as a lightweight al-
ternative to multi-task learning [485], leveraging the observation that models fine-
tuned on related tasks may reside in compatible regions of parameter space [8].
While multi-task learning requires access to training data for each target task [526],
model merging combines independently fine-tuned models directly at the param-
eter level, making it attractive in low-resource scenarios where labelled data are
scarce [196, 212]. Early approaches [196, 485] focused on averaging the param-
eters of the models. For example, average merging [485] defines a model with
competitive performance across different tasks by simply averaging weights across
fine-tuned models. Building on this idea, Task Arithmetic [196] introduces scaling
factors that emphasise the relative importance of different task-specific models. We
argue that Task Arithmetic emerges as interesting because it allows the transfer
of task-related knowledge between models without any further training. In detail,
given a pre-trained language model and its fine-tuned version on a specific task,
Task Arithmetic is based on the differences in parameters between the fine-tuned
version and the pre-trained language model, which are referred to as task vectors.
The task vector represents the knowledge learned by the model while fine-tuning
it on a specific task and adding or subtracting this vector transfers the knowledge
without any additional training.

8.2 Task Vectors for Information Retrieval

In the following, we define Task Arithmetic and task vectors and how they can
be applied to Dense, Learned Sparse and Cross-Encoder approaches for domain-
specific retrieval.

Task Vector Definition For our purposes, a task t refers to the specific ob-
jective a model is trained to achieve, such as document classification or relevance
prediction, using a task-specific loss. A domain d denotes the application area in
which the task is performed, such as biomedical or scientific text, and a domain-
specific model is defined by continually pre-training a PLM with a masked lan-
guage modelling objective to adapt it to the domain’s word distribution. Let
©9 = {(61)o,...,(On)o} denote the parameters of a pre-trained language model
and ©; = {(01)s,...,(0n):} and O4 = {(61)a, ..., (On)a} the corresponding weights
after fine-tuning on task ¢ and continual pre-training on domain d, respectively.
The task vector 7, = {(71)¢,..., (7n):} is the element-wise difference between ©;
and O, i.e ; = O, — O and (7;); = (0;)¢ — (0;)o. Thus, the task vector has the same
size as the models Oy and ©,, but its values typically have a smaller magnitude,
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as it is a delta between two models at the parameter level. Task vectors can be
applied to any model parameters © from the same architecture, via element-wise
addition, with an optional scaling term «, such that the resulting model has weights
Onew = © + a7, When a = 0, O,,,, reduces to the © model, while adding 7; to ©,
with a = 1 results in Oy, i.e. the fine-tuned model on that task. In practice, « is a
hyperparameter that can be fixed (and be in a fully zero-shot scenario) or tuned on
a small development set (if available). The task vector 7; represents the knowledge
learned by the model while fine-tuning it on the task t. Applying the task vector to
© allows us to transfer the task-related knowledge to a new model. Recently, task
vector has been used to transfer domain-specific knowledge by defining the task
vector as 74 = ©4 — Og, which represents the domain-specific knowledge, which can
be transferred to a new model 6,,., = O + a7y.

Figure 8.1: Illustration of the application of task vectors to define domain-specific
ranking models: given a PLM ©g, we define the task vector as the difference between
a O4 and Oy, where O, is the domain-specific fine-tuned version of the PLM. Then,
we add the task vector 7, to model ©,, which is a ranking model based on ©g, to
obtain a new domain-specific ranking model ©,,.,,.

Task Vectors for IR We focus on using task vectors to improve the retrieval
performance of dense, learned sparse and cross-encoder models on specific tasks,
such as scientific and biomedical retrieval. The application of task vectors allows us
to transfer domain knowledge from the multitude of publicly available fine-tuned
models, without additional training or access to training labelled data. We start
from ©g, which is a pre-trained language model. For defining and applying task
vectors, we need two fine-tuned versions of O, i.e. ©; and O,. Since in our work
we focus on transferring domain-specific knowledge into a ranking model, ©, is the
version of ©( obtained by continuing pre-training the model ©( on a large corpus of
unlabeled domain-specific text by using the masked language model loss [103, 279],
while ©; is the version of O fine-tuned to learn to estimate the relevance score
between a given query and document pair. We define the task vector of the specific
domain d as the difference between the fine-tuned model on the specific domain d
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and the pre-trained model:

Td — {(Tl)d, ey (TN)d}, with (Ti)d = (Hl)d — (9z>0 (81)

Then we transfer the domain-specific knowledge into a ranking model, i.e. ©;, to
define a domain-aware ranking model as follows:

Onew = {<9i>new = (ei)t + a(Ti>d}z’]\L1~ (8-2)

While ©, encodes knowledge for assessing relevance, ©,4 captures domain-specific
knowledge, including shifts in vocabulary, style and language. Specifically, the task
vector 74 represents the language- and domain-specific knowledge that ©g learned
during further pre-training with masked language modelling on domain d. By
applying the task vector 7; to Oy, this domain- and language-specific knowledge is
transferred into the ranking model, yielding a new domain-specific ranking model.
This approach effectively combines the model’s ability to judge relevance (6;) with
its capacity to handle the linguistic characteristics of the target domain d.

8.3 Experimental Setup

Our study investigates the application of task vectors in information retrieval,
with the aim of improving ranking model performance on scientific retrieval tasks
without additional fine-tuning or labelled data. In particular, we focus on three
types of ranking models, dense, learned sparse and cross-encoders, leading to the
following research questions:

o RQI1: Do task vectors enhance the performance of dense models on scientific
retrieval tasks?

o RQ2: Do task vectors enhance the performance of learned sparse models on
scientific retrieval tasks?

o RQ3: Do task vectors enhance the performance of cross-encoder on scientific
retrieval tasks?

o RQ4: Do task vectors enhance the performance of cross-encoder on multilin-
gual retrieval tasks?

« RQ5: What are the impacts of the introduced hyper-parameter on the per-
formance of task vectors?
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Pre-trained Model ©, | Domain/Language-specific Model 6, Training Dataset Retriever or Re-ranker O,
DistilBERT Bio-DistillBERT PubMed Abstract DistilBERT-MS-MARCO, TAS-B, SPLADE
BERT BLEU-BERT PubMed Abstract BERT-MS-MARCO, TCT, DeepCT
RoBERTa BioMed-RoBERTa S20RC RoBERTa-MS-MARCO, ANCE
T5 SciFive PubMed Abstract, PMC articles GTR, Doc2Query, MonoT5
MT5 MT5-German, Spanish, French, English WikiNews MT5-MS-MARCO
LLama2 LLama2-MedTuned-7b Medical NER and RE, PubMedQA RankingGPT-Llama2-7h

Table 8.1: All models used to evaluate our approach: we report the pre-trained
model (), its version fine-tuned on a specific domain or language 60, and the
dataset on which it is trained, and finally the model trained on MS-MARCO for
learning relevance ©,

Datasets To evaluate our approach, we use four scientific and biomedical datasets
from BEIR [442]. We use SciFact [459], SciDocs [92], NFCorpus [42] and TREC-
Covid [456]. SciDocs and SciFact focus on scientific citation prediction and fact
checking, respectively, while both TREC-Covid and NFCorpus address biomedical
retrieval. SciFact and NFCorpus are both based on PubMed [122], with SciFact
covering a wide range of scientific articles from basic science to clinical medicine [92],
and NFCorpus featuring non-technical queries over documents with specialised
terminology [42]; TREC-Covid also relies on PubMed articles focused on Covid-
19 [456]. SciDocs, in contrast, is based on the Microsoft Academic Graph [92, 459]
for citation retrieval. We use their test versions available through the ir-datasets
package [296]. We focus on the biomedical and scientific domains, where publicly
available domain-specific models allow the definition and application of task vec-
tors. In contrast, we exclude BEIR datasets based on Wikipedia since the PLMs
in our experiments have already been trained on Wikipedia [103, 279], and Task
Arithmetic cannot add domain-specific knowledge. To further asses the effective-
ness of Task Arithmetic behind domain adaptation, we evaluate our approach on
language-specific retrieval, specifically on GermanQuAD [318], which targets ques-
tion answering in German, and three subsets (English, French, and Spanish) from
the MIRACL multilingual IR challenge [525].

Models Details For our experiments, we rely on seven different pre-trained
language models (i.e. ©p) and seventeen Dense, Learned-Sparse and Cross-
Encoder models. In detail, we use DistillBERT-base [409], BERT-base [103],
RoBERTa-base [279], T5-base and T5-Large [376], MT5-base [501] and LLama-2-7b
[448] as pre-trained language models ©g, spanning encoder-only, encoder-decoder
and decoder-only architectures. For each pre-trained model, we compute task vec-
tors 7, by subtracting the weights of the original pre-trained model ©( from those
of the publicly available domain-specific variant ©p. Specifically, for the biomed-
ical and scientific domains, we use Bio-DistilBERT [398|, BLUEBERT [352],
BioMed-RoBERTa [152], SciFive-base and SciFive-Large [356] and
LLama2-MedTuned-7b [397], as provided by HuggingFace [201]. For our multilingual
evaluation, we rely on MT5-base-german, MT5-base-spanish, MT5-base-french,
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and MT5-base-english [59)].

Table 8.1 reports all the pre-trained language models, their domain-specific ver-
sions and the datasets on which these domain- or language- specific versions are
trained. One of the most used datasets for continual training of a PLM on a scien-
tific domain is PubMed [122], which contains citations and abstracts of biomedical
literature, is used for four out of five models. While Bio-DistillBERT and BLUE-
BERT are trained only on the PubMed abstracts, SciFive uses both PubMed ab-
stracts and PubMed Central (PMC) articles [197], which is a corpus of full-text
articles in the domain of biomedical and life sciences. In contrast, while LLama2-
MedTuned-7b has been trained of PubMedQA [211], which is a question-answering
dataset based on PubMED, it has been further trained on Medical Named Entity
Recognition and Relation Extraction tasks [397]. BioMed-RoBERTa [152] is the
only model that is not pre-trained on PubMed abstracts, but it is trained on a
subset of 2.68M full-text papers from S20RC [283].

For our experiments, as ranking models ©,, we focus on Dense, Learned Sparse
and Cross-Encoders models. Specifically, we use eleven Dense retrieval models:

« DistilBERT-msmarco [389], BERT-msmarco [389] and RoBERTa-
msmarco [389] are defined by training DistilBERT, BERT and RoBERTa,
respectively, on MS MARCO for dense retrieval.

« ANCE [496] constructs, during training, negative examples from an approx-
imate nearest neighbour index of the corpus.

o TCT [264] employs ColBERT[231] as the teacher model and distils knowledge
to a bi-encoder based student model.

o TAS-B [178] performs k-nearest neighbour search over a flat index to avoid
variability introduced in using approximation techniques.

« BGE-base-en [4194] is pre-trained using RetroMAE [495] and then trained
MS MARCO using contrastive learning.

« GTR-base [540] is based on two T5h-encoders pre-trained on question-
answering pairs and then further fine-tuned on MS MARCO.

« Dragon-base [266] is a BERT-base model initialized from RetroMAE and
further trained on the data augmented from MS MARCO

« E5-BERT [469], which is based on BERT-base, is trained in a contrastive
manner with weak supervision signals.

« Co-Condenser [132] is a BERT-base model trained pre-trained towards the
bi-encoder structure.
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Furthermore, we evaluate task vectors on three Learned Sparse retrieval models:

« Doc2Query [335] is a document expansion technique based on T5 to generate
synthetic queries and append them to the original document.

« DeepCT [98] is a BERT-based model that generates a pseudo-document with
keywords multiplied by the learnt term frequencies.

« SPLADE-v3 [237], which is based on DistilBERT, balances efficiency, ef-
fectiveness, and representation size. We index and retrieve using PISA [304].

Finally, we evaluate task vectors on three Cross-encoder models:

« MonoT5-base and Large [336] are based on T5-base and Large and encode
both the query and the document with the structured prompt Query: [q]
Document: [d] Relevant:.

« MT5-base-MS-MARCO [39] is the multilingual version of MonoT5.

« RankingGPT-Llama2-7b [516], which is based on Llama2 with 7B param-
eters, encode both the query and the document with the prompt Document:
[d] Query: [ql.

We tune the scaling factor o from 0.1 to 1.0 in steps of 0.1, selecting the optimal
value based on the highest average retrieval performance over two development
sets: the official NFCorpus split and a 20% subset of SciFact training queries.
Since GermanQuAD and MIRACL do not provide development sets, we apply a
fully zero-shot scenario by not optimizing the value of «, i.e. we put a = 1.
All re-ranking experiments begin by retrieving the top 100 documents via BM25.
Following a two-stage retrieval paradigm, the final rankings are then computed
using a weighted sum of BM25 and LLM scores, with Agyes and Appy optimized
in [0,1] on the NFCorpus and SciFact development sets. We take the average score
for all remaining datasets, i.e. Agyos = Apy = 0.5.

Baselines As baselines, we employ a lexical ranker, namely BM25, and each
model ©y, i.e. a model fine-tuned on MS MARCO [328], as provided by PyTer-
rier [297]. In detail, BM25 is a lexical retriever based on a variant of TF-IDF-based
term weighting coupled with document length normalisation.

Evaluation Metrics We measure the quality of retrievers with nDCG@10 [203],
which are the official measure for BEIR benchmarks [442]. For significance testing
with agreement measures, we use a paired t-test to calculate p-values. We use p <
0.05 and Bonferroni correction for multiple tests [112].
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Model \Dataset ‘ SciFact ‘ NFCorpus ‘ TREC-Covid ‘ SciDocs
BM25 | 691 343 688 165
Dense First-stage retrievers
DistilBERT A73+.066* | .255+.013*% | .604+.054* | .100+.011*
BERT DT7T+.024* | 298—.011 .672—.073 .129+.007*
RoBERTa A456+.065% | .237+.009* | .389+.051* | .100+.007*
ANCE 493+.029* | .236+.007 .654+.029 .1134-.006*
TCT .539+.036* | .266+.004 .616+.012 .112+.004
TAS-B .610+.004 .310—.004 .610+.022 .128+.008*
BGE-en .698—.018 .296+.010*% | .491+.051*% | .153+.015%*
GTR-base D74+.038*% | .300+.006* | .641+.052*% | .132+.004
Dragon .654-0.06 .323+.003 .6484-.010 .144+.001
Co-Condenser D77+.007 .316-.020 .642-.072 .122+.008*
E5-BERT 712+ .001 .343-.012 .707-.027 A71+.0
Dense re-rankers
DistilBERT .703+.017 .357+.002 .744+.021 .168+.003
RoBERTa .7074+.013 .359+.002 732+.025*% | .170+.003
Learned Sparse First-stage retrievers
Doc2Query .676+009 .325+.006* | .631—.032 .152+.001
DeepCT .667—.011 .320—.016 .582—.005 .141—.002
SPLADE .658+.008 .337—.006 .632+4.018 .147—.006
Cross-Encoders re-rankers
T5-base .726+.022 .359-.001 .7124-.041 .1734-.003
T5-Large .743-.013 .368-.010 .735+.024 .1824-.005*
Llama-2-7B .770-.005 .373-.008 .810+.002 .188+.001

Table 8.2: Experimental results (nDCG@10) on biomedical and scientific domains
for dense, learned sparse retrieval and cross-encoder models. Numbers before + or
— are the zero-shot performance of each model, while numbers after these symbols
show the A effect of applying the task vectors. Bold (*) values denote (significant)

improvements.

8.4 Results

In this section, we answer our research questions outlined in Section 8.3 and
provide further analysis of our proposed approach. More specifically, we exam-
ine whether domain transfer consistently benefits ranking effectiveness across four
target datasets. We report the results of our evaluation in Table 8.2. Numbers
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before 4+ or — are the zero-shot performance of each dense or learned sparse model
(i.e. ©;), while numbers after these symbols show the effect of applying task vector
74 as in Equation (8.2). We denote statistically significant improvements with *.
Firstly, to answer RQ1 RQ2 and RQ3, we apply task vectors to eleven dense, three
learned sparse retrieval and three cross-encoder models and evaluate them across
four scientific and biomedical benchmarks. As described in Section 8.3, the domain
models ©; are mainly trained on PubMed abstracts, PMC articles, and S20RC.
Therefore, we hypothesise that task vectors will yield stronger improvements on
datasets whose corpora are derived from PubMed or related scientific resources,
namely SciFact, NFCorpus, and SciDocs, whereas their effectiveness may be lim-
ited on TREC-Covid, since the scientific models were trained before 2021 and their
corpora do not include Covid-related information.

8.4.1 RQI1: Do task vectors enhance the performance of
dense models on scientific retrieval tasks?

We show the results of our evaluation in Table 8.2. For all dense models, the
application of task vectors improves the performance in nDCG@Q10 of the model
trained on MS MARCO (i.e., ©;) on all evaluated datasets, except for BERT on
NFCorpus and TREC-Covid. In detail, we observe that, for SciFact and SciDocs,
most models benefit from task vectors, with significant gains in nDCG@10 for
DistilBERT, BERT, RoBERTa, ANCE and GTR-base on both the datasets. The
application of task vectors significantly improves TCT and BGE-en only on Sci-
Docs. For NFCorpus, the impact of task vectors is more varied: while DistilBERT,
RoBERTa, GTR-base, and BGE-en are significantly improved by the task vectors,
BERT and TAS-B are not. This mixed behaviour can be attributed to the spe-
cific design of NFCorpus: documents are sourced from PubMed, but queries are
written in non-technical English. Thus, task vectors, which inject domain-specific
knowledge primarily tailored to biomedical terminology, may help models better
understand documents but hinder their ability to bridge the lexical gap with the
query style. TREC-Covid highlights the challenges of applying task vectors when
the target task lies outside the temporal scope of the domain model training. Here,
DistilBERT, RoBERTa, BGE-en, and GTR-base exhibit significant improvements
in nDCG@10. BERT, however, exhibits a decrease in both metrics, suggesting
that the introduction of information not aligned with the target domain can re-
duce retrieval effectiveness. From a model-focused perspective, the application of
task vectors to DistilBERT, RoBERTa, and GTR-base consistently exhibits signifi-
cant improvements across all four datasets compared to the baseline ranking model
version trained on MS MARCO. DistilBERT achieves the highest gains overall:
+14.0% nDCG@Q10 on SciFact. ANCE, TCT, and BERT are improved signifi-
cantly by task vectors only on SciFact and SciDocs, confirming our hypothesis that
task vectors are most effective when the target dataset shares the same domain as
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the scientific model. Broadly speaking, all dense model baselines perform worse
than BM25 due to the domain shift from MS MARCO to scientific and biomedical
corpora. Nevertheless, in specific cases, the application of task vectors allows dense
models to outperform BM25, such as DistilBERT on TREC-Covid, TCT on NFCor-
pus and TREC-Covid, and BGE-en on SciDocs. Overall, to answer RQ1, we find
that task vectors improve all the evaluated dense models trained on MS MARCO
on scientific and biomedical datasets (except for BERT on NFCorpus and TREC-
Covid), with the largest gains observed on models and datasets closely aligned
with the same domain. For datasets or tasks with partial or no domain overlap,
improvements are mixed, emphasising the importance of both model choice and
dataset characteristics for effective domain adaptation.

8.4.2 RQ2: Do task vectors enhance the performance of
learned sparse models on scientific retrieval tasks?

Table 8.2 reports the results of our learned sparse experiments. Considering first
Doc2Query, we observe that applying task vectors generally improves nDCG@Q10
across most datasets, with a significant gain on NFCorpus. Doc2Query does not
achieve improvement on TREC-Covid, which is expected given the temporal and
topical shift: the scientific model ©, lacks Covid-specific knowledge, so task vec-
tors cannot fully compensate for this domain gap. For SPLADE and DeepCT, both
models already achieve strong baseline performance on most datasets compared to
BM25. However, applying task vectors results in a small decrease in nDCG@Q10
across all datasets. We hypothesise that this decrease in performance for Learned
Sparse is caused by the way task vectors inject domain-specific knowledge: these
models rely on sparse, term-level representations learned from MS MARCO, which
may already capture robust general relevance patterns. Introducing additional
domain-specific information can potentially distort these representations, partic-
ularly when the target dataset queries and documents differ lexically from the
training corpus. In other words, the task vector may shift the model’s focus to-
ward biomedical terminology in ways that do not always align with the existing
retrieval signal, reducing effectiveness. On inspection of these results, we observe
that the impact of task vectors on learned sparse retrieval is highly dependent on
the interplay between model architecture, training data, and dataset character-
istics. Doc2Query benefits in datasets where domain adaptation can bridge gaps
between query and document styles, while SPLADE and DeepCT are more sensitive
to perturbations of their already strong sparse representations. This suggests that,
for learned sparse retrieval models, additional domain adaptation needs to care-
fully consider the alignment between injected knowledge and the model’s existing
representation space. To concretely answer RQ2, task vectors provide slight im-

provements for Doc2Query, particularly on NFCorpus, but can reduce performance
for SPLADE and DeepCT across datasets.
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To further assess the impact of task vectors on learned sparse retrieval, we com-
pare the queries generated by Doc2Query on NFCorpus before and after applying
task vectors, focusing on this setting because it is the only case where task vec-
tors yield significant improvements over the model fine-tuned on MS MARCO. For
example, for a document about epilepsy as a common neurological disorder, the
Doc2Query model generates queries like: What is seizure? Which type of disorder
is a neurological disorder?, while the application of task vector to Doc2Query gives
a query like: which is the most common neurological disorder? Which diseases are
associated with epilepsy?. Thus, the queries given after the application of the task
vector directly focus on epilepsy, which is the main topic of the document, while
the queries generated without the task vector are more generic (‘ What is seizure’)
and fail to focus on epilepsy. This qualitative example shows how applying the task
vector to Doc2Query leads to generating more precise and targeted queries in the
scientific domain compared to those generated by the original model.

8.4.3 RQ3: Do task vectors enhance the performance of
cross-encoder on scientific retrieval tasks?

Table 8.2 reports the performance of our approach on biomedical and scientific
benchmarks, evaluated across five different backbone models. Across all datasets
and metrics, the Task Arithmetic consistently outperform BM25, confirming its
effectiveness as a domain adaptation strategy for IR. For bi-encoder architectures
(DistilBERT and RoBERTa-base), Task Arithmetic yields consistent gains over all
considered baselines, demonstrating that task vectors provide a robust mechanism
to inject domain-specific knowledge into dense retrieval models. For cross-encoders
(T5-base and ThH-Large), Task Arithmetic improves over MonoT5 (Or) on SCI-
DOCS and TREC-COVID, while achieving comparable performance on SciFact
and NFCorpus. Notably, the proposed method achieves statistically significant
improvements in nDCG@10 on both TREC-COVID and SCIDOCS. Regarding
decoder-only models (LLama-2), our approach achieves the strongest results on
TREC-COVID compared to all baselines and remains competitive on SCIDOCS.
Interestingly, the pre-trained LLama-2 (0g) attains the highest nDCG@10 on Sci-
Fact and SCIDOCS, which likely reflects the extensive domain knowledge acquired
during large-scale pre-training [448]. Overall, to answer RQ3, these results show
that task vectors improve the performance of MS MARCO-trained re-ranking mod-
els on scientific and biomedical datasets (except for LLama-2), with the largest
gains observed on BERT- and T5-based architectures. In contrast, LLama-2 ex-
hibits less consistent behaviour, suggesting that its adaptation dynamics require
further analysis.
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8.4.4 RQ4: Do task vectors enhance the performance of
cross-encoder on multilingual retrieval tasks?

Model ‘ GermanQuAD ‘ MIRACL Spanish ‘ MIRACL French ‘ MIRACL English ‘

| BM25 | 437 | 270 | 174 | 302 |
Og: Pre-trained .336 191 127 212
——— Op: Language specific .353 191 .143 .225
MT5-base | g MS-MARCO (en) 513 379 234 308
©': Task Arithmetic (o = 1) 537* .405%* 278* 435*

Table 8.3: Main results in nDCG@10 on four different languages, i.e. German,
Spanish, French and English, with MT5 as base model.

Table 8.3 extends the evaluation to multilingual IR by using MT5-base as a
Cross-Encoder on language-specific retrieval tasks. Both our proposed approach
and the IR-specific baseline ©; consistently outperform all other baselines across
every evaluation metric. In particular, our method achieves statistically signifi-
cant improvements over the IR-specialised model, reaching gains of up to 18% in
NDCG@10, which highlights its effectiveness in adapting to new language settings.
In contrast, the pre-trained MT5-base model and its language-adapted variant fail
to surpass BM25, suggesting that these models are not inherently optimised for
retrieval. Our approach instead successfully injects language-specific knowledge
into the multilingual IR model, thereby substantially improving its retrieval effec-
tiveness. To concretely answer RQ4, these findings confirm Task Arithmetic as a
lightweight yet effective strategy for zero-shot multilingual adaptation in IR.

8.4.5 RQ5: What are the impacts of the introduced hyper-
parameter on the performance of task vectors?

Recall that Equation (8.2) includes a trade-off hyperparameter o to balance
the domain-specific knowledge provided by the task vector 7; and the relevance
capabilities of the ranking model ©;. To answer RQ5, we conduct experiments
by varying the value of a from 0 to 1.0 and examining its impact on nDCG@10.
When a = 0, no task vector is applied and the baseline model ©, is evaluated. Our
hypothesis is that if the value of « is close to 1, we are adding too much domain
knowledge into the ranking model, overshadowing the relevance signals learned by
the model. Thus, we expect that the retrieval performance will decrease as a« — 1.

How to chose the optimal @ We conduct an ablation study to examine scal-
ing factor impact while applying Task Arithmetic. Table 8.4 presents NDCG@10
scores on NFCorpus and SciFact development sets for « values from 0.1 to 1.0
in increments of 0.1. We conduct these experiments in a re-ranking setting, i.e.
DistilBERT, RoBERTa, T5-base and Large, and LLaMA-2, with BM25 as a fixed
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Model Dataset 01 02 03 04 05 06 07 08 09 1

SciFact .631 .643 660 .675 .687 .705 .712 711 705 .704
NFCorpus .235 .238 .239 .241 .242 241 239 .242 241 241

SciFact 728 732 727 731 7300 732 728 730 737 .710
NFCorpus .307 .307 .307 .308 .308 .306 .306 .311 .311 .309

SciFact 7112 710 .v12 711 709 718 722 708 673 .640
NFCorpus .302 .301 .304 .306 .306 .311 .313 .312 .303 .298

SciFact 713 1 7256 7230 722 710 715 706 .695 .687
NFCorpus .334 .331 .332 .332 .333 .334 .330 .323 .315 .307

SciFact 1230 7200 723 722 724 712 705 .699 .688 .652
NFCorpus .334 .336 .333 .333 .333 .329 .325 .306 .297 .286

LLama 2-7B

Th5-Large

T5-base

RoBERTa-base

DistilBERT

Table 8.4: Impact of the scaling factor in cross-encoder models on SciFact and
NFCorpus validation sets.

first-stage retriever. By keeping the candidate generation stage unchanged, we
ensure that performance variations are attributable to the Task Arithmetic adap-
tation of the re-ranker, rather than to changes in recall induced by an adapted
dense or learned sparse retriever. The results reveal that retrieval performance
varies considerably with changes in a. On SciFact, for instance, T5-base improves
from .640 at a = 1.0 to .722 at a = 0.7, representing a notable difference of approx-
imately 12%. In general, while values in the 0.7-0.9 range often yield strong results
for models such as T5-base and TH-Large, no single o value is consistently opti-
mal across all models or datasets. This variability underscores the importance of
model-specific calibration. Moreover, a = 1.0 rarely provides the best performance,
suggesting that excessive emphasis on domain parameters can overshadow the IR-
specific knowledge embedded in IR-tuned weights. RoBERTa-base and DistilBERT
sometimes peak at moderate values between 0.3 and 0.5, whereas T5-based models
and LLama-2 commonly favor higher settings. These observations indicate that a
small grid search over a can be effective in identifying a tradeoff between the IR
and the domain-specific knowledge.

What are the impacts of @ on dense and learned sparse models? Fig-
ures 8.2 and 8.3 present the results for dense and learned sparse retrieval models,
respectively, expressed as the percentage gain or loss relative to the baseline 6y, i.e.
when the task vector is not applied and o = 0.

We observe that in most cases, increasing « leads to a steady decrease in per-
formance, with relative nDCG@10 gains turning negative as the task vector begins
to overshadow the relevance signals captured by ©,. However, this trend does not
hold universally. For example, in TREC-Covid with RoBERTa and GTR, as well
as in SciFact, effectiveness actually improves at higher values of o (around 0.6-0.7),
indicating that stronger domain adaptation can complement relevance modelling
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Figure 8.3: Relative difference (%) in nDCG@10 of three learned sparse retrieval
pipelines by increasing the value of hyperparameter a. Notation as in Figure 8.2.

when specialised terminology is critical. In contrast, NFCorpus reaches its best per-
formance around a = 0.3, with no substantial gains at larger values, while SciDocs
shows a monotonic decline as « increases. These findings show that the optimal
value of « is dataset-dependent, and a fixed choice does not generalise well across
domains. Furthermore, no single dense model dominates across datasets: Distil-
BERT achieves the strongest results in SciFact and SciDocs, whereas RoBERTa
performs best in TREC-Covid. Regarding learned sparse retrieval, we find that ap-
plying task vectors generally reduces performance. Significant improvements over
the baseline are observed only for Doc2Query on NFCorpus, while for TREC-Covid,
both SPLADE and Doc2Query show performance gains when o > 0.8. In all other
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cases, effectiveness declines, suggesting that sparse models are more sensitive to
over-weighting domain knowledge than dense models. Overall, these results indi-
cate that increasing a > 0.3 typically harms retrieval performance, but there are
a few exceptions, where additional domain signals enhance effectiveness. Impor-
tantly, both the optimal value of a and the best-performing model vary by dataset,
underscoring that no single configuration fits all scenarios. To concretely answer
RQ3, the optimal value for « to balance domain adaptation without overshadowing
the relevance signals depends on the model and the specific domain.
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Figure 8.4: Layer impact on nDCG@10 while applying Task Arithmetic. We eval-
uate both adding and removing layers in red and blue, respectively. In purple, we
show the results while adding all the layers.

Analysis of Layer Impact. We further investigate which Transformer layers
contribute most to the transfer, and conversely the suppression, of domain-specific
knowledge. To this end, we perform a layer-wise Task Arithmetic analysis on three
benchmarks, namely SciFact, NFCorpus, and TREC-COVID. Due to the computa-
tional cost of evaluating LLama-2-7b, we exclude SCIDOCS from this study. Since
this analysis focuses on the effect of task vectors, we adopt a fixed BM25 first-stage
retrieval pipeline to isolate the impact of layer-wise Task Vector manipulations
on ranking quality, avoiding confounding effects that would arise if retrieval re-
call were simultaneously altered by adapting the first-stage retriever. We compute
layer-specific Task Vectors that selectively activate or suppress the parameters of
a single layer L. Formally, let 7, = {7,..., 75} denote the full Task Vector. To
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evaluate the contribution of an individual layer, we construct a sparse Task Vector
by enforcing 7; # 0 if and only if the corresponding parameters (6;)r belong to
layer L, while setting all remaining components to zero. This setting measures the
extent to which domain knowledge can be transferred through that layer alone.
Conversely, we evaluate the effect of excluding layer L by setting , = 0 if and
only if (6;); belongs to layer L, while retaining all other components. This vari-
ant reveals which layers are most critical for removing domain-specific information
from the adapted model. We conduct these experiments using RoBERTa-base, T5-
base, and LLama-2-7b, covering encoder-only, encoder—decoder, and decoder-only
architectures, respectively. Figure 8.4 reports NDCG@10 for each configuration.
Overall, the results show that selectively adding or removing a single layer gener-
ally yields performance that is comparable to, but often lower than, the full Task
Vector baseline. In particular, on TREC-COVID and NFCorpus with RoBERTa-
base, and on SciFact and TREC-COVID with T5-base, both layer-restricted and
layer-excluded variants consistently underperform the full-layer configuration. A
clear trend emerges across architectures: later transformer layers appear more in-
fluential for retrieval, as manipulating these layers typically produces larger per-
formance variations than modifying earlier layers. This behaviour suggests that
domain-specific information relevant to ranking is predominantly encoded in higher
layers, which are responsible for modelling more abstract semantic representations.
NFCorpus constitutes a partial exception for Th-base and LLama-2-7b, where selec-
tively activating or excluding individual layers occasionally surpasses the full-layer
Task Vector. This indicates that layer-wise interactions may vary across datasets
and model families, potentially due to domain-specific distribution shifts or dif-
ferences in how deeper layers encode retrieval-relevant semantic features. Overall,
these findings support the use of full-layer Task Vectors as the most stable strategy,
while highlighting that a subset of higher layers can have a disproportionate impact
on retrieval effectiveness.

8.5 Conclusions

This Chapter investigates Task Arithmetic for domain adaptation of dense,
learned sparse retrieval and cross-encoder models, encompassing encoder-only,
encoder-decoder and decoder-only architecture and evaluating task vectors across
seventeen retrieval paradigms in scientific and biomedical domains. Our evaluation
shows that Task Arithmetic yields consistent improvements over MS MARCO-
trained ranking models, with gains up to 24% in nDCG@10. Furthermore, we
show the effectiveness of the proposed approach even in multilingual IR tasks. Fi-
nally, we evaluate the impact of hyperparameter o and each layer in the Task
Vectors. Task Arithmetic thus provides a training-free method to transfer domain
knowledge and reduce reliance on costly labelled datasets.
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Chapter 9

Revealing MonoT5’s Learning

Mechanisms via Prompt-Token
Adaptation

The introduction of the Transformer architecture [454] and the subsequent de-
velopment of large Pre-trained Language Models (PLMs), such as T5 [376], have
significantly advanced neural approaches to Information Retrieval (IR). Among
these models, MonoT5 [336] has emerged as a strong cross-encoder reranker by
fine-tuning T5 on the MS MARCO dataset [328], achieving state-of-the-art effec-
tiveness across several retrieval benchmarks. MonoT5 follows the cross-encoder
paradigm [195], where the query and the document are jointly encoded as a single
input sequence. Unlike BERT-based reranking models [337], MonoT5 relies on a
prompt-based formulation that explicitly introduces task-specific tokens, such as
Query, Document, and Relevant, which guide the model during fine-tuning. The
model is then trained to generate the label true when the document is relevant
to the query, and false otherwise. Despite its strong empirical performance, the
internal adaptation dynamics of MonoT5 remain relatively underexplored. In par-
ticular, it is unclear how relevance signals are encoded during fine-tuning and which
components of the model contribute most to its retrieval behaviour. To address this
gap, in this Chapter, we analyse the parameter shifts induced when fine-tuning T5
as MonoT5 on MS MARCO [328], i.e. its corresponding task vector. Our analy-
sis shows that these changes are not uniformly distributed across the model, but
instead concentrate in a small subset of parameters, primarily within the embed-
ding layer. Notably, the embeddings associated with the prompt and label tokens,
i.e. Query, Document, Relevant, true, and false, exhibit the largest shifts. This
suggests that a substantial amount of retrieval-specific behaviour is encoded di-
rectly into these token representations, while the majority of the model remains
comparatively stable.

Building on these findings, in this Chapter, we propose a new training strategy
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that updates only the embedding vectors associated with the prompt tokens, while
keeping the remaining parameters frozen. This approach falls within the broader
family of Parameter-Efficient Fine-Tuning (PEFT) methods, which aim to adapt
large models by training only a limited subset of parameters. Our strategy re-
quires updating only 0.002% of the model parameters, while preserving retrieval
effectiveness. We refer to the resulting model as Light-MonoT5, highlighting its
lightweight adaptation mechanism. We evaluate Light-MonoT5 on both in-domain
benchmarks (TREC DL 19 [94], DL 20 [95], and DL Hard [298]) and out-of-domain
collections from BEIR [442], showing that its performance is not statistically sig-
nificantly different from that of full MonoT5 fine-tuning. Finally, based on our
empirical observations, we hypothesise that MonoT5 primarily learns to assess pas-
sage quality rather than learning semantic relevance, since the base T5 model [376]
already captures semantic matching during pre-training. To test this hypothesis, we
leverage Quality T5 (QT5) [65], a T5-based model designed to identify low-quality
passages that are unlikely to be relevant to any query. When applying Light-
MonoT5 to a QT5-pruned corpus, we obtain retrieval performance comparable to
MonoT5. These results further support the hypothesis that MonoT5’s effectiveness
is strongly driven by its ability to model passage quality, and that once low-quality
passages are removed, only minimal parameter adaptation is sufficient to recover
full MonoT5 performance. To summarise, the contributions of this Chapter are as
follows:

o We analyse the parameter dynamics of fine-tuning T5 on MS MARCO, show-
ing that the largest shifts concentrate in the embeddings of prompt-related
tokens.

o We introduce a novel parameter-efficient tuning strategy that adapts only
prompt embeddings, reducing trainable parameters to 0.002% while main-
taining retrieval effectiveness.

o We evaluate the proposed approach on both in-domain and out-of-domain
benchmarks, showing its robustness across various retrieval settings.

o Building on these findings, we show that MonoT5 largely captures passage
quality signals rather than modelling query-document relevance.

The remainder of the Chapter is organised as follows. Section 9.1 reviews related
work on T5 and parameter-efficient fine-tuning techniques. Section 9.2 presents
our analysis of the parameter shifts induced by fine-tuning T5 on MS MARCO.
Section 9.3 describes Light-MonoT5 in detail. Section 9.4 outlines the experimental
setup, Section 9.5 reports and discusses the results, and Section 9.6 concludes the
Chapter.
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9.1 Related Work

This section reviews prior work on TH and its application in Information Re-
trieval (IR).

T5 [376] is a Transformer-based encoder-decoder model [454] that formulates all
tasks under a unified text-to-text paradigm. Its architecture consists of an encoder,
which processes the input sequence, and a decoder, which generates the output se-
quence conditioned on the encoder representations. TH is pre-trained on the C4
corpus [376], a large collection of cleaned English web documents, and subsequently
fine-tuned on a diverse set of supervised tasks, including translation, question an-
swering, and classification. To specify the target task, Raffel et al. [376] prepend
task-specific textual prefixes to the input sequence. This design enables the model
to reuse a single architecture while adapting its behaviour through natural language
prompts. Building on this paradigm, Nogueira et al. [336] proposed MonoT5, which
fine-tunes T5 for document reranking on MS MARCO [328]. MonoT5 follows the
cross-encoder setting, jointly encoding the query ¢ and the document d as a single
input prompt of the form Query: [q] Document: [d] Relevant:, and training
the model to generate the tokens true or false as relevance labels. Recent work
has shown that MonoT5 strongly relies on the prompt structure and its associated
tokens. In particular, while MonoT5 can adapt to arbitrary relevance label seman-
tics [336], it is also vulnerable to prompt-based adversarial manipulations such as
stuffing, rewriting, and preemption [346], highlighting the central role of prompt
tokens in controlling its ranking behaviour. Beyond query-document relevance mod-
elling, Cheng et al. [65] introduced Quality T5 (QT5), a T5-based model trained to
estimate passage quality rather than query relevance. QT5 predicts whether a doc-
ument is unlikely to be relevant to any query, capturing signals such as repetition
or low-information content. Unlike MonoT5, QT5 is trained using prompts that ex-
clude the query, e.g., Document: [x] Relevant: [true/false]. QT5 has been
shown to support effective corpus pruning by removing low-quality passages prior
to indexing, reducing storage and indexing costs while maintaining statistically
comparable retrieval effectiveness.

9.2 Preliminary Analysis of MonoT5

Recent work [196] has introduced the notion of a task vector, defined as the
parameter difference between a pre-trained language model (PLM) and its fine-
tuned counterpart on a specific downstream task. Task vectors are commonly
interpreted as capturing the knowledge acquired during fine-tuning. Inspired by
these studies, we analyse the task vector between T5-base and MonoT5-base in
order to address the following research question:

e RQO: Which parameters change more when fine-tuning MonoT57
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Figure 9.1: Frobenius and Max norm differences between the parameters of MonoT'5
and T5. The vertical blue lines separate encoder and decoder components.

For each weight matrix 0015 € R™™ in MonoT5, we compute its correspond-
ing task vector with respect to the matching parameter matrix 675 € R™™ in the
original T5 model as:

Al = eMonoTE) - GTS- (91)

To quantify the magnitude of these parameter shifts, we first compute the Frobenius
norm [175]:

n m
|AG]|p = \IZZKA@)MP- (9.2)
i=1j=1

However, the Frobenius norm is sensitive to the dimensionality of the parameter
matrix, meaning that larger matrices tend to yield larger values even when the
per-parameter changes are small. This is particularly relevant in MonoT5, where
parameter matrices vary significantly in size: for instance, the embedding layer
has dimensions 768 x 32128, whereas attention matrices are typically 768 x 768.
To obtain a complementary measure that is independent of matrix size, we also
compute the Max norm [57]:

A8 mae = max [(A0)i;]- (9:3)

Figure 9.1 reports the results of our analysis. We observe that the largest
differences, under both Frobenius and Max norms, occur in the embedding weights
of the encoder, the decoder, and the language modelling head. These components
are tied in Th, meaning that they share the same parameter matrix and therefore
learn a unified representation space used across encoding, decoding, and output
generation. While the high Frobenius norm values can partly be attributed to
the large dimensionality of the embedding layer, the dominance of these matrices
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Figure 9.2: Euclidean distance and cosine similarity between MonoT5 and T'5 token
embeddings. Each point corresponds to a token in the vocabulary; prompt and label
tokens used during MonoT5 training are highlighted in

under the Max norm confirms that the most substantial fine-tuning updates are
concentrated in the embedding parameters. In contrast, attention and feed-forward
layers exhibit considerably smaller shifts, with Max norm values consistently below
1 and Frobenius norms below 20, indicating only limited adaptation. Thus, we
can conclude that the training process in MonoT5 is dominated by changes in the
embedding layer, with minimal adaptation occurring in the other parameters.

To better understand which embeddings are most affected, we further analyse
token-level changes in the embedding layer. Given a token ¢, we compare its em-
bedding vector in MonoT5, €, s € R with the corresponding embedding in
T5, ef, € R™® using both cosine similarity and Euclidean distance. These mea-
sures provide complementary information, as cosine similarity captures directional
changes, while Euclidean distance reflects the magnitude of the update.

The results are shown in Figure 9.2. Overall, most embeddings remain highly
aligned after fine-tuning, with cosine similarity values close to 1. Nevertheless, a
small subset of tokens exhibits substantially larger shifts. In particular, the token
with the lowest cosine similarity is Document. More generally, the most affected
embeddings correspond to the prompt tokens Query, Document, Relevant, as well
as the target label tokens true and false. These tokens are central to the prompt
template used to formulate reranking as a text generation task, and their strong
updates suggest that relevance modelling is largely encoded through these prompt-
specific representations. Interestingly, the colon symbol ;" also appears among the
most shifted tokens, which is consistent with its repeated use in the prompt format-
ting. Overall, this analysis indicates that MonoT5 fine-tuning primarily modifies
the embedding representations associated with prompt and label tokens, while leav-
ing the majority of the model parameters relatively unchanged. This observation
motivates the investigation of whether effective reranking can be achieved by selec-
tively updating only a minimal subset of T5 parameters.
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9.3 Training Prompt Tokens is All You Need

In this section, we present our proposed parameter-efficient fine-tuning strategy,
which leads to a lightweight T5-based reranker that we refer to as Light-MonoT).
We then describe how Light-MonoT5 can be combined with QT5 to reveal the
learning mechanisms of MonoT5.

Formal Definition Let fo denote a pre-trained T5 model parameterised by ©.
Fine-tuning fg on a downstream task produces an adapted model fo: with updated
parameters ©’. In our setting, fg is used as a ranking function that, given a query
g and a corpus C = {di}ﬁl, assigns a relevance score to each document and induces
a ranking over C. Training is performed using triples (¢, d",d~), where d* € C is a
relevant document and d— € C is a non-relevant one. Classical fine-tuning updates
the full parameter set ©.

Instead, we consider a more granular perspective by partitioning the parameters
into two disjoint subsets: the embedding parameters © g,,,; and all remaining param-
eters ©° (including attention and feed-forward weights), such that © = ©g,,;, U ©°.

Light-MonoT5 The analysis in Section 9.2 shows that the fine-tuning of MonoT'5
is largely dominated by changes in the embedding layer, and in particular by the
prompt-related token embeddings. This observation motivates a selective adapta-
tion strategy in which we freeze all parameters ©° and restrict training to only a
small subset of vectors in ©pg,,;, reducing both training cost and time. Concretely,
Light-MonoT5 updates only the embeddings corresponding to the tokens used in
the MonoT'5 prompt template: Query, Document, Relevant, ‘:’, true, false, and
[E0S], where [EOS] denotes the end-of-sequence token. All remaining parame-
ters of the model are kept frozen throughout training. The motivation behind this
approach is rooted in the nature of T5 pre-training. Since T5 has already been
exposed to a wide variety of text-to-text tasks, including question answering [376],
it likely contains latent semantic matching capabilities that can be activated with
minimal task-specific supervision. Under this view, fine-tuning for reranking does
not require rewriting the full parameter space, but rather adjusting a small num-
ber of prompt-related embeddings that define the task formulation. As a result,
Light-MonoT5 can retain the full inference behaviour of MonoT5 while drastically
reducing the number of trainable parameters.

Relevance vs. Quality The strong empirical similarity between MonoT5H and
Light-MonoT5 raises a fundamental question: what does MonoT5 learn during fine-
tuning? If comparable effectiveness can be achieved by updating only a small set
of prompt embeddings, then MonoT5 may not primarily learn query-document
relevance. Instead, we hypothesise that MonoT5 largely captures passage-level
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quality signals, i.e. the ability to identify texts that are generally informative and
well-formed, and to demote passages that are unlikely to be relevant to any query.

To test this hypothesis, we leverage Quality T5 (QT5) [65], a T5-based model
trained to detect passages that are unlikely to be relevant to any query. We apply
QT5 to a corpus C = {p1,...,p,} to obtain a quality score for each passage. Given
a pruning threshold ¢, we remove all passages whose quality score falls below ¢,
obtaining a filtered corpus:

C'={p|peCAQT5(p) > t}. (9.4)

We then index C’ and perform retrieval using a first-stage ranker, followed by rerank-
ing with Light-MonoT5. The application of QTS5 enables us to disentangle relevance
modelling from quality modelling. If the combination of QT5 and Light-MonoT5
yields effectiveness comparable to MonoT5, it would suggest that MonoT5’s per-
formance is largely driven by passage quality estimation rather than fine-grained
query-document matching.

9.4 Experimental Setup

Our experiments investigate the role of prompt tokens embedding in MonoT5
through the following research questions:

RQ1: Can we achieve effectiveness comparable to MonoT5 by training only prompt-
token embeddings?

(a) Does Light-MonoT5 achieve performance on par with MonoT5 on in-
domain benchmarks?

(b) Does Light-MonoT5 preserve effectiveness under domain shift?

RQ2: What is the role of passage quality in MonoT57

Model Details and Baselines We define Light-MonoT5 by fine-tuning three T5
backbone variants [376] (small, base, and large) on the MS MARCO training triples.
We follow the original MonoT5 training set up [336], using a constant learning
rate of 1073 for 100K iterations with class-balanced batches of size 128. Inputs
are truncated to a maximum length of 512 tokens, and the decoder produces two
output tokens (the prediction token and the end-of-sequence token). Asin MonoT5,
relevance probabilities are computed by applying the softmax only over the true
and false output tokens. To study the passage quality effects, we rely on two
publicly available QT5 models [65], namely QT5-small and QT5-base. In addition,
following the original QT5 setting [65], we train QT5-large for 10K iterations on
MS MARCO triples without any query.
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As baselines, we employ a lexical ranker, namely BM25, and three different ver-
sions of MonoT5 rerankers [336], i.e. small, base and large. Moreover, we include
three PEFT baselines: LoRA [187], LoRA 4+ Embedding layer, and Embedding layer
tuning. For all LoRA-based variants, we use rank r = 8 [187]. All PEFT baselines
are trained under the same configuration as Light-MonoT5. To evaluate the effi-
ciency of the proposed approaches, we report the number of trainable parameters
(# Params.) and the training speed-up relative to full MonoT5 fine-tuning.

Test Collections We evaluate in-domain performance on the judged versions
of the TREC Deep Learning tracks 2019 [94], 2020 [95], and DL Hard [298], all
derived from the MS MARCO passage retrieval collection [328]. We refer to these
test sets as DL 19, DL 20, and DL Hard, respectively, and access them through
the ir-datasets framework [296]. To evaluate robustness under domain shift,
we adopt several collections from BEIR [442], including NFCorpus [42], TREC-
COVID [456], SciFact [459], SciDocs [92], and FiQA [301]. These datasets cover
a range of tasks: SciDocs and SciFact focus on scientific citation prediction and
fact checking, TREC-Covid and NFCorpus address biomedical retrieval, and FiQA
targets financial question answering.

Evaluation Metrics We evaluate all methods using nDCG@10 [112]. Since our
main goal is to determine whether Light-MonoT5 preserves the effectiveness of
full fine-tuning, we perform statistical testing using both: (i) a Two One-Sided
t-Test (TOST) [412] with p < 0.05 to test equivalence between Light-MonoT5 and
MonoT5; and (ii) a paired t-test with p < 0.05 and Bonferroni correction to detect
statistically significant differences across multiple comparisons [112].

9.5 Results

This section reports the results of our experiments and answers the research
questions introduced in Section 9.4. We present results on in-domain benchmarks
(DL 19, DL 20, DL Hard), out-of-domain BEIR collections, and additional anal-
yses aimed at clarifying the role of passage quality. Results are summarised in
Tables 9.1, 9.2, and 9.3. In all tables, the model before > denotes the first-stage
retriever, while the model after denotes the reranker applied to the top-100 re-
trieved documents. In the following, Section 9.5.1, addresses RQ1(a), which asks
whether we may achieve comparable in-domain performance to MonoT5 while up-
dating only a restricted subset of token embeddings, while Section 9.5.2 addresses
RQ1(b), to study the impact of Light-MonoT5 on out-of-domain benchmarks. Fi-
nally, Section 9.5.3 investigates the role of passage quality in MonoT5’s learning
mechanism to answer RQ2.
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Training
Model # Params. Speed DL 19 | DL 20 | DL Hard
Up
BM25 / / 479 494 274
BM25 > T5 0 0 .343 231 110
Query Document Relevant true false EoS Colon (:)
768 1.50% .610 .582 .335
5 768 1.50% .555 516 .298
S 768 1.50% 547 446 .243
= 768 1.50% 363 255 135
2 1536 1.48x% .669 .609 .351
5“ 1536 1.48x% A57 .381 164
A 2304 1.49x .681 617 344
5 3072 1.48% 664 .624 .337
E 3840 1.47x .686* .639 .356
[sa) 4608 1.47x 696%T 631 .347
5376 1.46x 694%F 625 .350
BM25 > T5 + LoRA 885k 1.18x% 675 .630 .355
BM25 > T5 + LoRA + Embedding layer 25.6M 1.12x .690 .594 .329
BM25 > T5 + Embedding layer 24.7TM 1.15% 698+t .640 .343
BM25 > MonoT5 223M 1x .701 .679 400

Table 9.1: Effectiveness in nDCG@10 and efficiency in terms of the number of
updated parameters (#) and training speed up of all proposed configurations of
Light-MonoT5-base. * and T mean not statistically significant difference compared
to MonoT5 with t-test and TOST-test, respectively.

9.5.1 RQ1(a): Does Light-MonoT5 achieve performance on
par with MonoT5 on in-domain benchmarks?

We begin by evaluating Light-MonoT5-base on DL 19, DL 20, and DL Hard.
To isolate the contribution of individual prompt tokens, we perform a sequence of
controlled experiments in which only selected embedding vectors are updated while
all remaining parameters are frozen. We first fine-tune a single token embedding,
e.g. Query, Document, Relevant, or EOS), then progressively expand to multi-
ple prompt tokens until reaching the full MonoT5 prompt set: Query, Document,
Relevant, true, false, EOS, and ‘:’. Table 9.1 reports the effectiveness of each
configuration (BM25 > Light-MonoT5) in terms of nDCG@10 compared to BM25,
T5 and MonoT5 reranker. The green check (v/) marks the embeddings that are
updated, while the grey cross () indicates frozen embeddings.

Table 9.1 reports the effectiveness of each configuration in terms of nDCG@10.
The results show that T5 used in a zero-shot manner performs substantially worse
than BM25, confirming that some form of task adaptation is needed. However, even
minimal tuning can yield strong improvements: updating only Query or Document
is sufficient to outperform BM25 across all three benchmarks, while updating only
Relevant or EOS leads to weak performance, often below the lexical baseline. This
observation aligns with recent findings [24, 144], which suggest that pre-trained
language models rely heavily on the initial instruction tokens, as, for example, T5
is fine-tuned with task-specific prompts defined at the beginning of the input [376].
Jointly updating Query and Document further improves effectiveness, while training
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Training
Model # Params. Speed DL 19 | DL 20 | DL Hard
U
TCT-ColBERT / /p 718 .683 371
TCT-ColBERT > T5 0 0 313 224 123
Query Document Relevant true false EoS Colon (:)

768 1.50x .651 590 341

768 1.50% .563 .549 .306

768 1.50% 527 451 243

E 2 768 1.50x .338 241 121
|23 1536 1.48x 684% 611 347
s 2E 1536 1.48% 438 .360 174
2 A S 2304 1.49% 711 631 .365%
O = 3072 1.48x 691% 637 351
& 3840 1.47x .691%* 637 .364
4608 1.47x .702% 639 .375%

5376 1.46x 710* 635 .360
TCT-ColBERT > T5 + LoRA 885k 1.18x 687 651 .375%

TCT-ColBERT > T5 + LoRA + Embedding layer 25.6M 1.12x .670% .608 327
TCT-ColBERT > T5 + Embedding layer 24.7TM 1.15% .697* .648 .370*

TCT-ColBERT > MonoT5 223M 1x 17 700 413

Table 9.2: Effectiveness in nDCG@10 of all proposed configurations of Light-
MonoT5 with TCT-ColBERT as first-stage ranker. Notation as per Table 9.1.

only the output tokens true and false fails to outperform BM25, suggesting that
the reranking behaviour cannot be learned from label tokens alone. Expanding
training to Query, Document, and Relevant yields additional gains, and includ-
ing true/false enables Light-MonoT5 to reach effectiveness that is statistically
equivalent to MonoT5-base on DL 19, while updating only 4608 parameters, i.e.
0.002% of the model, and achieving a 1.5x training speed-up. Including EOS and/or
the colon token further improves performance, reaching statistical equivalence with
MonoT5-base under the TOST test on DL 19. However, these configurations show
weaker generalisation to DL 20 and DL Hard. Finally, we have evaluated our
approach by training three new special tokens instead of Query, Document, and
Relevant, achieving performance on par with MonoT5 (.647 in nDCG@10 on DL
19), suggesting that the specific semantic meaning of the prompt tokens is not criti-
cal. We also compare against standard PEFT baselines: LoRA, LoRA+ Embedding
layer, and full Embedding layer tuning. While these methods achieve competitive
effectiveness, with the embedding-layer baseline showing particularly strong results
on DL 20, they require substantially more trainable parameters and at least 1.3x
longer training compared to Light-MonoT5.

Finally, extend our analysis to a stronger semantic first-stage dense retriever,
TCT-ColBERT [264]. As shown in Table 9.2, Light-MonoT5 preserves the same
effectiveness trends, and when training the full prompt-token set, it achieves
nDCG@10 values that are statistically equivalent to MonoT5. These results show
that training only prompt-token embeddings is sufficient to capture the core rele-
vance signals learned by MonoT5, even when the first-stage retriever already pro-
vides semantically rich passages.
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Model DL 19 DL 20 DL Hard NFCorpus SciDocs SciFact TREC-Covid FiQA
BM25 AT79 494 274 .328 158 .684 .629 .253
BM25 > Light-MonoT5-small .629%* .540 .298 .319 118 .628 .632 277
BM25 > MonoT5-small 673 .640 .354 334 .146 672 .694 .344
BM25 > Light-MonoT5-base 696%T 631 .347 .341%* 145 STo7* 723* .354
BM25 > MonoT5-base .701 .679 .400 .347 157 .720 725 .386
BM25 > Light-MonoT5-large .685% .665* .350%* .359% .162 718 J729%* .391
BM25 > MonoT5-large 711 .685 .359 .367 174 737 759 421

Table 9.3: Effectiveness in nDCG@10 of Light-MonoT5 on out-of-domain bench-
marks. Notation for * and T as per Table 9.1.

Overall, to concretely answer RQ1(a), Light-MonoT5 match MonoT5 perfor-
mance on in-domain benchmarks, showing that training prompt-token embeddings
is sufficient to reproduce the effectiveness of full MonoT5 fine-tuning.

9.5.2 RQ1(b): Does Light-MonoT5 preserve effectiveness
under domain shift?

To understand if our approach can generalise well on different T5 variants and
out-of-domain datasets, we evaluate Light-MonoT5 under domain shift by train-
ing three variants (small, base, and large) and testing them on BEIR collections.
Based on the in-domain results, we adopt the strongest configuration, which up-
dates Query, Document, Relevant, true, false, and EOS. As shown in Table 9.3,
Light-MonoT5-base and Light-MonoT5-large maintain strong out-of-domain per-
formance, achieving effectiveness that is statistically equivalent to MonoT5 on NF-
Corpus, SciFact, and TREC-COVID. In contrast, Light-MonoT5-small degrades
substantially on most out-of-domain benchmarks, showing that limited model ca-
pacity amplifies the effect of vocabulary and distribution shifts. To concretely an-
swer RQ1(b), Light-MonoT5-base and Large preserve MonoT5’s robustness under
domain shift, while the small variant is less reliable, suggesting that prompt-token
adaptation alone may be insufficient when model capacity is limited.

9.5.3 RQ2: What is the role of passage quality in MonoT57?

The strong performance of Light-MonoT5 shows that T5 can learn effective rel-
evance judgements even when training on MS MARCO is restricted to a small and
carefully selected subset of parameters. This suggests that updating the whole pa-
rameters may not be necessary to learn retrieval-specific relevance signals. Indeed,
the generalisation ability of T5 can be partly attributed to its prior fine-tuning
on different supervised tasks such as question answering (e.g., SQuAD [381]) and
semantic similarity (e.g., STS-B [61]). These tasks require modelling semantic rela-
tionships and contextual alignment, which is similar to query-document matching.

157



Revealing MonoT5’s Learning Mechanisms via Prompt-Token Adaptation

DL 19 DL 20 DL Hard
0.75 0.45

large ;s 07 sz base ::1arge :zzxixf  0.40

L vrrrrs. Nar et | DURUOURUN I PSS SESPPPRNIR rrrn - small veeeeenns) 0.35 @ik s s g s arge s small s

b
a zzzsaail s small
——
: N\ 0.6
5, 5, 0.30

- k"_'\.\% Ve ’9@\ —_‘\/A\\\

g Ny, s, o —_\ bﬂsﬁ.\ 0.25 SMay

s 0.20

0.0 01 0.2 03 04 0.5 06 0.7 00 01 0.2 03 04 0.5 06 0.7 00 01 0.2 03 04 0.5 06 07
% Pruned % Pruned % Pruned

nDCG@10
=)
@
i

Figure 9.3: nDCG@10 of Light-MonoT5 by the percentage of a corpus pruned by
QT5. Effectiveness measurements that are not statistically significantly different
from MonoT5 are marked with e.

As a result, TH likely already encodes much of the capability required for rele-
vance estimation, even before being fine-tuned on MS MARCO. Building on this
insight, RQ2 investigates what MonoT5 actually learns during full fine-tuning on
MS MARCO. Unlike Light-MonoT5, MonoT5 updates the entire set of 223M pa-
rameters, which raises the possibility that its effectiveness improvements do not
primarily derive from learning fine-grained query-document relevance, but rather
from acquiring a strong ability to discriminate passage quality. To test this hy-
pothesis, we use QTS as a document filter, pruning low-quality passages from MS
MARCO before indexing with a first-stage retriever. We then apply Light-MonoT5
on the pruned corpus: if its performance are on par to fully fine-tuned MonoT5,
this would support the interpretation that full fine-tuning mainly enhances the
model’s capacity to identify low-quality passages. Following Chen et al. [65], we
prune up to 70% of the corpus, since pruning beyond this threshold substantially
changes the index size due to lexicon effects. The results, reported in Figure 9.3,
show that both Light-MonoT5-base and Light-MonoT5-large achieve effectiveness
on DL 2019 that is not statistically significantly different from their fully fine-tuned
MonoT5 counterparts, even when up to 50% of the MS MARCO passages are re-
moved. A similar pattern is observed on DL Hard, particularly for the base model.
In contrast, Light-MonoT5-small reaches statistical equivalence with MonoT5 only
on DL 20 and only for pruning levels up to 30%, suggesting that smaller models
may rely more heavily on explicit relevance learning.

Overall, these findings show that once low-quality passages are removed, exten-
sive parameter updates are no longer needed to retrieve highly relevant documents.
This reinforces our hypothesis that full fine-tuning MonoT5 learns how to classify
passage quality rather than query-document relevance, thereby answering RQ2.

9.6 Conclusions

In this Chapter, we analysed the fine-tuning dynamics of MonoT5 showing that
the largest parameter updates are focused in a small subset of prompt-token embed-
dings, while the majority of the model remains largely unchanged. Motivated by
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this observation, we introduced Light-MonoT5, a parameter-efficient reranker that
fine-tunes only prompt-related embedding vectors, reducing the number of train-
able parameters to 0.002% while preserving effectiveness across multiple bench-
marks. Our experiments show that Light-MonoT5 achieves effectiveness statisti-
cally equivalent to MonoT5 on in-domain evaluations, and that base and large
variants retain strong transfer performance under domain shift. Furthermore, by
combining Light-MonoT5 with QT5, we show that MonoT5 learns to classify doc-
ument quality rather than query-passage relevance.
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Part 1V

Resources and Benchmarks
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Chapter 10

Introduction

This part of the thesis introduces and motivates the development of new re-
sources and benchmarks aimed at advancing personalised and domain-specific
search evaluation across heterogeneous application scenarios. Although recent ad-
vances in parameter-efficient adaptation and large language models have reduced
the reliance on full-scale retraining, effective fine-tuning of Information Retrieval
(IR) systems still fundamentally depends on the availability of high-quality labelled
data. In practice, the development of domain-specific and Personalised Information
Retrieval (PIR) models is constrained by a lack of large-scale annotated datasets
that capture both semantic relevance and user-specific signals.

To address this limitation, this part of the thesis focuses on bridging this gap
by introducing novel datasets designed to support robust training and evaluation
of PIR systems. The overarching goal is to provide structured, richly annotated re-
sources that reflect the complexity of real-world interactions and enable systematic
benchmarking of personalization methods in IR. Chapter 11 introduces SE-PQA,
a large-scale dataset for Personalised Community Question Answering (cQA). The
dataset comprises over one million queries and two million answers, enriched with
fine-grained annotations capturing social and interactional signals extracted from
a large-scale community-based QA platform. In addition to describing the dataset
construction process, the Chapter establishes a set of baseline models leveraging
deep learning architectures and personalization mechanisms tailored to the cQA
setting. Empirical results show that incorporating personalization consistently im-
proves retrieval and ranking performance, particularly in terms of robustness and
generalization when models are exposed to heterogeneous user communities. These
findings highlight the relevance of community-aware signals for effective PIR mod-
elling.

Building on this resource, Chapter 12 presents Sy-SE-PQA, a synthetic exten-
sion of SE-PQA designed to mitigate the scarcity of human-annotated data. In
this Chapter, we explore the use of large language models (LLMs) to generate syn-
thetic personalised answers conditioned on user—query interactions from the original
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dataset. This approach is motivated by the observation that, in many realistic set-
tings, manually annotated personalised relevance judgments are either expensive
or unavailable. Experimental results show that, despite approximately 30% of gen-
erated synthetic documents containing hallucinated or partially incorrect content,
models trained on synthetic data achieve performance comparable to those trained
on human-annotated datasets. This suggests that LLM-generated supervision can
serve as an alternative when gold-standard annotations are limited.

Overall, this part of the thesis provides the foundational data resources neces-
sary to support the development and evaluation of advanced PIR models. While
Part IT investigated parameter-efficient fine-tuning strategies and Part III ex-
plored training-free adaptation methods for domain-specific and task-oriented use
of large language models, Part IV complements these contributions by introduc-
ing the datasets required to rigorously evaluate domain-specific and personalised
approaches.
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Chapter 11

SE-PQA: Personalized Community
Question Answering

Personalization is a central research topic in both Information Retrieval (IR) [40,
58, 428, 190, 294, 49] and Natural Language Processing (NLP) [49]. In personalised
search, the goal is to adapt retrieval results to a specific user or group of users
by leveraging information about their interests, preferences, and online behaviour.
Given the ability of Deep Neural Networks (DNNs) in learning complex represen-
tations from both text and structured information [314], there is strong interest in
applying such models to Personalised IR (PIR) and Recommender Systems (RS).
However, the lack of publicly-available, large-scale datasets that include user-related
information is one of the biggest obstacles to the training and evaluation of DNN-
based personalised models. Several real-world datasets have been used to study
personalization, including the AOL query log [347], the Yandex query log, and the
CIKM Cup 2016 dataset. In addition, some synthetically enriched datasets have
been proposed, such as PERSON [435], the Amazon product search dataset [7],
and a dataset derived from the Microsoft Academic Knowledge Graph [29]. De-
spite their usefulness, these resources present significant limitations. For instance,
the AOL query log raises serious ethical and privacy concerns [23], while the strong
anonymization applied to the Yandex query log makes it unsuitable for training or
fine-tuning neural language models.

This Chapter addresses these limitations by introducing SE-PQA (StackExchange
— Personalized Question Answering), a large-scale dataset enriched with user-level
signals that enable the training and evaluation of personalised models for commu-
nity Question Answering (cQA). SE-PQA is derived from StackExchange, a widely
used cQA platform composed of 178 public communities. The StackExchange data
dump of user-generated content is publicly available under the CC BY-SA 4.0 li-
cense. We process the original dump and construct SE-PQA as a curated resource
comprising approximately one million questions and two million answers, enriched
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with extensive metadata capturing social and behavioural aspects of user inter-
actions. These include, among others, upvotes and downvotes on questions and
answers, view counts, favourite counts, post tags describing topical content, and
user comments. In addition, to support personalization, each user is associated
with their historical activity (previous questions and answers), self-reported biog-
raphy, reputation score, and profile-level statistics such as profile view counts. The
cQA problem on SE-PQA can be formulated using different information sources,
including textual content, tags, social signals, or their combinations. In this work,
we focus on information retrieval-based formulations of cQA, modelling the task
as ad-hoc retrieval where a question serves as a query and answers are retrieved
from a pre-existing collection. The objective is to produce a ranked list of answers
that best address the information need expressed in the question. Since multiple
answers may be relevant for the same query, personalization can be incorporated
to exploit user-specific context and preferences, thereby favouring responses that
better align with individual user profiles. In summary, the main contributions of
this Chapter are:

o We introduce SE-PQA, a publicly available dataset containing over one million
questions and two million answers generated by approximately 600k users,
together with rich metadata that enables both standard and personalised
cQA research.

o We provide an in-depth analysis of SE-PQA and compare it against existing
datasets used in personalised information retrieval studies.

o We present initial experimental results on SE-PQA, showing that neural re-
trieval methods outperform traditional approaches and that incorporating
personalization signals leads to substantial performance improvements.

The remainder of this Chapter is organised as follows. Section 11.1 introduces
SE-PQA, presents its statistics, defines the supported cQA tasks, and compares it
with related datasets. Section 11.2 reports preliminary experimental results using
both classical and personalised retrieval models. Finally, Section 11.3 concludes
the Chapter.

11.1 The SE-PQA Dataset

StackExchange posts are enriched with a wide range of social and interaction
signals. When posting a question, users typically attach tags that indicate its
topic, thereby facilitating retrieval and improving discoverability for other users
with related interests. In addition, questions may receive upvotes or downvotes
reflecting their perceived usefulness and compliance with community standards.
Community members can also contribute feedback aimed at improving questions
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that are unclear or poorly formulated. Similar treatment is given to the answers:
they can be up-voted or down-voted, and the user who asked the question can
explicitly mark one response as the best answer. This choice does not necessarily
coincide with the answer that received the highest number of up-votes. Overall,
we find that 87.6% of questions and answers are associated with a score computed
as the difference between the number of upvotes and downvotes. A positive value
indicates that a post received more favourable than unfavourable feedback, whereas
a negative value reflects the opposite.

StackExchange Q. search on Academia
Academia

Question Title
Asked 3days ago  Viewed 165 times

Text explaing the question. We preprocessed
this text to remove the html tags in it.

A
| score T
v " asked Nov 511:36
tagl tag2 tag3

D @ Usenxyz Username
@ 5646 ( Reputation
m 15 comment text asking something Userabc
5 comment text responding to the previous comment Userxyz
6 Answers

An answer that has been
answered Nov 6 5:33

A
@ 16 Selected as the best
v
. Userabc

D A 7963

m)\/ 6 comment for the answer withtext Userasd
A

An answer that has not
been selected as the best

18
answered Nov 7 3:49
v
@ Uuserasd
D A 7357

Figure 11.1: Tllustration of StackExchange data.
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StackExchange data has previously been utilised within the information re-
trieval community, for instance as a source of training data for sentence similarity
models [194]. However, its use in Q&A research has largely been limited to deriving
text pairs, without exploiting the rich social and user-level information that could
support personalised retrieval. Other work has used StackExchange for duplicate
question retrieval [181], but such datasets typically focus on a limited number of
communities and do not study cross-community interactions. In contrast, SE-PQA
offers a unified, curated collection of questions and answers gathered from multiple
heterogeneous forums. A notable characteristic of this dataset is that users are
not restricted to a single community and may participate across different domains.
Among users who have asked at least two questions, approximately 50% have
contributed to more than one community. This proportion increases when focusing
on more active users. For instance, among the 62k users with at least five posts
(questions or answers), only 23k (37%) are active in a single community, while
40k (63%) participate in at least two communities, 26k (42%) in at least three,
and 18k (28%) in more than three communities. We claim that personalization
becomes particularly valuable in such multi-domain settings, where user interests
span multiple topics. In contrast, when retrieval is performed within a single
domain or topic, personalization signals may have a weaker impact. We provide
empirical evidence supporting this claim in Section 11.2.2, where we show that
personalization yields larger improvements when applied to the full multi-domain
dataset compared to isolated single-community subsets. To promote diversity
while maintaining linguistic consistency, SE-PQA combines data from multiple
communities broadly belonging to humanistic and lifestyle-related domains. In
particular, we include the following 50 StackExchange communities:
writers, workplace, woodworking, vegetarianism, travel, sustainability, sports,
sound, skeptics, scifi, rpg, politics, philosophy, pets, parenting, outdoors, open-
source, musicfans, music, movies, money, martialarts, literature, linguistics,
lifehacks, law, judaism, islam, interpersonal, hsm, history, hinduism, hermeneu-
tics, health, genealogy, gardening, gaming, freelancing, fitness, expatriates, english,
diy, cooking, christianity, buddhism, boardgames, bicycles, apple, anime, academia.

To avoid data leakage, we construct training, validation, and test splits using
a temporal partition. The training set contains questions posted between 2008-
09-10 and 2019-12-31 (inclusive), the validation set contains questions posted be-
tween 2019-12-31 and 2020-12-31 (inclusive), and the test set contains questions
posted between 2020-12-31 and 2022-09-25 (inclusive). Overall, the dataset con-
tains 1,125,407 questions, of which 1,001,706 (89%) are associated with at least one
answer. Among these, 525,030 questions (47% of the total) have an answer explic-
itly marked as the best by the question author. After applying the temporal split,
we obtain 822,974 training questions, 78,854 validation questions, and 99,878 test
questions. In total, SE-PQA consists of 2,173,139 answers and 588,688 users. User
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| Type | mean | std | median | 25% | 75% | 99%
Questions Length 125.69 | 112.90 94 60 | 153 | 553
Score 5.13 10.73 2 1 6 45
#docs = | Answers Count 1.93 1.92 1 1 2 9
1,125,407 | Comments Count | 2.78 3.37 2 0 4 15
Favorite Count 2.07 4.88 1 1 2 16
Tags Count 2.45 1.21 2 1 3 )

Answers | Length 178.15 | 210.09 117 61 | 218 | 1000
#docs = | Score 5.13 12.43 2 1 5 51
2,173,139 | Comments Count | 1.62 2.62 1 0 2 12

Table 11.1: Feature statistics for questions and answers.

activity is highly skewed: the median user contributes only a single post (question
or answer), and around 80% of users publish no more than two posts in total. All
textual content is cleaned by removing HTML markup present in the original posts.
Table 11.1 reports aggregate statistics, including document length (in words), post
score (computed as upvotes minus downvotes), number of answers per question,
number of comments, favourite counts, and tag counts. Figure 11.2 further shows
that posts are generally short, with answers tending to be longer than questions on
average. The dataset is publicly released on Zenodo.

11.1.1 Task Definition

While SE-PQA enables multiple information retrieval tasks, including duplicate
question detection, related question retrieval, and expert finding, in this Chapter we
focus on community Question Answering (cQA). The objective of cQA is to address
an information need expressed in a user question by retrieving relevant answers from
a historical repository of community responses. We derive relevance signals from
community feedback, primarily through upvote counts. For experiments involving
personalised cQA models, we adopt a stricter criterion and consider only the an-
swer explicitly selected as the best by the question author as relevant. Formally, let
A= ay,...,a, denote the set of historical answers and let q be a question issued
by user u. The task is to retrieve a ranked list of k answers a,1,...,a,r C A that
are most relevant to q. In the personalised setting, relevance is reduced to a single
ground-truth item a,, € A, corresponding to the answer selected as best by the
question author. To support this formulation, we filter the answer collection by re-
moving all answers with negative scores, as these are likely to be of low quality and
not suitable for retrieval. This step eliminates approximately 100k answers, leav-
ing 2,073,370 answers. We also discard questions that have no associated answers.
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Figure 11.2: Word length distribution for questions and answers.

Relevance judgments are then constructed based on the remaining question—answer
associations. Out of 1,001,706 questions, 525,030 include an answer marked as best
by the user. Since negative-scored answers have already been removed, these se-
lected answers also exhibit positive community feedback. As a result, the answer
associated with a question q and user u can be interpreted both as relevant to the
query (due to community endorsement) and aligned with the user’s preference (due
to explicit selection). Based on this, we define two dataset variants: a base setting,
where all answers with positive scores are treated as relevant, and a personalised
(pers) setting, where only the user-selected best answer is considered relevant for
each query. Both formulations support cQA, but they differ in the availability of
explicit user preference signals: the pers variant provides direct user-level supervi-
sion, while the base variant includes many queries where such explicit signals are
absent, limiting its suitability for training personalised models. For personalization
purposes, SE-PQA also provides rich user-level information that can be exploited
during training and inference. For each query, we include the historical activity of
the corresponding user prior to the query timestamp, including earlier questions and
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Dataset ‘ Documents ‘ Train Queries ‘ Val Queries ‘ Test Queries ‘ Users ‘ Avg. user docs ‘ Avg. # relevant ‘ Rel. Assessment
AOLIA[295] | 1291695 | 212386 | 31064 | 36052 | 30166 |136.62+ 134.17| 1154046 |  inferred from click
PERSON[435] | 616889 | - | - | - | 558898 | - | 55453 | inferred from citation
MAG Computer Science[29] | 4 809 684 552 798 5583 6 497 5260 279 | 61.94 + 60.32 3.25 + 3.27 inferred from citations
MAG Physics 4926 753 728 171 7 355 6 366 5835016 | 60.98 %+ 56.54 417 £ 4.15 inferred from citations
MAG Political Science 4 814 084 162 597 1642 51715 6 347 092 | 40.64 & 29.32 3.88 &£ 5.17 inferred from citations
MAG Psychology 4 215 384 544 882 5503 12 625 4 825578 | 61.66 + 62.72 4.73 £ 4.4 inferred from citations
Amazon Electorines|7] 1689 188 904 - 85 192 403 8.78 + 8.26 1.12 4 0.48 synthetic
Amazon Kindle Store 982 618 3313 - 1290 68 223 35.65 £ 37.48 1.87 £33 synthetic
Amazon CDs 1 097 591 534 - 160 75 258 21.75 &+ 16.53 2.57 £ 6.59 synthetic
Amazon Cell Phones 194 439 134 - 31 27 879 4.95 + 2.6 1.52 £ 1.13 synthetic

SE-PQA [Base] 2073 370 822 974 78 854 99 878 588 688 | 34.71 £ 107.33 2.07 £ 1.81 inferred from answer scores
SE-PQA [Pers] 2073 370 224 366 18 086 19 811 17 963 75.67 £+ 142.41 1 manually selected by user

Table 11.2: Comparison of SE-PQA with other English text-based datasets for per-
sonalized information retrieval.

answers, in order to avoid temporal leakage. The dataset further includes social in-
teraction signals, tag histories, badge information, and user biographies (about me
sections). In addition, it provides numerical attributes such as reputation, upvote
and downvote counts, and view statistics, as well as temporal metadata including
account creation time, last activity, and post timestamps.

11.1.2 Comparison with available datasets

We next examine existing datasets that are frequently adopted in personalised
information retrieval research and highlight their main limitations. These datasets
cover diverse application scenarios, including web search, product search, and aca-
demic retrieval. Table 11.2 reports key statistics for several widely used benchmarks
in the personalised IR literature. The AOL query log, originally released in 2006,
remains one of the most commonly used resources despite well-documented privacy
concerns [23]. Tt contains approximately 20 million web queries issued by more than
657,000 users over a three-month period (03/01,/2006 to 05/31/2006). Each record
includes an anonymised user identifier, a clicked URL (when available), and the
rank position of the clicked result. A major limitation of this dataset is that it pro-
vides only URLs rather than the actual textual content of the retrieved web pages.
To mitigate this issue, a later effort constructed a document collection in 2017 by
crawling the pages associated with the URLs [6]. However, this introduces tempo-
ral inconsistencies, as web pages may have substantially changed between 2006 and
2017. More recently, an updated version was proposed using the Internet Archive to
retrieve page snapshots closer to their 2006 content [295]. The AOLIA dataset [295]
is a cleaned and refined version of the original AOL query log [347], designed to
improve data quality. Queries without clicks are removed, since they do not provide
relevance signals. Queries containing explicit domain indicators, such as .com or
.org, are filtered out, along with those related to adult or illegal content. Extremely
short queries (fewer than three characters) are also discarded, and users with fewer
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than twenty queries are excluded to ensure the availability of sufficient historical in-
teraction data. After preprocessing, the dataset contains roughly 1.3M documents
and around 30k users. Given the limitations of real-world logs, several synthetic
personalised IR datasets and evaluation frameworks have been introduced, includ-
ing PERSON [435], the Amazon product search dataset [7], and datasets derived
from the Microsoft Academic Graph (MAG) [29]. PERSON is a synthetic bench-
mark built on the ArnetMiner citation network [439], where the title or abstract of a
paper is treated as a query and its cited papers are assumed relevant. Author pub-
lication histories are used to represent user profiles. A similar strategy is adopted
in MAG-based datasets, which exploit a larger citation graph to generate multiple
discipline-specific collections (e.g., Political Science, Psychology, Computer Science,
and Physics). In both cases, authors with fewer than twenty prior publications are
removed to ensure sufficient profile context. As discussed in Tabrizi et al. [435],
such datasets are useful for studying user modelling approaches, but they are less
suitable for evaluating personalised retrieval effectiveness, since relevance is derived
from strong and potentially unrealistic assumptions. The Amazon product search
dataset [7], built on the Amazon Review corpus [166], is also constructed synthet-
ically. Queries are generated by concatenating product category terms along the
hierarchical taxonomy. Stopwords and repeated terms are removed, and lower-level
category terms are prioritised, e.g. Clamera — Photo — Digital Camera Lenses
becomes “photo digital camera lenses”. Given a product ¢ purchased by a user wu,
the product is treated as relevant for u, and the corresponding synthetic query is
generated as described above. Nevertheless, this process has important limitations:
it produces a limited variety of unique queries and does not reflect realistic search
behaviour, as users rarely issue queries that explicitly list a full taxonomy path.
As shown in Table 11.2, SE-PQA is comparable in scale to existing benchmarks
in terms of corpus size and user population, while offering the largest number of
queries among the considered datasets. Moreover, it is the only resource in which
relevance judgments are explicitly provided by users: the best answer is selected
directly by the question author, while additional relevance signals are implicitly
captured through community voting behaviour. This combination makes SE-PQA a
valuable benchmark for studying personalised retrieval under realistic, community-
driven conditions.

11.2 Preliminary experiments with SE-PQA

This section describes the experimental setup and the retrieval methods adopted
to show the applicability of SE-PQA to the community Question Answering task de-
fined in Section 11.1.1. We then report and discuss the results of a set of preliminary
experiments.
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11.2.1 Experimental settings

We employ a two-stage ranking pipeline designed to balance effectiveness and
efficiency by combining a fast retrieval component with a more accurate but com-
putationally heavier re-ranking stage. The first stage is recall-oriented and retrieves
an initial pool of candidate documents for each query, while the second stage fo-
cuses on precision by re-ranking these candidates using more expressive models. In
the first stage, we use BM25 as a lightweight lexical retrieval method. To maximise
recall, BM25 hyperparameters are tuned via grid search by optimising Recall@100
on a set of 5,000 queries randomly sampled from the validation split. The best-
performing configuration corresponds to b = 1 and k1 = 1.75. In the second stage,
we re-rank the top 100 BM25-retrieved answers using a linear combination of multi-
ple scoring signals, including the BM25 score, a neural re-ranking score, and, when
enabled, a personalization score derived from user history based on tag information.

Neural models

We evaluate the following neural re-ranking approaches in the second stage:

o MiniLM. We use MiniLM [390], a sentence-transformer model trained on
large-scale text pair data. Since its pre-training corpus includes StackEx-
change content, we directly apply MiniLM without additional fine-tuning.

o DistilBERT. We fine-tune DistilBERT [409] on the training queries of
SE-PQA. For each query, we sample one positive answer and two negative
examples: one retrieved by BM25 and one random in-batch negative [172].
The model is trained for 10 epochs using Triplet Margin Loss [390], with
margin v = 0.5, batch size 16, and learning rate 107,

« MonoT5. We adopt MonoT5 [336], a cross-encoder re-ranking model based
on T5 [377], originally fine-tuned on MS MARCO. We evaluate both MonoT5-
small and MonoT5-base. MonoT5-small is fine-tuned following the training
configuration proposed in [336], using batch size 128 and learning rate 1073.
For each query, one positive and one negative document are sampled from
the BM25 candidate set. Due to computational constraints, MonoT5-base is
trained with batch size 64. Both models are fine-tuned for 10 epochs. Instead
of updating all model parameters, we train Pfeiffer adapter modules [365].
In line with previous work on T5-based adaptation [217], we set the adapter
bottleneck dimension to 48.

For DistilBERT and the T5-based models, we use AdamW [284] as the optimiser.
For reproducibility, the random seed is fixed to 42 for DistilBERT training and to
0 for MonoT5 training.
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Personalised TAG model for cQA

To incorporate personalization, we introduce a simple tag-based user modelling
strategy. For each candidate answer a retrieved for a question q submitted by
user u, we compute a personalization score that is subsequently combined with the
BM25 and neural ranking signals. Let q be posted at time t by user u. We define
T, as the set of tags assigned by user u to all questions posted prior to time t
(including q). This tag set serves as a representation of the user’s historical topical
interests. Since answers are not directly associated with tags on StackExchange,
we represent each answer a authored by user u’ using a tag set T, defined as the
set of tags associated with questions answered by u’ before time t (excluding the
current question q). Excluding q prevents query-level information leakage. The
tag-based personalization score for answer a is defined as:

5 — |Tu’,tﬂTu,t|
a |Tu’t|+]_ )

where the additive constant +1 is introduced as smoothing to handle cases in
which T,,; is empty. The underlying intuition is that answers authored by users
with similar topical interests to the question author should be ranked more highly.

Score combination

Final rankings are obtained by combining normalised scores through a weighted
linear interpolation. Specifically, we combine the BM25 score, the neural model
score (MiniLM, DistilBERT, or T5), and the TAG-based personalization score using
weights Agaros, ANewral, a0d Arag, respectively, subject to the constraint Y-; A\; = 1.
These weights are tuned on the validation split using grid search over the interval
[0,1] with step size 0.1.

Evaluation Metrics

Retrieval performance is evaluated using P@Q1l, nDCG@3, nDCG@10, Re-
call@100, and MAP@100. These relatively low cutoffs are well suited to cQA
scenarios, where placing the most relevant answers at the top of the ranking is
particularly important. Statistical significance is evaluated using a Bonferroni-
corrected two-sided paired Student’s ¢-test with a 99% confidence level. All metrics
are computed using the rang library [25, 26].

11.2.2 Experimental Results

Table 11.4 reports the experimental results obtained on the base and pers vari-
ants of the dataset, respectively. In both tables, the symbol * indicates statistically
significant improvements over the corresponding non-personalised baseline, i.e., the
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Model pai1 NDCG@3 NDCG@10 R@100 MAP@100 A
BM25 0.330 0.325 0.359 0.615 0.320 -
BM25 + TAG 0.355* 0.349* 0.383* 0.615 0.342 (.7;.3)
BM25 + DistilBERT 0.404 0.400 0.435 0.615 0.389 (.3;.7)
BM25 + DistilBERT + TAG  0.422* 0.415* 0.448* 0.615 0.402* (.3;.5;.2)
BM25 + MiniLM 0.473 0.459 0.486 0.615 0.443 (.1,.9)
BM25 + MiniLM + TAG 0.493* 0.475% 0.500%* 0.615 0.457* (.1;.8;.1)
BM25 + T5-small + TAG 0.448 0.442 0.471 0.615 0.426 (.1;.9;.0)
BM25 + T5-base + TAG 0.497 0.491 0.514 0.615 0.470 (.1;.9;.0)
Model pail NDCG@3 NDCG@10 R@100 MAP@100 A
BM25 0.279 0.353 0.394 0.707 0.362 -
BM25 + TAG 0.306* 0.383* 0.425% 0.707 0.392* (.7;.3)
BM25 + DistilBERT 0.351 0.437 0.478 0.707 0.441 (.3;.7)
BM25 + DistilBERT + TAG  0.375* 0.460* 0.500%* 0.707 0.463* (.3;.5;.2)
BM25 4+ MiniLM 0.403 0.491 0.525 0.707 0.490 (.1;.9)
BM25 + MiniLM + TAG 0.426* 0.512% 0.543* 0.707 0.509* (.1;.8;.1)
BM25 + T5-small 0.376 0.469 0.506 0.707 0.468 (.1;.9)
BM25 + T5-small + TAG 0.400* 0.491* 0.525* 0.707 0.489* (.1;.8;.1)
BM25 + Tb5-base 0.417 0.517 0.548 0.707 0.510 (.1;.9)
BM25 + Tb5-base + TAG 0.440%* 0.535* 0.563* 0.707 0.528* (.1;.8;.1)

Table 11.4: Performance on the cQA task using the Pers split of SE-PQA.

same retrieval model without the TAG component. The column A reports the
optimal weights used for combining BM25, the neural re-ranking score, and the
TAG-based personalization signal.

Overall, the results confirm that neural re-ranking substantially outperforms
BM25. Among the evaluated models, MiniLLM achieves stronger performance than
DistilBERT and MonoT5-small, which is expected given that MiniLM benefits
from large-scale pre-training on extensive sentence-pair supervision [194]. After
task-specific fine-tuning, MonoT5-base yields the best overall results, surpassing
MiniLM across most metrics. Notably, after only 10 training epochs on SE-PQA,
MonoT5-small and MonoT5-base improve MAP@100 over BM25 by 33% and 47%,
respectively. The central observation is that incorporating TAG-based personal-
ization consistently improves effectiveness across all neural re-ranking methods. In
particular, on the pers dataset variant (Table 11.4), where queries without explicit
personalization signals are removed, the TAG component produces statistically sig-
nificant gains across all evaluation metrics and for every model. The improvements
obtained through this personalization strategy reach up to 8% MAP@100 compared
to the corresponding non-personalised baselines, highlighting the strong potential
of user-aware modelling in community question answering.

Finally, to test the hypothesis that personalization is more beneficial in het-
erogeneous multi-domain collections than in single-domain settings, we conduct
additional experiments on community-specific subsets of SE-PQA. Concretely, we
partition the dataset into 50 single-community collections (considering only the base
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Community Model (BM25 +) P@l NDCG@3 NDCG@I10 R@100 MAP@I100 A

Academi MiniLM 0.438 0.382 0.395 0.489 0.344 (.1,.9)
‘adera MiniLM + TAG ~ 0.453*  0.392* 0.403*  0.489 0.352* (.1,8,.1)

Aol MiniLM 0.327  0.351 0.381 0.514 0.349 (.1,.9)
pp MiniLM + TAG ~ 0.335*  0.361*  0.389*  0.514 0.357* (1,.8,.1)

Bicvclos MiniLM 0.405 0.380 0.421 0.600 0.365 (.1,.9)
yeles MiniLM + TAG  0.436*  0.405* 0.441*  0.600 0.386* (.1,.8,.1)

Christionite MiniLM 0534 0.505 0.555 0.783 0.497 (2,8)
ity MiniLM + TAG ~ 0.549%  0.521* 0.564*  0.783 0.507* (.1,8,.1)

Cooking MiniLM 0.600 0.567 0.600 0.719 0.553 (.1,.9)
& MiniLM + TAG ~ 0.619%  0.583* 0.614*  0.719 0.568* (.1,.8,.1)

DIY MiniLM 0.323 0.313 0.346 0.501 0.302 (.1,.9)
MiniLM + TAG ~ 0.335%  0.324* 0.356*  0.501 0.312* (.1,.8,.1)

Hormenentics MiniLM 0.589 0.538 0.593 0.828 0.526 (2,8)
srmenenties MiniLM + TAG ~ 0.632%  0.570% 0.617*  0.828 0.552* (1,8,1)

Lo MiniLM 0.663 0.647 0.678 0.803 0.639 (2,.8)
MiniLM + TAG ~ 0.677*  0.657* 0.687*  0.803 0.649* (.1,.8,1)

Mone MiniLM 0.545 0.535 0.563 0.706 0.515 (2,.8)
oney MiniLM + TAG  0.559%  0.542* 0.571*  0.706 0.523* (.1,8,.1)

Music MiniLM 0.508 0.447 0.476 0.602 0.418 (2,.8)
e MiniLM + TAG  0.522*  0.460* 0.486*  0.602 0.427* (.1,8,.1)

Roe MiniLM 0.657  0.646 0.685 0.849 0.640 (2,.8)
Pe MiniLM + TAG ~ 0.677*  0.660*  0.695*  0.849 0.651* (1,.8,.1)

Seif MiniLM 0.532 0.563 0.596 0.745 0.559 (2,.8)
MiniLM + TAG ~ 0.549%  0.574* 0.606%  0.745 0.569* (.1,.8,.1)

english, health, history, travel, workplace, writers, woodworking, vegetarianism, skeptics, politics, philoso-
Arag =0 phy, parenting, outdoors, musicfans, literature, linguistics, judaism, interpersonal, hsm, genealogy, freelanc-
ing, fitness, expatriates, buddhism, anime

No Statistical Im- boardgames, gardening, gaming, hinduism, islam, lifehacks, martialarts, movies, opensource, pets, sound,
provement sports, sustainability

Table 11.5: Results for the cQA task on single-community data extracted from
Base SE-PQA.

version) and evaluate both personalised and non-personalised retrieval pipelines us-
ing MiniLM as the neural re-ranker. Due to computational limitations, we exclude
the T5-based models in this setting. For each community, the interpolation weights
A are tuned independently using that community’s validation data. Compared to
the multi-domain results shown in Table 11.4, the contribution of TAG is substan-
tially smaller in the single-domain scenario and is often negligible. In particular,
for 25 of the 50 communities, personalization provides no measurable improvement
and the optimised weights assign Arag = 0. For an additional 13 communities,
improvements in P@1 are not statistically significant. Table 11.5 reports results
for the remaining 12 communities where personalization leads to statistically sig-
nificant gains. Since statistical significance is influenced by sample size, we also
compute average performance across all single-domain experiments. While overall
effectiveness is slightly higher in the single-domain setting—mainly due to improved
candidate recall when indexing smaller collections—the average improvement pro-
vided by TAG is reduced. Specifically, TAG improves PQ1 by 2% on the full
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multi-domain dataset, whereas the gain decreases to 1.1% when evaluating each
community independently.

11.3 Conclusions

This Chapter introduced SE-PQA (StackExchange — Personalised Question An-
swering), a large-scale real-world dataset containing approximately one million
questions and two million answers contributed by StackExchange users. The
dataset is enriched with extensive user-level and interaction metadata, including
post scores derived from community voting, tags, comments, user biographies, rep-
utation scores, and profile view statistics. We described the dataset structure and
discussed how it can support the development and evaluation of both standard and
personalised retrieval approaches for the cQA task. As an initial baseline, we eval-
uated a two-stage retrieval pipeline combining BM25, neural models (DistilBERT,
MiniLLM, or T5), and a TAG-based personalization model. Our preliminary evalua-
tion shows that personalization is highly effective in this setting: across all metrics
and models, the inclusion of TAG yields statistically significant improvements.
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Chapter 12

Synthetic Data (Generation with
Large Language Models for
Personalized Community
Question Answering

As discussed in the previous Chapter (Chapter 11), one of the main challenges
in Personalised Information Retrieval (PIR) is the scarcity of large-scale public
datasets that include rich user-level information. This limitation has historically
constrained the development and evaluation of neural PIR models, whose effective-
ness strongly depends on the availability and quality of training data. To address
this gap, in Chapter 11, we introduce SE-PQA, a large-scale benchmark for per-
sonalised community Question Answering (cQA), derived from StackExchange. In
parallel, another promising direction for alleviating data scarcity is the use of syn-
thetic data generation. Recent advances in Large Language Models (LLMs) have
enabled the automatic creation of high-quality synthetic datasets, particularly in
settings where manual annotation is costly or limited. Models such as GPT [54]
have shown strong capabilities in generating training data for a variety of tasks, in-
cluding text classification [406], medical relation extraction [440], dialogue systems
[154, 9], and Information Retrieval [38, 14]. In IR, prior work has mainly explored
synthetic query generation [38] and synthetic document generation [14]. However,
no attention has been devoted to generating answers or documents explicitly tai-
lored to individual users.

In this Chapter, we investigate the use of LLMs to generate synthetic training
data for personalised community question answering. Building on SE-PQA, we
propose a pipeline, shown in Figure 12.1, that leverages both query content and
user history to guide answer generation. Specifically, we use GPT-3.5 [54] and Phi-
3 [2] to produce synthetic answers conditioned on user interests, with the goal of
creating training instances that better capture personalised relevance signals.

179



Synthetic Data Generation with Large Language Models for Personalized Community Question Answering

To evaluate the usefulness of the generated synthetic data, we train neural re-
trieval models on LLM-generated answers and assess their effectiveness on a human-
annotated test set. This evaluation allows us to quantify whether synthetic data
can improve personalised retrieval performance compared to models trained only on
human-authored answers. A key concern in LLM-based generation is hallucination,
i.e., the tendency of models to produce fluent but incorrect or misleading content.
Since hallucinations may affect the reliability of the resulting dataset, we manually
analyse a sample of synthetic answers to estimate the rate of hallucinated answers.
Interestingly, we find that retrieval models trained on synthetic answers can out-
perform those trained on human-authored data, even though more than 35% of the
generated answers contain hallucinations. This result suggests that strict factual
correctness may not be strictly necessary for training effective retrieval models, al-
though this finding requires further investigation. In summary, this Chapter makes
the following contributions:

1. We release Sy-SE-PQA, a synthetic dataset for personalised community ques-
tion answering, containing LLM-generated answers for 100k StackExchange
questions.

2. We provide an extensive experimental evaluation by fine-tuning a neural re-
ranker on both human-authored and LLM-generated answers, and comparing
performance on a human-written test set.

3. We analyse the diversity of the generated data across different LLMs and
prompting strategies, and we manually assess the generated answers to quan-
tify hallucination and factual inconsistency.

The remainder of this Chapter is organised as follows. Section 12.1 reviews
the relevant related work. Section 12.2 describes our synthetic data generation
pipeline in detail. Section 12.3 reports the results of our experimental evaluation,
while Section 12.4 discusses the impact of different prompting strategies and LLM
choices on data diversity. Finally, Section 12.5 concludes the Chapter.

12.1 Related Work

This section reviews prior work on synthetic data generation for training ma-
chine learning models, with a particular focus on IR and personalization tasks.

Recent progress in generative Al has motivated researchers to investigate the
use of generative models for producing synthetic training data, particularly in Com-
puter Vision and NLP. In this Chapter, we focus on the generation of textual syn-
thetic data. Several studies have explored the use of LLMs to generate synthetic
datasets for text classification, reporting mixed findings depending on the task,
domain, and evaluation setting [236, 508, 4, 72, 131, 311, 404, 507, 88]. Puri et al.

180



12.1 — Related Work

'L_I
=

Human Test

Collection
LLM
v L 4
‘ ‘ ‘ @ $ :IEvaIuatlon
» Training » -

Neural v h’l

Model :I' L
Evaluation

Data Generation Step Step

Figure 12.1: Ilustration of the data generation and evaluation pipeline. In the
data generation stage, synthetic answers are produced for questions sampled from
StackExchange. These question—answer pairs are then used to train neural re-
trieval models, where the questions serve as queries and the synthetic answers as
documents. Finally, in the evaluation stage, the trained models are assessed on a
human-written test set.

[369] study question-answer generation as a form of data augmentation for improv-
ing QA models, motivated by the scarcity of human-annotated supervision. Their
experiments show that models trained on synthetic QA pairs can outperform those
trained on the original datasets in terms of Exact Match (EM) and F1. Similarly, Li
et al. [255] analyse the effectiveness of LLM-generated synthetic data for text clas-
sification across tasks with varying degrees of subjectivity. Their results indicate
that synthetic data can provide competitive performance for low-subjectivity tasks,
such as news and topic classification, but tends to degrade effectiveness on high-
subjectivity tasks such as sarcasm detection. In Information Retrieval, synthetic
data generation has mainly focused on query and document creation. For instance,
LLMs have been used to generate synthetic queries for training retrievers [38] and
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to produce synthetic documents for expanding corpora [14]. Wang et al. [468] pro-
pose generating documents via few-shot prompting and concatenating them with
the original query, effectively using synthetic text as a form of query expansion.
Despite these advances, comparatively little work has addressed the generation of
synthetic documents or answers that explicitly incorporate user-specific context,
which is a key requirement in personalised retrieval settings.

We focus in particular on personalization tasks, which aim to tailor model out-
puts to individual users (or groups of users) based on information about their
interests and behaviour. As LLMs are increasingly deployed in real-world appli-
cations, recent work has also highlighted both the potential and the risks of per-
sonalization in language models [192]. Salemi et al. [406] introduce the LaMP
benchmark, a synthetic dataset designed to evaluate the ability of LLMs to pro-
duce personalised outputs. LaMP covers seven tasks, including three classification
problems (Citation Identification, Movie Tagging, Product Rating) and four text
generation tasks (News Headline, Scholarly Title, Email Subject, and Tweet Para-
phrasing). Chan et al. [62] propose a pipeline where an LLM first generates a
textual description of a user based on web data, and then uses this user profile
as conditioning information to generate synthetic datasets, including mathematical
and logical reasoning problems. In this Chapter, we focus on a specific personal-
ization task: Personalised Information Retrieval (PIR). PIR aims to overcome the
one-size-fits-all behaviour of traditional search engines by adapting retrieval results
to individual users [271]. Two common strategies in PIR are personalised query
expansion and personalised re-ranking. Personalised query expansion [27] leverages
user-related documents to extract user-specific vocabulary and augment the orig-
inal query with expansion terms. In contrast, personalised re-ranking operates in
a two-stage architecture: a first-stage retriever produces an initial ranked list of
documents, and a second-stage re-ranker re-scores these candidates by exploiting
richer representations and additional signals. Personalised re-rankers can incorpo-
rate user context by modelling similarities between user preferences and document
topics [227]. Since personalised IR inherently relies on sensitive user-related infor-
mation, privacy concerns and anonymization constraints remain major challenges
[22]. In this context, the possibility of generating synthetic data conditioned on
user history represents a promising direction, as it may enable the development
of personalised models without requiring direct access to private behavioural logs.
Aliannejadi et al. [9] propose the TREC Interactive Knowledge Assistance Track
(iKAT), a test collection designed to evaluate conversational search agents in set-
tings that require personalization and context-awareness. The collection includes
36 dialogues across 20 topics, each associated with a personal text knowledge base
describing a user persona. Passage retrieval is performed over ClueWeb22-B [340],
and the dialogues are human-annotated to enable reliable evaluation of conversa-
tional and personalised retrieval systems.
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12.2 Methodology

This section describes the methodology adopted to generate synthetic training
data for personalised community question answering. We first detail the pipeline
used to construct the synthetic dataset (Section 12.2.1), and then describe the
retrieval models and evaluation framework used to assess the effectiveness of the
generated data (Section 12.2.1).

12.2.1 Dataset Generation

Title: In which book did Poirot find a four-foot long clue?
Body:

In one of the Poirot books that though cl oft il nd a U A e i —> 0{,} > Basic Answer

Unfortunately | can‘t remember in which baok he mentions this. o Body: [BODY]
s anyone know which book he did find the four-foot long clue in?

Write an answer to the given question: Title: [TITLE]

Body: [BODY]

agatha-christie | hercule-poirot | meaning | Answering the question, consider that who asks the
identification-request | quote-source uestion is interes FAGS]. Ignore the user in-

terests if they are int to the question without
mentioning that you have ignored them LLM

Write an answer to the given question in the context ,
Literature of [COMMUNITY: Title: [TITLE] Body: [BODYI | Q{} | G

LLM

f——> Personalized Answer

Figure 12.2: Example of a StackExchange question alongside the three prompting
strategies used for synthetic answer generation.

The Sy-SE-PQA dataset is based on the personalised version of SE-PQA [227],
which contains more than 200k training questions collected from 50 StackExchange
communities. In this setting, each query consists of a Title and a Body. The
Title provides a concise description of the user’s information need, while the Body
includes additional context, background details, and clarifications that help fully
specify the question. Together, these two fields represent the full query formulation.
In addition, StackExchange users can assign tags to their questions. Tags are
selected from a predefined vocabulary and serve both as a topical categorization of
the query and as an additional contextual feature. They make questions easier to
browse and retrieve, and they can also be exploited by retrieval models to better
interpret the underlying intent. In our dataset, each question is associated on
average with 2 to 3 tags. To simulate different scenarios and user preferences, we
generate three variants of synthetic answers for each question. These variants differ
in the amount and type of additional information provided to the LLM, allowing
us to evaluate how personalization signals affect the generated answers and their
usefulness for retrieval training.

Basic Answer Generation In the first approach, the LLM is asked to generate
an answer relying only on the question’s Title and Body, without any personaliza-
tion or additional context. The prompt is:

“Write an answer to the given question: Title: [TITLE] Body: [BODY].”
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Personalized Answer Generation In the second setting, we incorporate user-
specific information to generate personalised answers. Since prior work on SE-
PQA showed that tag-based user profiles can improve personalised ranking [227],
we model user interests using the five most frequent tags employed by the user in
their previous interactions. We follow the same choice of five tags as in [227], since
StackExchange questions typically contain up to five tags. The prompt used in this
setting is: “Write an answer to the given question: Title: [TITLE] Body: [BODY].
Answering the question, consider that who asks the question is interested in:
[TAGS]. Ignore the user interests if they are not relevant to the question without
mentioning that you have ignored them.”

This personalisation mechanism encourages the model to adapt the response to
the user’s topical background. This is particularly useful in scenarios where a user’s
history of engagement with certain topics can influence the type of response they
are seeking. At the same time, the instruction to ignore irrelevant interests reduces
the risk of the model generating off-topic content when the user profile does not
match the current question.

Contextual Answer Generation In the third setting, we incorporate infor-
mation about the community in which the question is posted. Communities repre-
sent domain-specific environments where users share expertise and similar interests.
Conditioning the prompt on the community context may therefore produce answers
that better align with the style and expectations of that specific community. The
prompt is:

“Write an answer to the given question in the context of [COMMUNITY]: Title:
[TITLE] Body: [BODY].”

Unlike the personalised setting, this approach does not aim to tailor the answer
to a single user. Instead, it can be interpreted as adaptation to domain-specific and
topic knowledge, where the generated answer reflects the domain and context of
the target community. For instance, a question about historical figures posted in a
History community might be answered differently than the same question posted in
a general knowledge or movies community. By explicitly injecting the community
context, the LLM can generate responses that delves into the historical aspects,
thereby better aligning with the user’s underlying intent and providing a more
meaningful and satisfactory response.

Models and Baselines To generate synthetic answers, we rely on one closed-
source LLM, GPT-3.5 Turbo [54], and two open-source models, i.e. Phi-3-mini-
4k-instruct (3.82B parameters) and Phi-3-medium-4k-instruct (14B parameters)
[2]. We selected Phi-3 as our open-source family due to its strong performance
across a broad range of tasks, including reasoning [479], long-context understanding
[54, 90, 110, 536], mathematical problem solving, and code generation [2]. Since
synthetic generation is computationally expensive, we limit the number of questions
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sampled from each community. Specifically, we sample at most 3,000 questions per
community, and include all questions for smaller communities. This ensures a broad
yet manageable variance of questions for our analysis. Under this setup, we generate
approximately 100k synthetic answers per prompt type for each of the three LLMs.
For both Phi-3-mini and Phi-3-medium we set the temperature to 1 and cap the
maximum number of generated tokens to 500, following the recommendations in
the Phi-3 documentation. To make a fair comparison, we apply the same generation
parameters to GPT-3.5.

To evaluate the effectiveness of the synthetic answers for personalised retrieval,
we adopt the same two-stage ranking architecture proposed in the SE-PQA bench-
mark [227]. This architecture balances efficiency and effectiveness by combining a
lightweight recall-oriented retriever with a more expensive precision-oriented neural
re-ranker. The first stage produces an initial candidate set for each query, which is
then re-scored by the second stage. The first stage uses BM25 implemented through
elasticsearch. We follow the same BM25 hyperparameters as in the original SE-
PQA work [227], setting b = 1 and k; = 1.75. In the second stage, we apply a
neural re-ranking model based on DistilBERT [409]. For each query, the re-ranker
is applied to the top-100 documents retrieved by BM25. The final relevance score
is computed as a convex combination of the BM25 score and the DistilBERT score.
This fusion allows the system to combine lexical matching signals with semantic
representations learned by the neural model. To determine the best fusion weights,
we perform a grid search over the interval [0,1] with step size 0.1, optimizing the
weights on the original SE-PQA validation set. The selected weights are reported
in Tables 12.1, 12.2, and 12.3. We fine-tune DistilBERT for 20 epochs using a
batch size of 128 and a learning rate of 5- 107, Training is performed using Triplet
Margin Loss with in-batch random negatives and margin v = 0.5. During train-
ing, the model is exposed only to documents generated using the same prompting
strategy, meaning that each training run uses a consistent synthetic corpus (basic,
personalised, or contextual). All non-relevant answers in the batch are treated as
in-batch negatives. We use AdamW as optimizer and set the random seed to 42 to
ensure reproducibility. All experiments are conducted on a single A100 GPU.

12.2.2 Evaluation

We assess retrieval effectiveness using P@l, nDCG@Q@3, nDCG@10, and
MAP®@100, which capture both early precision and overall ranking quality. All
metrics are computed using the ranz library [25].

12.3 Results

In this section, we report the results of our experimental evaluation. Ta-
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Training Model P@1 NDCG@3 NDCG@10 MAP@Q100 A
: BM25 0279  0.353 0.394 0.362 -
Real A DistilBERT 0253  0.329 0.378 0.344 i
cat ANSWET pA 95 + DistilBERT  0.333%  0.415% 0.456* 0.421% 3
Busi DistilBERT 0.264  0.340 0.388 0.352 -
asie BM25 + DistilBERT 0.336%  0.419% 0.460* 0.425% 3
P Jineg DiSUIBERT 0.299%  (0.374* 0.418* 0.384* -
Crsonanzed  paios + DistilBERT  0.345%  0.426* 0.465* 0.431% .3
Contentug]  DISUIBERT 0.204%  (.369* 0.413* 0.379% -

BM25 + DistilBERT 0.342%  0.425% 0.464* 0.429% 3

Table 12.1: Performance on the SE-PQA test set using models trained on data
generated with Phi-mini.

Training Model P@l NDCG@3 NDCC@10 MAP@I00 A
- BM25 0279  0.353 0.394 0.362 -
Ponl 4 DistilBERT 0253  0.329 0.378 0.344 §
cat ANSWET pA 195 + DistilBERT  0.333%  0.415% 0.456* 0.421% .3
Busi DistilBERT 0.299%  (.373* 0.418* 0.383% -
asie BM25 + DistilBERT 0.344%  0.425% 0.465% 0.430* .3
P iveg  DISUIBERT 0.299%  (0.374* 0.419% 0.384% -
Crsonanzed  pa1os + DistilBERT 0.347*  0.429% 0.468* 0.433* .3
Contentugl  DISUIBERT 0.301*  0.375* 0.419% 0.385% -
ONTETTUat — prios + DistilBERT  0.338%  0.423* 0.463* 0.427% 4

Table 12.2: Performance on the SE-PQA test set using models trained on data
generated with Phi-medium.

bles 12.1, 12.2, and 12.3 summarize the performance of DistilBERT models trained
on synthetic answers generated respectively with Phi-mini, Phi-medium, and GPT-
3.5. In all tables, the symbol (*) denotes statistically significant improvements over
BM25, assessed with a Bonferroni-corrected two-sided paired Student’s t-test at
99% confidence. The column A reports the optimized weight assigned to BM25 in
the second-stage score combination, while the neural component weight is equal to
1 —A. Models are evaluated on the SE-PQA validation and test sets, and therefore
their performance reflects their ability to retrieve human-written answers.

To directly compare synthetic and human-annotated training data, we fine-
tune DistilBERT on human-written answers, i.e., the original answers marked as
relevant for the user in the SE-PQA training set. These results are reported in the
rows labeled Real Answers. Across Tables 12.1, 12.2, and 12.3, we observe that
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Training Model P@1 NDCG@3 NDCG@10 MAP@Q100 A
: BM25 0279  0.353 0.394 0.362 -
Real A DistilBERT 0.269  0.346 0.394 0.358
cat ANSWET pA 95 + DistilBERT  0.336%  0.419% 0.459% 0.424* 3
Busi DistilBERT 0.274  0.347 0.394 0.360 -
asie BM25 + DistilBERT 0.335%  0.415% 0.455* 0.420% .3
P Jineg DiSUIBERT 0.263  0.333 0.380 0.347 -
Crsonanzed  paios + DistilBERT  0.325%  0.406* 0.448* 0.413% 4
Contentug]  DISUIBERT 0275  0.346 0.392 0.359 -
BM25 + DistilBERT 0.331%  0.411% 0.452* 0417% 4

Table 12.3: Performance on the SE-PQA test set using models trained on data
generated with GPT-3.5.

DistilBERT trained on synthetic data consistently and significantly outperforms
BM25, indicating that the generated answers provide a useful training signal for
neural retrieval models. In particular, when fine-tuned on Personalised synthetic
answers, DistilBERT achieves improvements of up to 24% in PQ1 and 18% in
nDCG@10 over BM25. Interestingly, even without incorporating user or community
information, the model trained on Basic synthetic answers reaches effectiveness
comparable to the model trained on Real Answers. Moreover, for both Phi-mini
and Phi-medium, training on Personalised answers yields clear gains over training
on human-written answers, suggesting that personalization signals injected during
generation can improve the usefulness of the synthetic corpus. For GPT-3.5, the
model trained on Basic synthetic answers achieves the best performance among
the GPT-based variants, although all prompt types lead to similar results overall.
Compared to models trained on Real Answers, synthetic-data-trained models show
only slightly lower effectiveness. However, differently from the Phi-based results,
the Personalised answers generated by GPT-3.5 lead to the weakest performance
among the three prompting strategies, indicating that the quality of personalization
may depend strongly on the specific LLM used.

12.4 Exploratory Analysis

In this section, we perform an exploratory investigation of the synthetic an-
swers generated by the different LLMs. We first analyse how much the generated
answers differ across prompt types, and then we examine the factual reliability of
the generated content by manually checking for hallucinations.
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Model Contextual Personalized
Phi-mini

Basic 0.29 0.24
Contextual - 0.23
Phi-medium

Basic 0.34 0.29
Contextual - 0.27
GPT-3.5

Basic 0.17 0.16
Contextual - 0.15

Table 12.4: Diversity of synthetically generated data under different input prompts,
measured using BLEU.

Model Contextual Personalized
Phi-mini

Basic H8.57 54.01
Contextual - 52.71
Phi-medium

Basic 61.50 56.26
Contextual - 53.52
GPT-3.5

Basic 49.07 48.73
Contextual - 47.44

Table 12.5: Diversity of synthetically generated data under different input prompts,
measured using chrF.

12.4.1 Data Diversity

To quantify how different the answers produced by the three prompting strate-
gies are, we rely on BLEU [343] and chrF [363], two widely adopted metrics that
measure n-gram overlap between a candidate and a reference text. BLEU outputs
a value between 0 and 1, where higher scores indicate stronger similarity between
texts. Similarly, chrF ranges from 0 to 100, with larger values corresponding to
greater lexical overlap. The results are reported in Table 12.4 and 12.5. The BLEU
scores show that both Phi-mini and Phi-medium generate the most diverse outputs
when comparing answers produced using the Contextual and Personalised prompts.
This indicates that the addition of community context tends to produce answers
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that differ substantially from those generated using user features. Overall, GPT-3.5
produces lower BLEU values than the Phi models, suggesting a higher variability in
its generated answers. In particular, the BLEU score between Contextual and Per-
sonalised answers is 0.15, which is the lowest value observed across all comparisons.
The chrF results confirm the same trend. Both Phi-mini and Phi-medium exhibit
the highest diversity between Contextual and Personalised prompts, while the Per-
sonalised-Basic and Basic- Contextual comparisons lead to slightly more similar
outputs. GPT-3.5 again produces the most diverse generations overall, reaching its
lowest chrF score (47.44) when comparing Contertual and Personalised answers.
Finally, we measure the lexical overlap between the question body and the corre-
sponding answers, considering both human-written and LLM-generated responses.
On average, human-written answers contain 23.4% of the words appearing in the
question body. In contrast, Phi-3-mini answers contain 34.0%, 35.4%, and 35.5%
of query words for the Basic, Contextual, and Personalised prompts, respectively.
Phi-3-medium yields similar values, with overlaps of 35.4%, 35.5%, and 34.0%.
GPT-3.5 answers contain 33.8%, 34.5%, and 33.2% of query words for the three
prompts. We hypothesise that this higher overlap compared to human answers is
due to the tendency of LLMs to repeat parts of the question in the response [14].
However, lexical overlap alone is not a reliable indicator of answer usefulness, espe-
cially in question answering scenarios where relevant human responses may contain
paraphrases or implicit information. Since our retrieval models are evaluated on a
human-written test set, it is possible that relevant answers with low lexical overlap
remain highly informative.

12.4.2 Factual Information in Generated Answers

Although LLMs are capable of generating fluent and coherent text, they are
known to hallucinate, producing plausible but factually incorrect statements [447].
This issue is further amplified by the possibility that LLMs may contain outdated
knowledge, which can reduce the reliability of synthetic answers. In sensitive do-
mains such as health, finance, or law, hallucinated responses may increase the risk
of misinformation. To estimate the extent of hallucinations in our synthetic dataset,
we randomly sample 100 questions uniformly across all communities and manually
evaluate the generated answers. We find that Phi-mini, Phi-medium, and GPT-3.5
generate incorrect answers in 41%, 35%, and 36% of cases, respectively. Table 12.6
reports an example of hallucination. The question asks to identify an Italian movie
in which a cartoonist is gradually transformed into an animated character. While
both Phi-mini and Phi-medium propose Italian movie titles, none of the models
correctly identify the actual answer. GPT-3.5, using the Basic and Personalised
prompts, instead suggests Monkeybone, which is an American movie but includes
both live-action and animated characters, making it a plausible yet incorrect guess.
Interestingly, GPT-3.5 with the Contextual prompt generates a fictional movie title,
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Question Identify the movie where a cartoonist turns into an anima-
Title tion
Question I remember a movie, probably Italian or some similar Latin
Body language, where a cartoonist is slowly transformed into an
animated character. [...]
Model Prompt Answer
type
Human I'm pretty sure you're talking about Volere Volare
(1991), an Italian movie where the main character has a
date with a girl, but he’s so nervous that he transforms into
an animated character.
Personalised | The movie you are thinking of is likely Monkeybone
GPT-3.5 (2001). [...]
Basic The movie you are referring to is likely Monkeybone, a
2001 American dark comedy film starring Brendan Fraser.
Conteztual The movie you are referring to is likely Il Lupo perde il
pelo, also known as "The Wolf Loses His Fur". This Italian
film was released in 1987 and features a cartoonist who is
transformed into an animated character. [...]
Personalised | The movie you are referring to is La vita & bella (Life Is
Phi-mini Beautiful), directed by Roberto Benigni. However, it does
not involve a cartoonist turning into an animated character.
Basic [...] The movie you're referring to is likely La vita & bella.
Contextual The movie you're referring to is likely La vita & bella. |[...|
Personalised | The movie you're referring to is likely Lucky and Zorba
Phi-medium (1998). [...]
Basic The movie you're referring to is likely Lucky and Zorba.
Conteztual The movie you're referring to is likely Lucky and Zorba.
It was released in 1998. |[..]

Table 12.6: Examples of hallucinations in the Movies community.

11 lupo perde il pelo, which corresponds to a well-known Italian proverb rather than
an actual film. This example highlights how LLMs may hallucinate both realistic
but wrong answers and entirely fabricated content. Despite these limitations, the
results reported in Section 12.3 show that retrieval models trained on synthetic
answers can still achieve comparable, and in some cases superior, performance to
models trained on human-written answers.
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12.5 Conclusions

In this Chapter, we investigate the use of LLMs for synthetic data generation
for Personalised Information Retrieval. Building on the SE-PQA dataset, we gener-
ate synthetic answers to user questions and introduce Sy-SE-PQA, a new synthetic
resource designed for personalised community question answering. Our experi-
mental evaluation shows that models trained on LLM-generated data consistently
outperform BM25 and achieve retrieval performance that is comparable to, and in
some cases better than, models trained on human-written answers. Finally, our
exploratory analysis highlights an important limitation of LLM-generated data:
more than 30% of synthetic answers contain hallucinated or factually incorrect in-
formation. Despite this, retrieval effectiveness remains competitive, suggesting that
factual correctness of training answers may not be strictly necessary for learning
useful retrieval representations, although this observation should be further vali-
dated in more safety-critical domains.
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Chapter 13

Conclusions

This Chapter summarises the main findings, contributions, and broader impli-
cations of the research presented in this dissertation. It begins by revisiting the
research objectives introduced in Chapter 1 and by outlining how the work con-
ducted throughout the thesis addresses the challenges of efficiently adapting Large
Language Models (LLMs) to downstream tasks and domains. It then provides a
consolidated discussion of the principal outcomes obtained in each contribution.
Finally, it highlights a set of open challenges and promising directions for future
research.

13.1 Overview of our Contributions and Results

The work undertaken during the Ph.D. aimed to advance research in Natural
Language Processing and Information Retrieval by developing methods that im-
prove the adaptability of LLMs while reducing computational and storage require-
ments. The work was motivated by the increasing cost of training and fine-tuning
modern neural architectures, which limits their applicability in resource-constrained
environments and their scalability to multi-task and multi-domain scenarios. The
contributions presented in this thesis address this issue through complementary
perspectives, ranging from systematic analysis of existing parameter-efficient fine-
tuning techniques, to the design of new structured adapter architectures, to modu-
lar retrieval systems, model merging strategies, interpretability-driven adaptation,
and the creation of resources for personalised retrieval. The main contributions and
results are summarised below.

Efficiency in NLP The systematic literature review presented in Chapter 3 in-
vestigated how efficiency is defined in the context of NLP, with a particular focus on
Parameter-Efficient Fine-Tuning (PEFT) approaches. The analysis of 174 studies
resulted in a structured taxonomy that categorised PEFT methods into additive,
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selective, reparameterised, and hybrid families. This review highlighted that effi-
ciency is often discussed primarily in terms of the number of trainable parameters,
while other dimensions such as training time, inference latency, energy consump-
tion, and environmental impact are less consistently evaluated. A key outcome
of this contribution is the identification of methodological fragmentation in cur-
rent PEFT research, driven by inconsistent experimental settings and the lack of
standardised evaluation protocols. Overall, this Chapter provides a consolidated
overview of the state of the art and motivates the need for more reproducible and
comprehensive benchmarking practices.

AdaKron and MAdaKron Chapter 5 introduced AdaKron, a parameter-
efficient adapter architecture that integrates Kronecker product decomposition into
adapter design. AdaKron can be used as an efficient approach to fine-tune a LLMs
on different downstream tasks. The motivation behind AdaKron was to increase
the expressiveness of adapters while maintaining a very small number of trainable
parameters. Experimental results showed that AdaKron can update less than 1% of
the parameters of the underlying backbone while achieving competitive performance
across multiple tasks, including question answering and language generation, and
transformer architectures. Building upon this contribution, the Chapter proposed
MAdaKron, a Mixture-of-Experts extension of AdaKron that introduces a routing
mechanism to dynamically select specialised adapter components. This design en-
ables the model to allocate capacity adaptively depending on the input, improving
adaptation quality while preserving efficiency. The results showed that combin-
ing structured parameterisation with expert routing provides a favourable trade-off
between performance and computational cost, supporting the broader hypothesis
that Kronecker-based adapters are a strong alternative to classical bottleneck ap-
proaches.

DRAMA: Domain Retrieval using Adaptive Module Allocation Chap-
ter 6 presented DRAMA, a parameter-efficient retrieval framework designed to
support multi-domain Information Retrieval. Different from the previous Chapter,
where the dissertation focused about task-specific models, DRAMA is based on
domain-specific PEFT modules combined with a gating function that dynamically
selects the most appropriate components depending on the domain of the input
query. The framework addresses the limitation of unified multi-domain retrievers,
which may fail to capture domain-specific patterns, while avoiding the redundancy
and storage cost of training separate models for each domain. The experimental
evaluation showed that DRAMA improves retrieval effectiveness compared to sin-
gle multi-domain baselines and significantly reduces storage requirements relative
to full domain-specific ensembles. In addition, the selective activation of adapters
at inference time enables reductions in energy consumption, making the approach
particularly relevant for large-scale and sustainable retrieval applications.
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Task Arithmetic for Zero-Shot Information Retrieval Chapter 8 goes be-
yond efficient fine-tuning by exploring training-free adaptation methods, in par-
ticular by focusing on task arithmetic and task vector approaches. The Chapter
investigated the application of Task Arithmetic to Information Retrieval and pro-
posed an approach for defining domain- and language-specific retrievers through
the linear composition of task vectors. This approach enables the definition of spe-
cialised retrieval models without further fine-tuning, making it suitable for zero-shot
scenarios. Experimental results showed that task arithmetic can improve retrieval
effectiveness for dense, sparse, and cross-encoder ranking models across scientific,
biomedical, and multilingual benchmarks. This contribution extends the concept
of efficiency beyond reducing trainable parameters, showing that parameter-space
composition can offer an alternative solution to efficient adaptation.

Prompt-Token Adaptation and MonoT5 Analysis Chapter 9 further anal-
yses the task vector between two specific models, i.e. MonoT5 and T5, to in-
vestigate how neural re-ranking models learn relevance signals during fine-tuning.
The Chapter showed that the majority of the adaptation signal is concentrated in
a small subset of parameters, particularly prompt-token embeddings. Motivated
by this finding, the Chapter proposed a lightweight adaptation strategy based on
fine-tuning only prompt-token embeddings, achieving retrieval performance on both
in-domain and out-of-domain scenarios comparable to full fine-tuning, while signifi-
cantly reducing training cost and the number of updated parameters. Furthermore,
the analysis suggested that MonoT5’s performance can be interpreted as the combi-
nation of two signals: the ability to identify low-quality documents and the ability
to learn fine-grained relevance signals. This contribution provides interpretabil-
ity insights into neural ranking models and suggests new directions for designing
minimal adaptation strategies grounded in empirical analysis of model behaviour.

SE-PQA: Personalised Community Question Answering Chapter 11 in-
troduced SE-PQA, a large-scale dataset designed to support reproducible experi-
mentation in personalised Information Retrieval. The dataset was constructed from
StackExchange data and enriched with user interaction signals, enabling retrieval
models to incorporate user-specific context such as activity history and behavioural
patterns. SE-PQA provides a benchmark that integrates textual relevance with per-
sonalisation features, enabling systematic evaluation of personalised ranking meth-
ods. Baseline experiments showed that incorporating personalisation signals can
improve retrieval effectiveness compared to non-personalised approaches, while also
showing that the impact of personalisation differs across communities, reflecting
varying degrees of user dependency in the underlying data.
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Sy-SE-PQA: Synthetic Data Generation for Personalised cQA Chap-
ter 12 extended the SE-PQA contribution by introducing Sy-SE-PQA, a synthetic
dataset generated using large language models to support scalable training in per-
sonalised retrieval tasks. The study explored different prompting strategies to gen-
erate answers conditioned on user and question context and evaluated whether
retrieval models trained on synthetic data can learn effective ranking signals. Ex-
perimental results showed that models trained on LLM-generated answers achieve
competitive performance and can outperform classical baselines, indicating that
synthetic generation can be an effective tool for dataset expansion when human
annotations are expensive. However, the analysis revealed that hallucinations and
factual errors remain a significant limitation, with more than 30% of generated an-
swers containing incorrect information. This finding suggests that retrieval models
may learn useful relevance representations even when training data is not fully fac-
tually reliable, although this observation raises important concerns for applications
where correctness is critical.

13.2 Directions for Future Research

The results presented in this dissertation highlight several open challenges that
motivate future work in efficient adaptation of LLMs. While the contributions of
this thesis provide evidence that strong effectiveness can be achieved under strict
efficiency constraints, further research is needed to improve robustness, evaluation
practices, and scalability across tasks and domains. The most relevant future di-
rections are outlined below.

Standardisation of Efficiency Evaluation A key limitation identified in Chap-
ter 3 is the lack of unified evaluation protocols for PEFT methods. Future research
should focus on defining shared benchmarks and reporting standards that measure
efficiency beyond the number of trainable parameters. In particular, evaluation
frameworks should incorporate training time, inference latency, GPU memory us-
age, energy consumption, and environmental footprint. Standardised protocols
would enable fairer comparisons between methods and support the development
of adaptation techniques that account for real-world deployability in addition to
effectiveness.

Parameter-Efficient Fine-Tuning and Modular Architectures The pro-
posed adapter-based contributions suggest that structured parameterisation and
modular allocation are promising strategies for scalable adaptation. Future work
should explore how structured adapters such as AdaKron can be combined with
quantisation-aware approaches, potentially enabling further reductions in memory
footprint while maintaining expressive capacity.
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In addition, DRAMA motivates the study of more flexible routing strategies
for modular retrieval systems. Extending gating mechanisms beyond discrete do-
main classification to continuous or soft allocation strategies could enable smoother
transitions across domains and improve robustness in mixed-domain scenarios. A
particularly relevant direction is the integration of modular PEFT architectures
with model merging techniques, enabling systems that dynamically combine mul-
tiple specialised components based on uncertainty or classifier confidence.

Model Merging and Task Vector Robustness Although Task Arithmetic
showed the potential of training-free adaptation, its effectiveness remains inconsis-
tent across model families and retrieval paradigms. Future research should investi-
gate methods for improving the robustness of task vector composition, particularly
by mitigating interference effects and sensitivity to scaling hyperparameters. Au-
tomatic weight selection and more stable composition mechanisms could prevent
degradation in mismatched domains. Additionally, extending task arithmetic be-
yond linear operations represents an open direction, as non-linear merging strategies
may better capture complex adaptation signals and reduce negative transfer.

Understanding Learning Dynamics in Neural Retrieval Models The anal-
ysis of MonoTh suggests that fine-tuning updates are not uniformly distributed
across model parameters and that a small subset of embeddings may encode a large
portion of the relevance adaptation signal. Future work should generalise this anal-
ysis to other retrieval architectures, including dense bi-encoders and decoder-only
ranking models, in order to determine whether similar patterns hold across model
families. A deeper understanding of where task-specific information is encoded
could lead to more principled and generalisable minimal fine-tuning strategies, im-
proving both interpretability and efficiency.
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