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UnSLU-BENCH+: Extended Machine Unlearning
Benchmark for Spoken Language Understanding

Claudio Savelli , Alkis Koudounas , Member, IEEE, Flavio Giobergia , and Elena Baralis , Member, IEEE

Abstract—With the growing adoption of voice assistants and
Spoken Language Understanding (SLU) systems, the need for ma-
chine unlearning, i.e., the ability to remove the influence of specific
training data without full retraining, has become increasingly criti-
cal to ensure user privacy and regulatory compliance. In this work,
we present UnSLU-BENCH+, an extended benchmark for system-
atically evaluating unlearning methods in SLU. Our benchmark
spans six datasets in four languages, each paired with three self-
supervised models, and covers eleven state-of-the-art unlearning
techniques. These methods are evaluated based on three founda-
tional principles of unlearning: utility, i.e., the performance of the
unlearned model, efficacy, i.e., the actual removal of the informa-
tion to be forgotten, and efficiency, i.e., the computational cost.To
support this evaluation, we introduce CGUM, a classification-aware
extension of the Global Unlearning Metric (GUM), which provides
a unified, interpretable score that jointly captures these three di-
mensions. Our extensive experiments demonstrate that unlearning
performance varies significantly across models and datasets, with
no single method universally dominating. Our results establish a
solid foundation for evaluating and developing future machine un-
learning techniques in speech applications while promoting CGUM as
a robust evaluation metric for every classification-based unlearning
scenario.

Index Terms—Machine unlearning, spoken language under-
standing, intent classification, transformers.

I. INTRODUCTION

THE increasing adoption of voice assistants and spoken
language understanding (SLU) systems has intensified

concerns regarding user privacy, data retention, and compliance
with legal frameworks such as the General Data Protection
Regulation in Europe (GDPR) [1], the Personal Information
Protection Law of the People’s Republic of China [2], or the
Bill C-27 in Canada. These regulations establish the “right
to be forgotten,” requiring machine learning (ML) models to
remove the influence of specific user data upon request [3].
To meet this demand, machine unlearning (MU) has emerged
as a critical research direction, aiming to remove the effect of
selected training samples without full model retraining.

MU has obtained a growing interest in various fields. In vision,
several benchmarks have been proposed to evaluate unlearning
methods on tasks that use facial identities [4], [5]. In the LLM
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domain, recent efforts have focused on unlearning specific facts
or user-related data [6], [7]. While these benchmarks have helped
standardize MU evaluation in their respective areas, the speech
domain, despite its strong privacy implications, still lacks com-
parable benchmarks, particularly for complex SLU tasks. In fact,
MU is particularly relevant in this task as spoken signals often en-
code both linguistic information and paralinguistic traits such as
identity, emotion, or mental state. While initial explorations have
addressed low-complexity tasks like keyword spotting [8], more
recent studies have begun to explore unlearning in paralinguistic
applications. For example, Phukan et al. [9] proposed MU strate-
gies for emotion recognition and depression detection, relying
on structured retraining approaches based on exact unlearning
methods. However, these methods require rigid assumptions
about data access and model architectures, making them less
applicable to large-scale SLU models already deployed. Despite
these advances, the challenges of unlearning in realistic and
complex SLU scenarios remain largely unexplored.

To address these limitations, we present an extended ver-
sion of the UnSLU-BENCH [10], designed to evaluate MU
techniques in SLU systematically. UnSLU-BENCH+ is a large-
scale, multilingual benchmark spanning six intent classifica-
tion datasets covering four languages, each paired with three
transformer-based models. It supports the evaluation of eleven
state-of-the-art MU strategies applied under realistic unlearning
scenarios, i.e., speaker forgetting. In this context, speaker for-
getting refers to the removal of a specific user’s data – including
all utterances associated with a given speaker identity – from
a trained SLU model, thereby erasing their influence without
retraining the model from scratch. This form of unlearning
aligns closely with the already cited “right to be forgotten”
requests, where users seek to have their voice data removed from
ML models. The evaluation of the benchmark is based on the
three foundational principles of MU: utility, which measures
how well the model retains its performance; efficacy, which
quantifies how effectively the influence of the forgotten data has
been removed; and efficiency, which captures the computational
cost of the unlearning process, reflecting its practicality for
real-world deployment. By jointly considering these aspects, our
benchmark facilitates a comprehensive and balanced assessment
of the trade-offs associated with each method. This extension
builds on top of the original benchmark by introducing:
� Additional Dataset: We include the publicly available

Timers&Such dataset [11], a corpus of spoken English
commands for common voice control use cases involving
numbers, with annotated speaker identities.
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� Additional Models: We expand upon previous work em-
ploying HuBERT [12], wav2vec 2.0 [13], XLS-R 53 [14],
and XLS-R 128 [15] by incorporating WavLM Base+ [16]
for English SLU datasets (FSC [17], SLURP [18], and
Timers&Such [11]). We further introduce mHuBERT-
147 [19], a multilingual model pre-trained on 147 lan-
guages, to support MU evaluation on non-English datasets,
specifically Italian (ITALIC [20]), German, and French
(SpeechMASSIVE [21])

� Additional Unlearning Techniques: We add to the bench-
mark three unlearning approaches, reaching a total of 11
MU methods. Selective Random Labelling (SRL) [22] in-
jects noise by randomly relabelling the forget set. Exact
Unlearning of Last-k Layers (EU-k) [23] re-trains the k
final layers of the model from scratch on the retain set while
keeping earlier layers frozen. Saliency-based Unlearning
(SalUn) [24] applies a saliency analysis to identify which
weights are most influenced by the forget set and modifies
only those, enabling targeted parameter updates.

� Refined Evaluation Metric: We propose the Classification
Global Unlearning Metric (CGUM), an improved version
of GUM [10], explicitly adapted for classification tasks.
Unlike the original formulation, this version introduces a
lower bound for the utility of a model: if the unlearned
model achieves task performance comparable to that of a
naive classifier, CGUM drops to 0.

The paper is organized as follows. Section II reviews prior
work on machine unlearning in speech and highlights the limi-
tations of existing benchmarks. Section III describes the set of
unlearning methods and evaluation metrics adopted in our study,
introducing the Classification-GUM metric and formalizing its
theoretical foundations. Section IV details the experimental
setup, covering datasets, models, and hyperparameter choices,
while Section IV presents the empirical findings and analyzes
the trade-offs among methods. Finally, Section V summarizes
conclusions and outlines future research directions.

II. RELATED WORKS

A. Machine Unlearning and Evaluation Dimensions

Machine unlearning refers to the task of removing the influ-
ence of specific training samples from a learned model without
requiring full retraining from scratch. Given a model θ trained on
a dataset D, each data point is represented as a triplet (x, y, s),
where x denotes the input (e.g., an utterance in SLU tasks),
y is the corresponding label (e.g., the intent associated with
the utterance), and s is the identity of the data source (e.g.,
a speaker). Let S be the set of all identities in D, and let
Sf ⊂ S denote the subset of identities that request data removal.
This results in a forget set Df = {(x, y, s) ∈ D | s ∈ Sf} and
a retain set Dr = D \ Df . The goal of a MU process φ(·) is
to produce a new model θ̂ = φ(θ,Dr,Df ) in which the in-
fluence of Df has been erased. Ideally, θ̂ should be close to
the Gold model θ′, which is trained from scratch using only
Dr, i.e., θ′ = A(Dr) where A denotes the original training
procedure. However, retraining θ′ for every unlearning request is

computationally expensive and often impractical, motivating the
need for approximate unlearning procedures [22].

To assess the performance of MU methods, the literature
emphasizes the need to evaluate three key dimensions: utility,
efficacy, and efficiency [25]. Utility captures how well the model
retains its ability to perform the original task on test data.
For classification problems, it is commonly quantified using
accuracy or macro F1 score on a test set: high utility ensures that
unlearning does not cause catastrophic forgetting [26]. Efficacy
refers to the degree to which the unlearned model θ̂ forgets
the influence of Df , typically measured through Membership
Inference Attacks (MIA) [25]. Lower MIA scores indicate that
the unlearned model has reduced its memorization of the forget
set and better approximates the behavior of the Gold model in
terms of privacy leakage. MIA-based evaluation measures how
distinguishable the forgotten data is from unseen test samples. A
perfectly unlearned model should produce similar MIA distribu-
tions for the forgotten and unseen sets, reflecting the successful
removal of memorized information. Deviations from this ideal,
either by under-unlearning (where forget samples were not fully
erased) or over-unlearning (where forget samples diverge even
from the unseen data), lead to increased privacy leakage [27].
Therefore, the distance between the unlearned and Gold MIA
scores is a critical indicator of the quality of unlearning. Effi-
ciency measures the computational cost of the unlearning proce-
dure. Since retraining remains the fallback option, MU methods
are only practical if they achieve significant gains in wall-clock
time, the number of updates, or energy consumption [28].

Evaluating utility, efficacy, and efficiency in isolation often
fails to capture the actual trade-offs involved in unlearning. For
this reason, composite metrics have been proposed to assess
these dimensions jointly. One example is NoMUS [4], which
combines efficacy and utility into a single score. However,
NoMUS does not account for computational cost, making it
insufficient to assess the practical utility of unlearning meth-
ods. To address this limitation, GUM [10] was introduced as
a three-factor metric that simultaneously incorporates utility
(e.g., F1 or accuracy), efficacy (e.g., via MIA), and efficiency
(e.g., runtime), offering a more comprehensive evaluation of
unlearning quality in real-world settings. In this work, we further
extend this metric and propose CGUM, a refined, fully bounded
variant designed explicitly for classification tasks. CGUM pre-
serves GUM’s core integration of utility, efficacy, and efficiency,
while addressing class imbalance in multiclass settings. Its task-
independent formulation allows for it to be applied directly to
any classification scenario and domain.

B. Machine Unlearning in Speech

While MU has been widely adopted in computer vision and
natural language processing [6], [22], [29], its application in the
speech domain remains limited in scope and generalizability.
Recent studies have explored the feasibility of MU in speech
tasks; however, they often suffer from limitations in methodol-
ogy, scalability, or domain relevance.

Phukan et al. [9] investigated unlearning in paralinguistic
speech processing, such as emotion recognition and depression
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Fig. 1. Machine Unlearning Pipeline in SLU setting. Given a dataset D composed of utterances labeled with intent and speaker identity, a subset of users requests
data deletion. This results in a split into the retain set Dr and the forget set Df . The Original model is initially trained on the full dataset. An unlearning method
then modifies this model to produce an Unlearned model, which ideally removes the influence of Df . A separate Gold model is trained from scratch only on Dr

to serve as an ideal reference. The unlearned model is then evaluated against the Gold model to assess the quality of unlearning.

detection. Their work focuses exclusively on exact unlearning
methods, specifically variants of the SISA framework [30],
where retraining is decomposed into multiple data shards to
support efficient removal of individual points. While promising
in terms of performance retention and memory efficiency, these
techniques are fundamentally constrained by their architectural
assumptions: they require initial control over the data pipeline,
typically inapplicable to pre-trained or deployed models, and
cannot generalize well to large-scale or dynamic environments.
Choi et al. [31] study MU in the context of generative speech and
music models. Their proposed framework aims to remove the in-
fluence of specific training songs in diffusion-based generators.
While this is an essential development in safeguarding copyright,
the problem-setting and evaluation objectives differ significantly
from classification-based MU in speech understanding systems.

More recently, the work of Cheng et al. [8] evaluates un-
learning on keyword spotting and speaker identification tasks
using models such as wav2vec 2.0 and datasets like Speech
Commands [32] and VoxCeleb1 [33]. However, the benchmark
is limited in both linguistic and architectural diversity. It focuses
exclusively on English and does not explore SLU complexity.
Additionally, the study compares only five unlearning tech-
niques, thus limiting the benchmark’s coverage of existing meth-
ods. To address these gaps, the UnSLU-BENCH benchmark [10]
was introduced as the first systematic evaluation framework for
MU in SLU. It targets speaker-level unlearning across five SLU
datasets in four languages, using two transformer models per
dataset and a core set of eight MU techniques, and introduces
the GUM metric. Building on this foundation,UnSLU-BENCH+
expands both the coverage (with new datasets, models, and MU
strategies) and the evaluation protocol, with the introduction of
CGUM.

III. BENCHMARK DEFINITION

UnSLU-BENCH+ is a comprehensive benchmark designed
to evaluate MU techniques in SLU. It extends the original
UnSLU-BENCH [10] by incorporating a wider range of datasets,
models, and unlearning methods, as well as a refined evaluation

protocol. Specifically, the benchmark covers 6 datasets1 in 4
languages, 3 transformer-based models per dataset, and 11 state-
of-the-art unlearning techniques. Evaluation is grounded in the
three core dimensions of MU (utility, efficacy, and efficiency)
and is summarized using the proposed CGUM metric.

A. Unlearning Methods

UnSLU-BENCH+ includes 11 MU techniques as follows.
Fine Tuning (FT) continues training the model on the retain

set Dr for one epoch. This baseline assumes that the absence of
the forget set Df alone will reduce its influence without explicit
forgetting operations.

Successive Random Labels (SRL) [22] The model is fine-
tuned with both Dr and Df . The correct label is used as su-
pervision for each sample from Dr. However, for any sample
from Df , the true label is replaced by a randomly selected label
different from the correct one.

Negative Gradients (NG) [22] applies gradient ascent, i.e.,
gradient updates reversed in sign, only on the forget set Df ,
actively pushing the model away from memorizing the removed
examples.

Advanced Neggrad (NG+) [4], [24] combines NG onDf with
FT on Dr, aiming to balance explicit forgetting with retention
of overall performance.

Catastrophically Forgetting Last k Layers (CF k) [23]
restricts fine-tuning to the final k layers, reducing computational
cost and targeting representations most closely associated with
memorized information.

Exact Unlearning Last k Layers (EU k) [23]: This method
re-initializes the final k layers (instead of fine-tuning), then
retrains them on Dr, effectively erasing potentially memorized
weights more aggressively than CF k.

Saliency-based Unlearning (SalUn) [24] targets only a
small, high-impact subset of model parameters identified via
saliency analysis. The key idea is to focus gradient updates

1We utilize the FSC, SLURP, Timers&Such, ITALIC, and SpeechMassive
datasets, covering both the French (fr-FR) and German (de-DE) linguistic
versions of the latter. For our experiments, each language variant is treated as a
separate and distinct dataset.
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on those parameters that contribute most significantly to the
model’s behavior on Df . First, it performs a forward and back-
ward pass on Df to compute the saliency score for each model
parameter. Parameters are then ranked by saliency, and a fixed
fraction of the most influential ones are selected, and SRL is
applied only to these weights.

Unlearning by Selective Impair and Repair (UNSIR) [28]
is a two-stage unlearning method. The first phase, called impair,
involves computing error-maximizing adversarial noise for each
sample in Df . This noise is added to the input, and the model is
fine-tuned on these perturbed samples to reduce its confidence
in forgotten data explicitly. In the second phase, called repair,
the model is fine-tuned on the retain set Dr for one additional
epoch to recover any loss in task utility. The method is adapted
following the sample-level variant introduced by [4], as the
original method targeted full-class forgetting.

Bad Teaching (BT) [34] adopts a teacher-student framework
involving two reference models: a competent teacher, which is
a copy of the original fully trained model, and an incompetent
teacher, which is usually a randomly initialized architecture.
The student model is initialized from the competent teacher and
fine-tuned using a distillation objective that combines guidance
from both teachers. During training, the student is encouraged to
match the competent teacher’s logits onDr, and the incompetent
teacher’s on Df . Following [10], we also propose a lightweight
variant (BT-L) that replaces the incompetent teacher with a
random predictor generator to reduce computational overhead.

SCalable Remembering and Unlearning unBound
(SCRUB) [24] is another teacher-student unlearning approach.
It operates using a single teacher, that is, the original trained
model, and optimizes the student model via a combined loss
that integrates three distinct objectives. First, the student is en-
couraged to align with the teacher on Dr and to diverge from the
teacher’s behavior onDf . Then, a supervised task loss is applied
to Dr to reinforce end-task performance and stabilize training.

B. Metrics

We adopt one representative metric per dimension to evaluate
the three core aspects of machine unlearning. Utility is measured
as the model’s ability to retain task performance after unlearning.
In classification tasks, where class imbalance is common, we
report the macro F1 score on the test and forget sets. Efficacy
is quantified using Membership Inference Attack (MIA) scores,
which estimate the model’s ability to distinguish between sam-
ples in the forget set and unseen test data. An effective unlearning
procedure should reduce this distinguishability, driving the MIA
score of the unlearned model toward that of the retrained Gold
model. Efficiency is evaluated in terms of computational cost,
reported as the Speedup with respect to theGoldmodel, defined
as the ratio between the retraining time and the time required to
apply unlearning.

In addition to reporting these metrics independently, we intro-
duce the Classification Global Unlearning Metric (CGUM), a
classification-aware variant of GUM [10], which redefines each
component to ensure boundedness, robustness to class imbal-
ance, and comparability across datasets. A detailed description
of CGUM and its theoretical properties is presented in Section
III-C and in the Appendix A.

C. Classification GUM

To evaluate unlearning performance in classification tasks, we
adopt a refined version of the GUM metric introduced in [10],
which we term CGUM (Classification GUM). The original GUM
metric is designed to jointly assess three critical aspects of
unlearning: utility (U ), measured as the similarity in perfor-
mance between the unlearned model and the Gold model on
the test set; efficacy (E), estimated via a Membership Inference
Attack (MIA) score that captures how well the forget set has
been removed; and efficiency (T ), quantified as the relative
computational cost of unlearning compared to full retraining.

In the original formulation of GUM, the metric reaches 0 when
the unlearning process is either not effective (i.e., the unlearned
model “remembers” data points in the same way as the original
model), or it is not efficient (i.e., the unlearning process takes as
much time as the retraining from scratch). However, there is no
guarantee in terms of model utility: an unlearning process that
entirely breaks the model (i.e., the unlearned model has perfor-
mance comparable to a naive classifier) may have GUM �= 0.

To address this asymmetry, CGUM introduces a bounded ver-
sion ofU . This version maintains the original GUM formulation
as a weighted harmonic mean over these three dimensions. How-
ever, we redefine each component to ensure strict boundedness
and compatibility across classification settings. The CGUM score
is defined as:

CGUM =
(1 + α+ β)U E T

αE T + β U T + U E + ε
(1)

where α and β control the relative importance of the three terms
and ε is a small constant for numerical stability.

The choice of the weighting coefficients α and β in CGUM

is inherently task- and objective-dependent, and should reflect
the primary motivation behind the unlearning process. Different
application scenarios impose different priorities across the three
axes of utility, efficacy, and efficiency. For instance, in privacy-
preserving or GDPR-driven settings, efficacy and efficiency
are typically prioritized to ensure that sensitive information
is removed promptly and reliably, even at the cost of some
utility degradation. Conversely, in model maintenance or bias-
correction scenarios, preserving downstream performance be-
comes critical, and utility should be given greater weight. In this
work, we select α = β = 1 to emphasize balanced unlearning,
where none of the three dimensions dominates the final score,
yielding an equal-weight formulation that penalizes failures in
any single dimension.

Utility (U): In CGUM, utility measures how well the unlearned
model performs on the original task, normalized relative to a
principled lower bound. In this work, we adopt the macro F1
score as the performance metric of interest. LetF1(u) andF1(g)

denote the macro F1 score of the unlearned and Gold models,
respectively. We define:

U = min

(
max

(
F1(u) − F1(r)

F1(g) − F1(r) + ε
, 0

)
, 1

)
(2)

where F1(r) = 1/C denotes the expected macro F1 score of
any random classifier in a C-class setting. As we demonstrate in
Appendix A, this value constitutes a theoretical upper bound
for the macro F1 score achievable by any naive predictor –
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Fig. 2. Behavior of GUM to F1 (left), MIA (center), and unlearning time (right) on a sample dataset with C = 4 classes. Each red dashed vertical line indicates
the performance of the Gold model. MIA(o) is set to be 0.8.

either uniform, prior-based, or majority-class. The utility score
U is explicitly clipped to the interval [0, 1]: a value of U = 0
indicates that the unlearned model performs no better than a
naive classifier, whereas U = 1 corresponds to performance
equal to or exceeding that of the Gold model.

Example: In Fig. 2 (left), we assume that the Gold model
obtains a macro F1 score of 0.8. The utility score U will peak at
1 if the unlearned model reaches a macro F1 score of 0.8.

Efficacy (E): Efficacy measures how effectively the unlearned
model has reduced the influence of the forget set. As often done
in literature, we rely on the MIA score, and define:

E = 1− |MIA(u) − MIA(g)|
|MIA(o) − MIA(g) + ε| (3)

where MIA(u), MIA(g), and MIA(o) are the MIA scores of the
unlearned, Gold, and original models, respectively. To prevent
instabilities in edge cases, we apply bounded saturation, as done
in [10]:

MIA(u) =

⎧⎨
⎩
min

(
MIA(u),MIA(o)

)
, if MIA(o) ≥ MIA(g)

max
(

MIA(u),MIA(o)
)
, otherwise

(4)

Based on this definition of E, it follows that the efficacy score
depends on the distance between the unlearned model’s MIA and
that of the Gold model.

Example: In the case illustrated in Fig. 2 (center), the MIA of
the original model is MIA(o) = 0.8 and the MIA of the Gold
model is MIA(g) = 0.5. This bounds the meaningful deviation
range to ±0.3. A score of E = 1 is achieved when the unlearned
model matches theGoldmodel in MIA. In contrast,E reaches 0
when the unlearned model has a MIA comparable to the original
model, or worse (i.e., the model has not forgotten anything).

Efficiency (T): Efficiency captures the computational benefit
of unlearning over full retraining. As in the original GUM [10],
we define:

T = min

(
max

(
1− log(T (u) + 1)

log(T (g) + 1)
, 0

)
, 1

)
(5)

where T (u) and T (g) are the execution times (in seconds) for
unlearning and Gold retraining, respectively.

Example: If the training of the Gold model requires 1000
seconds, the evolution of T as a function of the unlearning time
is shown in Fig. 2 (right), T is also constrained to the interval
[0, 1], where higher values indicate greater efficiency relative
to retraining. When the time required to apply the unlearning

TABLE I
NUMBER OF SPEAKERS AND SAMPLES PER SPLIT FOR EACH DATASET

method approaches zero, the efficiency score tends toward 1,
indicating maximum gain over retraining. In contrast, as the
time required by the unlearning procedure approaches that of
full retraining, T approaches 0. When an unlearning method
becomes nearly as expensive as retraining from scratch, the
rationale for using a dedicated unlearning method weakens,
rendering the unlearning approach useless.

D. Datasets

The work includes six publicly available SLU datasets. Timers
& Such [11], FSC [17], and SLURP [18] cover English, while
ITALIC [20] extends to Italian, and SpeechMASSIVE [21] de-
DE and fr-FR to German and French, respectively. For FSC,
SLURP, ITALIC, and SpeechMASSIVE (German and French),
we employ the same splits as those used in [10]. SLURP does not
originally provide speaker-independent splits, which are critical
for machine unlearning to ensure that identities in the forget,
retain, and test sets do not overlap. To address this, we used
the identity-disjoint splits for SLURP (SLURP∗) as introduced
in [10].

Additionally, we introduce in this work Timers&Such (TAS),
an English corpus containing commands for voice control use
cases involving numbers (e.g., for setting the timer or the alarm).
The original training set of TAS (‘train-real’) includes only
1,640 samples, which is usually insufficient for fine-tuning large
speech models. Therefore, we augmented the dataset by adding
7,790 synthetic samples per intent (31,160 in total), generated
and released by the original authors [11]. To simulate deletion
requests, we keep the original train/test splits and construct the
forget set by selecting individuals with at least 20 samples from
each dataset, ensuring sufficient representation during training.
Approximately 4% of the total training data were selected to
construct the forget set. The statistics of the resulting splits are
summarized in Table I. The considered datasets exhibit sub-
stantial variation in task complexity, with the number of target
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Fig. 3. Heatmap summary of CGUM across datasets, models, and unlearning methods. Each cell reports the best CGUM score obtained by a given unlearning
method for a specific model-dataset pair. Darker colors indicate higher overall unlearning quality.

TABLE II
UNLEARNING ON FSC. F1T DENOTES MACRO F1 ON TEST SET, WHILE F1F ON FORGET SET. BEST RESULTS (I.E., CLOSEST TO GOLD MODEL FOR F1 AND MIA,

HIGHEST FOR OTHERS) ARE IN BOLD, SECOND-BEST UNDERLINED. ORIGINAL AND GOLD MODELS ARE HIGHLIGHTED.

intent classes ranging fromC = 4 inTAS toC = 88 inSLURP∗,
while FSC comprises 31 classes and ITALIC, together with
SpeechMASSIVE de-De and fr-FR), includes 60 classes.

E. Models

We fine-tune three transformer-based speech encoders per
dataset. For English datasets (FSC, TAS, SLURP∗), we employ
wav2vec 2.0 [13], HuBERT [12], and WavLM Base+ [16],
which provide superior pretraining through masked prediction
and audio augmentation. For multilingual datasets (ITALIC,
SpeechMASSIVE de-De and fr-FR), we use XLS-R
128 [15], XLS-R 53 [14] fine-tuned for the specific language,
and mHuBERT-147 [19].

IV. EXPERIMENTAL RESULTS

In this section, we present the benchmark results, along with
additional implementation details necessary for reproducibility.

Implementation Details: We evaluate 11 unlearning methods,
including: FT, SRL, NG, NG+, CF-k, EU-k, SalUn, UNSIR,
BT, BT-L, and SCRUB, as described in Section III. For SalUn,
we compute saliency scores over all model parameters and
apply a binary mask to update only the top 50% most salient
weights.

For each method, we evaluated different learning rate ranges
to account for destructive tendencies. Specifically, we use learn-
ing rates {5e-07, 1e-06, 5e-06} for SRL, NG, NG+, SalUn, BT,
BT-L, SCRUB, and {1e-05, 5e-05, 1e-04} for FT, CF-k, EU-k,
UNSIR. The best-performing configuration is selected using the

CGUM metric, maximizing the trade-off between utility, efficacy,
and efficiency. We empirically observe that these learning rate
ranges provide a good balance between efficacy and utility,
while maintaining high efficiency. This configuration strategy
has also been adopted in prior work [10]. For all the experiments,
models are fine-tuned using the original training protocol for
each dataset and then post-processed using the corresponding
unlearning procedure.

Fine-tuning procedures and hyperparameters can be found
in the project repository.2 All experiments are conducted on a
single NVIDIA A6000 GPU.

Results: The analysis of Tables II–VII reveals consistent
trends in MU performance across datasets, with notable varia-
tions depending on model complexity and language. Results are
interpreted relative to the Gold model for F1 and MIA, while
speedup quantifies the computational advantage. To facilitate
a global comparison across datasets, models, and unlearning
strategies, Fig. 3 summarizes the CGUM scores providing
a compact view of relative robustness and stability between
datasets, unlearning methods, and models that complements the
detailed numerical results reported.
FT remains a robust baseline, particularly for medium-sized

models like wav2vec 2.0, HuBERT, and XLS-R 128, where it
delivers stable utility with modest MIA values. However, its
effectiveness in reducing privacy leakage is limited in specific

2The complete code repository will be made publicly available upon accep-
tance.
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TABLE III
UNLEARNING ON TAS. F1T DENOTES MACRO F1 ON TEST SET, WHILE F1F ON FORGET SET. BEST RESULTS (I.E., CLOSEST TO GOLD MODEL FOR F1 AND MIA,

HIGHEST FOR OTHERS) ARE IN BOLD, SECOND-BEST UNDERLINED. ORIGINAL AND GOLD MODELS ARE HIGHLIGHTED.

TABLE IV
UNLEARNING ON SLURP∗. F1T DENOTES MACRO F1 ON TEST SET, WHILE F1F ON FORGET SET. BEST RESULTS (I.E., CLOSEST TO GOLD MODEL FOR F1 AND

MIA, HIGHEST FOR OTHERS) ARE IN BOLD, SECOND-BEST UNDERLINED. ORIGINAL AND GOLD MODELS ARE HIGHLIGHTED.

TABLE V
UNLEARNING ON ITALIC. F1T DENOTES MACRO F1 ON TEST SET, WHILE F1F ON FORGET SET. BEST RESULTS (I.E., CLOSEST TO GOLD MODEL FOR F1 AND

MIA, HIGHEST FOR OTHERS) ARE IN BOLD, SECOND-BEST UNDERLINED. ORIGINAL AND GOLD MODELS ARE HIGHLIGHTED.

settings. Notably, when applied to SLURP∗, the MIA scores
obtained by FT and other unlearning methods are often higher
than those of the original model, suggesting a tendency toward
over-forgetting or instability. This pattern is consistent across
models, suggesting that SLURP∗ may pose a more challeng-
ing unlearning scenario. This is likely rooted in the dataset’s
high linguistic and acoustic complexity. While FSC contains
only 16 unique entities, SLURP∗ includes more than 5,000.

Additionally, the audio recordings were obtained in diverse
environments, including both near- and distant-microphone con-
ditions. We hypothesize that these factors likely cause the model
to develop highly entangled latent representations: speaker-
specific features and semantic intents are closely interleaved in
the model weights. As a result, attempting to remove specific
training examples via gradient-based unlearning inadvertently
damages other capabilities since erasing targeted data points
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TABLE VI
UNLEARNING ON SPEECHMASSIVE DE. F1T DENOTES MACRO F1 ON TEST SET, WHILE F1F ON FORGET SET. BEST RESULTS (I.E., CLOSEST TO GOLD MODEL

FOR F1 AND MIA, HIGHEST FOR OTHERS) ARE IN BOLD, SECOND-BEST UNDERLINED. ORIGINAL AND GOLD MODELS ARE HIGHLIGHTED.

TABLE VII
UNLEARNING ON SPEECHMASSIVE FR. F1T DENOTES MACRO F1 ON TEST SET, WHILE F1F ON FORGET SET. BEST RESULTS (I.E., CLOSEST TO GOLD MODEL

FOR F1 AND MIA, HIGHEST FOR OTHERS) ARE IN BOLD, SECOND-BEST UNDERLINED. ORIGINAL AND GOLD MODELS ARE HIGHLIGHTED.

may also corrupt shared features that the model needs to perform
well on the data it should retain [35].

Among all methods, NG demonstrates the most consistent
performance across datasets and architectures, often ranking
first in terms of CGUM. Its efficiency is a standout feature,
with speedups frequently exceeding 1000×, and its efficacy is
generally high – MIA scores often approach those of the Gold
model. This makes NG particularly appealing for scalable MU
pipelines. However, despite its strong average performance, NG
exhibits critical failure cases in some settings. In particular, we
observe that in FSC and TAS, NG occasionally produces MIA
scores that exceed those of the original model. This suggests that
the model becomes overconfident in misclassifying or distorting
the forget set, resulting in over-forgetting [27]. In such cases,
the MIA metric indicates higher distinguishability of forgotten
examples, a counterproductive effect that undermines privacy
guarantees. These results highlight that while NG is generally
effective, it can induce excessive perturbations when applied
without sufficient regularization or early stopping. NG+ im-
proves F1T and F1F over NG in several settings, as expected,
but does so at a cost. Its efficiency drops significantly (speedups
reduced by 50×–100×); however, in some cases, it manages to
reach an MIA score closer to the Gold model.
CF-k and EU-k represent efficient unlearning strategies

that restrict updates to a targeted subset of model parameters,

specifically the final k layers or high-sensitivity blocks, respec-
tively. These methods consistently rank second in efficiency
afterNG, offering substantial speedups while preserving a degree
of model stability. Their selective fine-tuning approach reduces
computational overhead without requiring full-network updates.
Notably, on simpler datasets such as FSC and TAS, both CF-k
and EU-k consistently achieve among the top CGUM scores,
indicating successful unlearning with strong utility retention
in a fraction of the time required by heavier methods. These
results suggest that when the unlearning task is less complex
(e.g., limited class diversity, shorter utterances, or well-separated
speaker distributions), lightweight, localized updates can be
sufficient to remove sensitive data while maintaining overall
performance effectively. A clearer distinction between CF-k and
EU-k emerges when considering how the final classification
layers are modified. In EU-k, the final classification head is
completely removed and retrained from random initialization,
which disrupts previously learned task-specific structure and, in
most cases, leads to a degradation in performance on retained
data with respect to CF-k, which continues to fine-tune the al-
ready trained classification head, preserving the learned decision
boundary and achieving higher utility across most settings.
SRL emerges as a strong and informative baseline, exhibiting

a performance profile largely comparable to FT across most
experimental settings. It provides a favorable balance between
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utility preservation and forgetting efficacy, while maintaining
low implementation complexity. SalUn, which constrains gra-
dient updates to the most salient 50% of parameters as identified
from the forget set, achieves results that are generally close to
those of SRL, reflecting their shared reliance on random-label
supervision. However, while SalUn has been shown to be
highly effective in other learning paradigms and application
domains [36], its advantages do not consistently translate to the
speech and SLU setting considered in this work. In particular,
its performance exhibits higher variability across datasets and
model architectures and does not reliably surpass SRL. This
empirical evidence suggests that, in SLU tasks, saliency-aware
parameter masking alone is insufficient to yield systematic im-
provements in unlearning efficacy. We argue that this constitutes
an important domain-specific insight: unlike other modalities,
speech representations appear to rely on more distributed and
entangled parameter interactions, limiting the effectiveness of
sparsely targeted updates. Nevertheless, SalUn remains an
appealing building block due to its parameter efficiency and
compatibility with pre-trained models. Future work may ex-
plore its integration with more aggressive unlearning mech-
anisms tailored to speech, such as NG, which is particularly
effective at disrupting localized representations associated with
the forget set. Combining SalUn’s selective focus on salient
parameters with NG’s capacity to erase memorized patterns
could enable targeted gradient ascent on the most influential
weights, while mitigating unnecessary degradation of model
performance.
BT and BT-L adopt a distillation-based approach, utilizing

both competent and incompetent teacher models to guide the
student during unlearning. While BT employs a fully trained
model as the bad teacher, BT-L replaces it with a fixed random
predictor, significantly reducing memory and computational
requirements by requiring only two models to be loaded in-
stead of three. Notably, this simplification does not appear to
compromise the efficacy or utility of the resulting model. On
the contrary, BT-L often achieves comparable or even superior
results toBT in terms of efficacy and utility, with a critical gain in
efficiency. This gain translates into strong CGUM scores, with
BT-L ranking as the second-best method in SLURP∗, ITALIC,
and SpeechMASSIVE fr-FR. These findings suggest that using a
random teacher can be a practical and lightweight alternative for
unlearning in speech tasks, especially when resource constraints
are a consideration.
SCRUB and UNSIR achieve moderate results. While they

offer clear theoretical motivation, their performance in practice
is inconsistent across CGUM components. UNSIR often ranks
high in utility but lacks efficacy, and SCRUB achieves only
modest gains across all three metrics.

V. CONCLUSION

UnSLU-BENCH+ extends the UnSLU-BENCH benchmark
to provide a comprehensive evaluation of machine unlearn-
ing methods in spoken language understanding (SLU). Our
benchmark incorporates new datasets, including the introduction
of the Timers & Such dataset; additional pretrained models
such as WavLM Base+ and mHuBERT-147; and three new

unlearning strategies: Selective Random Labelling (SRL), Exact
Unlearning Last k Layers (EU-k), and Saliency-based Unlearn-
ing (SalUn). To evaluate these methods, we adopt macro F1,
MIA, and runtime speedup as representative metrics for utility,
efficacy, and efficiency, respectively. We also introduce CGUM –
a classification-aware extension of the GUM score – which offers
a bounded and interpretable aggregate measure of unlearning
quality. In addition, we demonstrated that the expected upper
bound of macro F1 for any random classifier (majority, uniform,
or prior-based) is 1/C, providing a grounded foundation for the
normalization used in CGUM.

Our empirical findings show that NG remains a robust method
overall, consistently achieving high CGUM scores across lan-
guages and architectures. However, our benchmark highlights
that different datasets pose varying levels of unlearning diffi-
culty, with SLURP∗ emerging as particularly challenging due to
its complexity and the required identity-disjoint splits. Notably,
the results also reveal that no single method dominates across
all datasets and model configurations; each approach exhibits
trade-offs between utility, efficacy, and efficiency depending on
the context. This highlights the importance of context-aware
method selection and further underscores the need for composite
metrics, such as CGUM, to capture these nuanced differences.

We hope that this benchmark will foster future research
into efficient, effective, and deployable unlearning methods for
speech applications. Beyond establishing a standard evaluation
framework for SLU, our work also introduces CGUM as a
principled and general-purpose metric for assessing trade-offs
between utility, efficacy, and efficiency in any classification-
based unlearning scenario.

APPENDIX A
BOUNDARY ON THE UTILITY OF NAÏVE CLASSIFIERS

This section provides a theoretical justification for the choice
of 1/C as the expected upper bound for random classifiers in
multi-class settings. In particular, we demonstrate that three
baselines cannot exceed an expected macro-F1 score of 1/C,
where C is the number of target classes. These include: (1)
the majority-class classifier, which always predicts the most
frequent class; (2) the uniform random classifier, which samples
labels uniformly from the set of possible classes; and (3) the
prior-based random classifier, which samples labels proportion-
ally to the empirical class distribution.

Majority Class: The majority-class classifier always predicts
the most frequent class in the dataset, denoted by k∗, where

k∗ = arg max
k∈{1,...,C}

pk.

This strategy is deterministic and, despite yielding a high overall
accuracy in imbalanced settings, it still performs poorly under
macro-F1 because it entirely overlooks minority classes. Let
y ∈ {1, . . . , C}be the true label, and ŷ = k∗ the fixed prediction.
Then:

E[TPk∗ ] = P(y = k∗ ∧ ŷ = k∗) = pk∗

E[FPk∗ ] = P(y �= k∗ ∧ ŷ = k∗) = 1− pk∗

E[FNk∗ ] = P(y = k ∧ ŷ �= k) = 0
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From these, the precision, recall, and F1-score for the majority
class k∗ are:

Pr
k∗

=
E[TPk]

E[TPk] + E[FPk]
=

pk∗

pk∗ + (1− pk∗)
= pk∗

Rek∗ =
E[TPk]

E[TPk] + E[FNk]
=

pk∗

pk∗
= 1

F1k∗ =
2 · Prk ·Rek
Prk +Rek

=
2 · pk∗ · 1
pk∗ + 1

=
2pk∗

pk∗ + 1
In the following, we define precision, recall, and F1 by apply-

ing their standard formulas to the analytically derived expected
counts of TP, FP, and FN. While this does not correspond to
the formal expectation of the F1 random variable, it provides a
valid approximation for analyzing the behavior of deterministic
or probabilistic classifiers under known label distributions. For
every other class k �= k∗, the classifier never predicts class k, so:

E[TPk] = Pr
k

= Rek = F1k = 0

The expected macro-F1 becomes:

F1macro =
1

C

⎛
⎝ 2pk∗

pk∗ + 1
+
∑
k �=k∗

0

⎞
⎠ =

1

C
· 2pk∗

pk∗ + 1

This value is upper bounded by 1
C , since the function 2p

p+1 ≤ 1

for all p ∈ [0, 1]. Specifically:

F1macro ≤ 1

C
with equality if and only if pk∗ = 1, i.e., the classification task
is degenerate and only one class is present.

Uniform Random Classifier: The uniform random classifier
assigns each class label independently and uniformly at ran-
dom, regardless of the input or the true distribution of labels.
In a classification problem with C classes and class priors
pk = P(y = k), we compute the expected macro-F1 achieved
by such a strategy.

Let y ∈ {1, . . . , C} denote the true label and ŷ the predicted
label. Under uniform random prediction, the probability of
predicting any specific class is defined according to:

P(ŷ = k) =
1

C
for all k.

We now compute the expected number of true positives (TP),
false positives (FP), and false negatives (FN). For each class
k ∈ {1, . . . , C}:

E[TPk] = pk · 1

C
E[FPk] = (1− pk) · 1

C

E[FNk] = pk ·
(
1− 1

C

)
From the above, the precision, recall, and F1 for the class k

are:

Pr
k

=
pk · 1

C

pk · 1
C + (1− pk) · 1

C

= pk

Rek =
pk · 1

C

pk
=

1

C

F1k =
2 · pk · 1

C

pk + 1
C

=
2pk

C · pk + 1

And the expected macro-F1, obtained by averaging over all
classes:

F1macro =
1

C

C∑
k=1

2pk
C · pk + 1

To prove that the expected value of F1macro is upper bounded
by 1

C , it is sufficient to show that the value of the summation
is ≤ 1. To demonstrate this result, we make use of Jensen’s
Inequality for concave functions.

Jensen’s Inequality: Let f : R → R be a concave function
and let {x1, . . . , xn} be real numbers. If {w1, . . . , wn} is a set
of non-negative weights such that

∑n
i=1 wi = 1, then:

f

(
n∑

i=1

wixi

)
≥

n∑
i=1

wif(xi).

Equality holds if and only if all xi are equal, or f is affine on
the convex hull of {xi}. We define the function:

f(p) =
2p

C · p+ 1

and rewrite the macro-F1 as:

F1macro =
1

C

C∑
k=1

f(pk)

Step 1. Proof that f(p) is concave: We compute the first and
second derivatives of f(p):

f ′(p) =
2(C · p+ 1)− 2C · p

(C · p+ 1)2
=

2

(C · p+ 1)2

f ′′(p) =
∂

∂p

(
2

(C · p+ 1)2

)
= − 4C

(C · p+ 1)3
< 0

for all p > 0. Hence, f is strictly concave on (0, 1].
Step 2. Application of Jensen’s Inequality: Given that f is

concave and
∑C

k=1 pk = 1, Jensen’s inequality yields:

1

C

C∑
k=1

f(pk) ≤ f

(
1

C

C∑
k=1

pk

)
= f

(
1

C

)

We compute:

f

(
1

C

)
=

2 · 1
C

C · 1
C + 1

=
2/C

1 + 1
=

1

C

Hence we conclude that:

F1macro =
1

C

C∑
k=1

f(pk) ≤ 1

C

Prior-based Sampling: The prior-based random classifier as-
signs class labels independently according to the observed class
distribution: each label is sampled with probability pk = P(y =
k). In the following, we compute the expected macro-F1 score
achieved by this classifier. Let y ∈ {1, . . . , C} be the true label
and ŷ the predicted label. Since ŷ ∼ Categorical(p1, . . . , pC),
the probability of correctly predicting class k is p2k. We now
compute the expected values for true positives (TP), false posi-
tives (FP), and false negatives (FN):

E[TPk] = p2k E[FPk] = pk(1− pk)

E[FNk] = pk(1− pk)
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It follows that the precision, recall, and F1 for class k are:

Pr
k

=
p2k

p2k + pk(1− pk)
= pk

Rek =
p2k

p2k + pk(1− pk)
= pk

F1k =
2 · pk · pk
pk + pk

= pk

Finally, the expected macro-F1 is given by:

F1macro =
1

C

C∑
k=1

F1k =
1

C

C∑
k=1

pk =
1

C

This result holds for any class distribution, and shows that
even a classifier perfectly aligned with the class priors achieves
at most 1/C in macro-F1.
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