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Abstract—Due to privacy, safety, or usability reasons, there are
situations in which information about specific training samples
should be removed from pre-trained Machine Learning models.
Machine Unlearning (MU) techniques focus on updating the
models by forgetting the content of a specific subset of training
samples to forget while preserving the information provided by
the samples to retain. Unlike classical Large Language Models
(LLMs), which can be used in a zero-shot setting, MU solutions
require ad hoc training. This can be impractical, especially in
low-cost or resource-constrained scenarios.

In this work, we explore the use of LLM in-context unlearning
to forget specific concepts in text summarization. The aim is
to produce concise yet informative summaries of long textual
documents while disregarding concepts mentioned in the forget
set. We explore the performance of three open-source LLMs on
two different datasets under various few-shot learning settings,
investigating the impact of LLM pre-training, prompt and
context settings, and documents’ characteristics. We identify
the situations in which LLMs with in-context unlearning could
produce summaries as accurate as classical MU approaches with
limited computational budget.

Index Terms—In-context Unlearning, Text Summarization,
Large Language Models

I. INTRODUCTION

Training data used to learn Machine Learning (ML) models
may include undesired content. To preserve coherence, pri-
vacy, or safety, part of the samples included in the training
set should be disregarded at inference time when applying
ML models [1]. For example, text summarization models
automatically generate concise yet informative descriptions
of long textual documents. Since they are usually trained on
multi-aspect and multi-domain data, the generated summaries
might also cover aspects that are inappropriate for end-users
of target applications, such as adult-only content in children’s
magazines, advanced concepts in technical guides for begin-
ners, or descriptions of invasive practices in general-interest
medicine magazines. Machine Unlearning (MU) techniques
aim to update the pre-trained ML models to forget the content
of undesired samples while retaining the other ones [2]. For in-
stance, in the context of text summarization, they can update a
summarization model such that, by design, it will never include
aspects to forget in the produced summaries. As a drawback,
running MU models on annotated samples typically requires
GPU-equipped hardware [3]. Although most computational
costs, in terms of memory and time, occur during training, a
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non-negligible cost is also required at inference time, as most
MU models can only run on GPU-equipped machines. These
computational costs are sometimes impractical, particularly in
low-cost or low-resource scenarios.

Nowadays, providers of Large Language Models (LLMs)
offer alternative, low-cost solutions [4]. By using a pre-trained
LLM, end-users can specify in the prompt the unlearning
requirements (e.g., Please avoid including adult-only content
in the summary), providing also examples of samples/aspects
to retain or forget. In the absence of dedicated hardware,
users can leverage external APIs for LLM usage at inference
time. However, when using LLMs in zero-shot or few-shot
settings the model remains unchanged, without an actual
model unlearning [5]. In this paper, we explore the use of
LLM in-context unlearning to remove specific concepts in
text summarization. Using three different open-source LLMs
and two benchmark datasets for news and conversation sum-
marization, we analyze the LLM performance, under zero-
shot and few-shot settings, in MU across different aspects
and domains. We also compare LLMs against classical MU
solutions by providing a cost-benefit analysis in terms of
computational time and memory requirements. The goal is to
identify situations in which LLM in-context unlearning can be
considered a viable alternative to traditional MU.

The rest of the paper is organized as follows. Section II
reviews the state of the art. Section III describes the method-
ology used to address text summarization with LLM in-context
unlearning. Section IV presents the main experimental results.
Finally, Section V draws conclusions and discusses future
works.

II. RELATED WORK

The authors of [4] first introduce the concept of In-Context
Unlearning (ICU, in short). They propose a methodology to
unlearn samples from ML models by simply providing LLMs
with specific types of inputs directly in the context. The key
difference between classical MU [2] and ICU is that the latter
does not require updating the model parameters. In [4], the
authors present the samples to forget to the LLMs at inference
time along with corresponding labels that differ from their
ground truth. Unlike [4], which applies ICU to classification,
in this work we address ICU for text summarization, to the
best of our knowledge, for the first time.



ICU strategies are particularly flexible and suited to various
tasks because, rather than updating the model’s weights, they
incorporate data (e.g., samples to forget) in the context of
the input itself. Designing effective in-context learning (ICL)
strategies [6] remains an open direction of research. The
ways LLM end-users provide prompts, contextual information,
and examples can significantly affect model performance [5].
Previous studies focus on considering the relevance of ground-
truth labels for ICL [7]. In our work, we investigate ICU
for text summarization by distinguishing between concepts to
retain and concepts to forget in the output summaries.

III. METHODOLOGY

Given a document d covering multiple aspects a1, as, ...,
an, we apply a pre-trained LLM to generate a summary s of
d covering all aspects except for ay, i.e., the aspect to forget
1< f<n.

We envisage different in-context learning strategies to
prompt the LLM:

a) Zero-shot Learning (ZSL): We indicate in the prompt,
reported below, the request of generating a summary disregard-
ing a given aspect. We provide neither examples of summaries
with contents to retain nor examples with contents to forget.

Given the following text, identify the key
aspects and for each aspect, generate a concise
summary. Ensure each summary is specific,
relevant, and does not include unrelated
information. Format your output as a list of
aspect-summary pairs.

Exclude the [FORGET_ASPECT] summary.

Text: [DOCUMENT]
Summary:
where [DOCUMENT] is the document to summarize and

[FORGET_ASPECT] the aspect we aim to exclude from the
output summary.

b) Few-shot Learning — Retain-Only (FSL-RO): Besides
the prompt, we include examples of contents to retain. We do
not include any examples that contain the aspect to forget.

Given the following text, identify the key
aspects and for each aspect, generate a concise
summary. Ensure each summary is specific,
relevant, and does not include unrelated
information. Format your output as a list of
aspect-summary pairs.
Exclude the [FORGET_ASPECT] summary.
Text:
Summary:

[DOCUMENT_R_EXi]
[SUMMARIES_R_EXi]

Text: [DOCUMENT]
Summary:

where [DOCUMENT_R_EXi] and [SUMMARIES_R_EXi]
represent the i-th example of a document-summaries pair that
does not include ay among the covered aspects.

c¢) Few-shot Learning — Retain+Forget Warning (FSL-
RFW): Besides the prompt, we include (1) Examples of
contents to retain and (2) Examples of contents where the

corresponding summaries of the forget aspect are replaced
with the warning message I can’t assist you on this.

Given the following text, identify the key
aspects and for each aspect, generate a concise
summary. Ensure each summary is specific,
relevant, and does not include unrelated
information. Format your output as a list of
aspect-summary pairs.
Exclude the [FORGET_ASPECT] summary.
Text:
Summary:

[DOCUMENT_R_EXi]
[SUMMARIES_R_EXi]

Text: [DOCUMENT_F_EXw]
Summary: [SUMMARIES_FW_EXw]

Text: [DOCUMENT]
Summary:

where [DOCUMENT_F_EXw] and [SUMMARIES_FW_EXw]
represent the w-th example of a document-summaries pair
where ay summary is replaced with the warning message.

d) Few-shot Learning — Retain+Forget Omitted (FSL-
RFO): Besides the prompt, we include (1) Examples of
contents to retain and (2) Examples of contents where the
corresponding summaries of the forget aspect are omitted.

Given the following text, identify the key
aspects and for each aspect, generate a concise
summary. Ensure each summary is specific,
relevant, and does not include unrelated
information. Format your output as a list of
aspect-summary pairs.
Exclude the [FORGET_ASPECT] summary.
Text:
Summary:

[DOCUMENT_R_EXi]
[SUMMARIES_R_EXi]

Text: [DOCUMENT_F_EX7]
Summary: [SUMMARIES_FO_EX]]

Text: [DOCUMENT]
Summary:

where [DOCUMENT_F_EX7Jj] and [SUMMARIES_FO_EX7J]
represent the j-th example of a document-summaries pair
where ay and its corresponding summary are omitted.

e) Few-shot Learning — Retain+Forget Hybrid (FSL-
RFH): Besides the prompt, we include (1) Examples of
contents to retain, (2) Examples of contents where the corre-
sponding summaries of the forget aspect are omitted, and (3)
Examples of contents to forget along with the corresponding
summaries.

Given the following text, identify the key
aspects and for each aspect, generate a concise
summary. Ensure each summary is specific,
relevant, and does not include unrelated
information. Format your output as a list of
aspect-summary pairs.
Exclude the [FORGET_ASPECT] summary.
Text: [DOCUMENT_R_EXi]

Summary: [SUMMARIES_R_EXi]



Text:
Summary:

[DOCUMENT_F_EX7J]
[SUMMARIES_FO_EX7]]

Text: [DOCUMENT_F_EXh]
Summary: [SUMMARIES_F_EXh]

Text: [DOCUMENT]
Summary:

where [DOCUMENT_F_EXh] and [SUMMARIES_F_EXh]
represent the h-th example of a document-summaries pair
where ay and its corresponding summary are included.

IV. RESULTS

In the following, we describe the main experimental set-
tings, including the datasets considered, the evaluation metrics,
the LLMs tested, and the MU baselines. We then present
the main findings, covering the summarization results, the
performance of the different ICU strategies, and an analysis
of computational costs.

a) Hardware: We run all experiments on a machine
equipped with Intel® Core™ i9-10980XE CPU, NVIDIA®
RTX A6000 48GB GPU, 128 GB of RAM running Ubuntu
22.04 LTS. The overall cost is approximately 500 GPU hours.

b) Datasets: We analyze two English-written bench-
marks: a news summarization dataset, i.e., MA-News [8]
and a conversational dataset, i.e., DialogSum-Topic [9]. The
main characteristics of the documents, number of aspects, and
corresponding summaries are reported in Table I. The retain set
is defined as the set of samples that do not include the aspect to
forget, while the forget set includes all samples containing the
forget aspect. As forget aspects, we choose ‘health’ and ‘job
interview’ for MA-News and DialogSum-Topic, respectively.

c) Metrics: We evaluate the quality of the generated
summaries using the established ROUGE-1/2/L. (R1/2/L) F1-
scores [10], which measure the n-gram overlap between gen-
erated and ground-truth summaries (R1 for unigrams, R2
for bigrams, and RL for longest sequence matching). We
report metrics averaged across aspects and separately evaluate
ROUGE scores for the retain and forget sets [11]. Since we
want the generated summaries to be most similar to those in
the retain set and least similar to those in the forget set, higher
ROUGE scores are better for the retain set, and lower scores
are desirable for the forget set.

d) LLMs: We test the following open-source 3B LLMs:
Llama3.2 [12], Qwen2.5 [13], and Phi-4-mini [14], using the
instruction-tuned versions in full precision for all models.

e) Baselines: We compare the in-context unlearning
strategies described in Section III with two established MU
methods, namely Gradient Ascent (GA) [15] and Direct Pref-
erence Optimization (DPO) [16]. As discussed below, the
baseline MU approaches require ad hoc fine-tuning and model
unlearning phase, whereas the in-context unlearning methods
fully rely on pre-trained LLMs used in inference mode.

f) Experimental settings: For all few-shot unlearning
strategies, we provide the LLM with different numbers of
examples k = {1,2,3,5} selected from the training retain and
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Fig. 1: Summarization results on the MA-News (left-hand
side) and DialogSum-Topic (right-hand side) datasets for fine-
tuning and varying number of examples k. Test retain set.

forget splits. To ensure reproducibility, we set the temperature
to 0.0. For MU baselines, the model is first fine-tuned using
LoRA for 5 epochs and then undergoes unlearning using GA
or DPO for 300 steps or 1 epoch, respectively.

A. Comparison of summarization performance

Figure 1 shows the summarization performance for both
fine-tuning and few-shot learning settings with different values
of examples k in the traditional scenario (without unlearning).
Across both datasets, Phi performs best (i.e., 14.6 and 17.5 R1
on MA-News and DialogSum-Topic), followed by Qwen and
Llama. Performance generally improves with larger values of
k; however, in some cases (e.g., Qwen and Phi on the MA-
News dataset), the best result is achieved with no examples,
likely because the provided examples may bias the model’s
generation. Fine-tuned models perform significantly better
than few-shot learning (e.g., Phi 38.5 vs. 14.6 R1 on MA-
News), though at higher computational cost.

B. Comparison of summarization unlearning performance

Table II reports, for the MA-News dataset, the aspect
distribution of the examples provided in the four few-shot ICU
strategies tested. Since there are no significant differences in
distributions across different k values for a given strategy, we
report only the aspect characterization for £k = 5. Overall,
the aspect distribution in the examples generally follows that
of the dataset (see Table I). Note that in the RO and RFO
strategies, the forget aspect is not included in the provided
examples, whereas in the RFW and RFH strategies it is either
included with a warning message or, in some cases, removed
from the target summaries.

Figure 2 shows the performance on the MA-News dataset
separately for each ICU strategy on both the test retain and
test forget sets when varying the number of examples k. To
facilitate comparison with the zero-shot setting, the corre-
sponding results are reported for each strategy. Considering
the test retain results, performance does not always improve
with larger values of k. For example, in the RO strategy it
improves for both Qwen and Phi, while in the RFW and RFO
strategies it improves only for Qwen, and in the RFH strategy
for neither model. Overall, the best retain results are achieved
in the zero-shot setting. This may be due to the fact that,



TABLE I: MA-News and DialogSum-Topic dataset statistics. Average document and summary lengths (number of tokens).
dataset split most frequent aspects forget aspect | subset | # samples | # aspects | avg doc len | avg summ len | avg # aspects
training qurt (44%), travel (40%), retain 5572 5 986 + 456 55 +53 2.1+038
MA-News enterta'mment (38%), news (30%) health forg'et 2289 6 1023 £ 390 53 +51 21+£1.0
test entertainment (42%), sport (41%), retain 240 5 995 + 407 59 £ 54 2005
travel (37%), news (33%) forget 99 6 1002 + 383 54 + 47 2.1+£09
training casual talk (6%), job interview (6%), retain 3772 6657 550 + 595 35 +41 3.0+x24
DialogSum shopping (5%), phone call (2%) job forget 225 428 598 + 558 36 +£43 31+23
Topic test job interview (17%), order food (4%), interview retain 150 401 558 £ 612 29 £33 30+£25
shopping (3%), ask directions (3%) forget 30 50 399 + 370 26 + 18 29+12
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Fig. 2: Summarization unlearning results on the MA-News
dataset for different ICU strategies and varying number of
examples k. Test retain (left-hand side) and test forget (right-
hand side) sets.

TABLE II: Aspect distribution in few-shot examples for dif-
ferent ICU strategies (S). MA-News dataset.

S test retain test forget
RO sport (22%) - travel (22%) - entert. (21%) sport (23%) - travel (22%) - entert. (21%)
news (18%) - science (17%) news (17%) - science (17%)

sport (22%) - entert. (19%) - travel (18%) travel (22%) - sport (20%) - entert. (18%)

REW health (15%) - news (14%) - science (12%) | news (15%) - health (13%) - science (12%)

RFO sport (26%) - entert. (22%) travel (24%) - sport (23%) - entert. (21%)
travel (21%) - news (17%) - science (14%) news (18%) - science (14%)

RFH sport (23%) - entert. (20%) - travel (19%) travel (22%) - sport (21%) - entert. (19%)

news (15%) - science (13%) - health (10%) news (16%) - science (13%) - health (9%)

when the input documents do not contain the forget aspect, it
is sufficient to instruct the model not to generate a summary
for it. Instead, providing examples that may include it (e.g., in
the RFW and RFH strategies) could lead the model to produce
it in the output, potentially disregarding other salient aspects.

By analyzing the test forget performance, better (i.e., lower)
results are generally achieved when providing the model with
a few examples. Except for the RO strategy, where Qwen and
Phi performance slightly fluctuates, results tend to improve
with larger values of k. Notably, unlike test retain, the best
forget results are obtained for £ > 0. This suggests that, when
the forget aspect is included in the document to summarize, in
addition to instructing the model not to return a summary for
it, it is also beneficial to provide additional examples, which
improve the model’s capability to exclude the undesired aspect
from its output.

To facilitate comparison among different ICU methods,
Figure 3 displays, for each strategy, the results achieved with
the best-performing values of k£ on both the test retain and test
forget splits of the two datasets considered. As previously dis-
cussed, the best retain performance on the MA-News dataset is
obtained by the Qwen and Phi models in the zero-shot setting,
whereas few-shot examples improve results on the test forget
set. Specifically, the most effective ICU strategies are RFO for
Llama and Phi, and RFW for Qwen. In contrast, performance
on the DialogSum-Topic dataset exhibits the opposite trend
compared to MA-News. In particular, on the retain set, the
best results are achieved by all models using the RO strategy
(with k£ > 0), while on the forget set models perform best in
the zero-shot setting.

This different behavior may be explained by the dataset
characteristics. For retain performance, when the total number
of aspects in the dataset is limited (i.e., as in MA-News, which
contains only 6 aspects), better results are obtained when no
examples are provided, since the model may otherwise be
biased toward certain aspects. On the other hand, examples
are beneficial for forget performance to explicitly guide the
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Fig. 3: Summarization unlearning results on the MA-News
(top) and DialogSum-Topic (bottom) datasets for MU base-
lines and different ICU strategies (the best result for each
strategy is shown). Test retain (left-hand side) and test forget
(right-hand side) sets.

model in handling documents containing the forget aspects.
Conversely, when the aspect distribution is highly fragmented,
with a substantially larger number of aspects in the dataset
(i.e., as in DialogSum-Topic, which contains more than 6k
aspects), additional examples improve retain performance by
enhancing the model’s generalizability. However, as the forget
aspect is poorly represented in this case, examples may not
improve forget performance and could even degrade it by
introducing bias into the model’s generation. Therefore, when
selecting an ICU strategy, it is important to take into account
the specific characteristics of the dataset under analysis.

Overall, the model that shows the best forget performance
is Llama; however, it also achieves the lowest results on the
retain split. Conversely, both Qwen and Phi exhibit the best
trade-off between retain and forget performance. Considering
the MU baseline results, GA yields strong performance on the
test forget set (e.g., Phi 1.8 R1 on MA-News); however, it also
shows significantly low scores on the retain set. In contrast,
DPO achieves substantially higher retain results (e.g., Phi 38.4
vs. 12.8 R1 in zero-shot on MA-News) and strong forget
performance across both datasets. It is worth noting that the
higher retain and forget results are also likely due to the closer
adherence of model outputs to the format of the reference
summaries. In general, DPO significantly outperforms both the
zero-shot and few-shot ICU strategies considered, although it

TABLE III: Detailed recall performance of the best- and worst-
performing aspects and number of occurrences of the forget
aspect on the MA-News dataset for MU baselines (best results
in italic) and different ICU strategies (best results in bold).

model | method | test retain | test forget
‘ ‘ best ‘ worst best worst [ b
(travel) | (science) | (science) | (sport)
GA 0.048 0.090 0.000 0.241 3
DPO 0.943 0.940 0.923 0.966 45
Llama ZSL 0.162 0.030 0.231 0.138 52
32 FSL-RO 0.209 0.030 0.154 0.138 47
: FSL-RFW 0.333 0.060 0.154 0.103 45
FSL-RFO 0.314 0.060 0.154 0.103 42
FSL-RFH 0.343 0.179 0.462 0.138 43
‘ ‘ best ‘ worst ‘ best ‘ worst ‘ health
(travel) (news) (travel) (sport)
GA 0.543 0.560 0.684 0.862 14
DPO 0.924 0.824 0.895 0.966 4
Qwen ZSL 0.162 0.011 0.263 0.000 44
25 FSL-RO 0.362 0.121 0.368 0.276 44
: FSL-RFW 0.390 0.132 0.368 0.172 39
FSL-RFO 0.381 0.099 0.316 0.138 42
FSL-RFH 0.400 0.088 0.316 0.172 45
‘ ‘ best ‘ worst ‘ best worst ‘ health
(travel) (news) (entert.) (news)
GA 0.619 0.429 0.276 0.600 7
DPO 0.781 0.593 0.931 0.900 6
Phi-4 ZSL 0.162 0.011 0.000 0.000 28
mini FSL-RO 0.343 0.132 0.310 0.200 46
FSL-RFW 0.352 0.099 0.310 0.300 40
FSL-RFO 0.381 0.132 0.379 0.300 40
FSL-RFH 0.381 0.110 0.379 0.350 43

is more computationally expensive.

Finally, Table III reports the detailed recall performance of
the best- and worst-performing aspects on MA-News, sepa-
rately for each model and unlearning method on both the retain
and forget splits. For each model, the best and worst aspects
are determined based on the average performance across the
zero-shot and ICU strategies considered. On the retain split,
the aspect where all three models achieve the best performance
is ‘travel’, with Qwen obtaining the highest score. The most
challenging retain aspect is ‘science’ for Llama and ‘news’ for
Qwen and Phi. On the forget split, the best-performing aspect
differs across models (i.e., ‘science’, ‘travel’, and ‘entertain-
ment’ for Llama, Qwen, and Phi, respectively), with each
model achieving higher results under different ICU strategies.
The most challenging forget aspect is ‘sport’ for Llama and
Qwen, and ‘news’ for Phi.

We also report the number of occurrences of the ‘health’
forget aspect in the generated summaries, which should be
minimized. Except for Phi, which exhibits the best overall
performance in the zero-shot setting (i.e., 28 occurrences),
Qwen and Llama achieve their best results using the RFW
and RFO strategies, respectively. This further highlights the
beneficial effect of few-shot examples particularly on forget
performance. Analyzing the MU baseline results, both GA
(with only a few exceptions) and DPO achieve significantly
higher scores compared to the zero-shot and ICU strategies
across all best- and worst-performing aspects (e.g., Qwen
0.924 vs. 0.400 using the RFH strategy for ‘travel’ on test
retain). Except for Llama with DPO, the baselines also yield



the best performance on the forget aspect, resulting in the
lowest numbers of occurrences (e.g., Phi 7 with GA and 6
with DPO).

C. Comparison of computational costs

Although MU baselines perform significantly better than
the zero-shot and few-shot ICU strategies, they require a
larger amount of resources. Before being deployed at inference
time, they involve both an initial fine-tuning stage and the
subsequent unlearning phase. Considering as an example the
Phi model with the DPO approach, when analyzing only
inference times, few-shot strategies with k = 5 are three
times slower than the MU baselines. However, when fine-
tuning and unlearning times are also taken into account, ICU
strategies are nearly ten times faster than DPO. In terms of
memory utilization, while few-shot strategies are slightly more
expensive at inference time due to the inclusion of additional
examples in the prompt, they do not require extra memory
during training. Overall, ICU approaches are therefore about
1.5 times less memory-demanding than MU baselines. To
summarize, although ICU strategies achieve worse retain and
forget performance compared to more advanced and computa-
tionally expensive MU baselines, they represent a lightweight
alternative in resource-constrained settings.

V. CONCLUSIONS AND FUTURE WORKS

This paper investigated the performance of In-Context Un-
learning (ICU) approaches for text summarization, comparing
them against classical Machine Unlearning (MU) methods on
two benchmark datasets. ICU demonstrates greater flexibility
and adaptability than MU, which requires ad hoc training
and fine-tuning. ICU performance on text summarization is
worse than that of state-of-the-art approaches (e.g., DPO) and
comparable to baseline MU techniques (e.g., GA). In terms
of complexity, ICU achieved a 10x speed-up in computational
time and a 1.5x reduction in memory usage.

As future work, we plan to design and evaluate new ICU
prompting strategies tailored to larger LLMs and new sum-
marization tasks (e.g., temporal summarization [17], dialogue
summarization [18]), as well as to explore their use for content
moderation by forgetting undesired style attributes [19].
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