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Malostranské náměstí 25, 118 00 Prague

Czech Republic
bronec@ufal.mff.cuni.cz
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Abstract

As large language models (LLM) trained on
massive corpora scraped from the web ex-
hibit the capability to reproduce sensitive and
copyright-protected data, the field of machine
unlearning has emerged to address the arising
ethical and legal concerns. While previous
research has provided a unified evaluation of
LLM unlearning methods, this unification re-
mains constrained to English-only models and
datasets. We aim to address the prevailing frag-
mentation in recent cross-lingual unlearning
research by extending existing unified bench-
marks with multilingual data. To that end, we
plan to compile a dataset of parallel transla-
tions of question-answer pairs consisting of
real-world facts and synthetic personally identi-
fiable information. Moreover, we will focus on
mitigating model degradation during unlearn-
ing by selectively editing only those layers that
contain the given knowledge.

1 Introduction

Transformer-based large language models (LLM;
Vaswani et al., 2017) have been widely adopted
in many natural language processing tasks thanks
to their deep understanding of semantic structure.
To acquire such understanding, training LLMs re-
quires a massive amount of natural language data,
which is often scraped from internet forums and
other openly accessible sources. The sheer vol-
ume of training data rules out manual curation, and
so maintainers of open training datasets, such as
HPLT (Burchell et al., 2025) or Dolma (Soldaini
et al., 2024), often rely on heuristic approaches to
filter out unwanted content. Moreover, many pro-
prietary and open-weight models have been trained
on data that has not been publicly released (Tou-
vron et al., 2023; Grattafiori et al., 2024), making
it nearly impossible to publicly scrutinize the mod-
els’ exposure to copyrighted, harmful, or otherwise
unwanted content. This has raised both ethical and

legal issues, as LLMs are prone to memorizing and
recalling portions of their training data (Lee et al.,
2022; Eldan and Russinovich, 2023).

Many production and open-weight models have
been shown to regurgitate word-for-word not only
copyright-protected creative content (Cooper et al.,
2025; Ahmed et al., 2026), but also sensitive per-
sonally identifiable information (PII) (Carlini et al.,
2021), which includes social security numbers,
phone numbers, and people’s locations. The former
breaks the rules of fair use, as word-for-word copy-
ing of protected works is not considered transfor-
mative. This has led to numerous lawsuits against
generative AI companies for training their mod-
els on datasets such as the Pile (Gao et al., 2020),
which contains copyright-protected works.

The latter not only violates Differential Privacy
(Dwork, 2006), but also conflicts with regulations
such as the EU’s General Data Protection Regula-
tion (GDPR) and the California Consumer Privacy
Act (CCPA). As per the “right to be forgotten”,
maintainers of these models may be obliged to re-
move this PII from their models, since it is often
learned from web-scraped content without the con-
sent of the individuals it corresponds to.

While removing this information from the train-
ing sets when it is found and retraining the mod-
els from scratch on the sanitized dataset might
seem like a straightforward solution, retraining
these large models on each data removal request
is cost-prohibitive. The field of machine unlearn-
ing (Nguyen et al., 2024) aims to address the re-
moval of such information by modifying models
post-training. The goal of machine unlearning is to
remove the model’s knowledge of selected samples
without significantly affecting its utility or fluency.
Further problem definitions address various real-
world scenarios. For example, continual unlearning
(Gao et al., 2025) expects unlearning requests to
emerge continuously and must be addressed each
time.
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Although knowledge unlearning from LLMs has
recently attracted considerable research, it faces
several unresolved issues. Most importantly, de-
spite many attempts, all state-of-the-art unlearning
methods that sufficiently remove undesired knowl-
edge also significantly degrade the models’ flu-
ency and utility. (Dorna et al., 2025; Ramakrishna
et al., 2025b). Secondly, despite attempts to unify
unlearning research (Dorna et al., 2025), we still
observe strong fragmentation in the cross-lingual
unlearning field. As different works utilize differ-
ent datasets and metrics, comparing them remains
difficult.

Thesis objectives. Our main objective is to im-
prove upon existing unlearning methods and to
mitigate model degradation under many unlearn-
ing requests. We ask the following question: “Can
we improve the stability of LLM unlearning meth-
ods by localizing different kinds of knowledge and
modifying only selected parts of the model?”

Furthermore, while there have been recent leaps
in standardizing the benchmarking of unlearning
methods and metrics (Dorna et al., 2025), the fo-
cus has been on English-only datasets and models.
We aspire to further expand this standardization to
cross-lingual unlearning.

Thesis structure. We dedicate the first part of
the thesis, described in Section 2, to exploring tar-
geted knowledge removal techniques. We will use
interpretability techniques to identify model layers
that are critical for conveying different kinds of
knowledge. With a better understanding of where
each type of information is stored, we will target
specific layers for knowledge removal. Our goal is
to mitigate the loss of model utility and increase
the unlearning robustness to paraphrased prompts.

In the second part of the thesis, described in Sec-
tion 3, we will focus on unifying the multilingual
unlearning research, evaluating current state-of-the-
art methods on unified benchmarks. To reinforce
our comparisons and facilitate further research, we
plan to compile a new dataset for cross-lingual un-
learning, extending the research to a broader set of
languages. We will generate this dataset of parallel
translations automatically from public sources and
by synthesising fictitious PII. Some of our target
languages may require machine translation tools.
In that case, we will ensure the quality of these
automatic translations by having human annotators
review them.

Applications. Complete retraining of LLMs on
cleaned data will likely always be necessary to
preserve the models’ utility and ensure provable
removal of unwanted knowledge. Despite that,
machine unlearning has the potential to alleviate
a substantial portion of the model maintenance
cost by lowering the required frequency of retrain-
ing runs. A sufficiently stable unlearning method
would allow granular knowledge removal updates
to an existing model before the accumulation of re-
moval requests warrants a full retraining. Moreover,
the presence of sensitive information within pre-
trained models concerns not only the maintainers
of systems such as chatbots or machine translation
engines. A lot of research is done using openly
accessible, pre-trained, open-weight models from
repositories such as Hugging Face. However, many
of these models were not trained on open datasets,
as is the case, for example, with the Llama family
of models (Touvron et al., 2023; Grattafiori et al.,
2024). Because the training sets of these models
cannot be publicly scrutinized for the presence of
sensitive information, applications that use them
may be susceptible to leaking it. In such cases, it
is key to evaluate and reduce the presence of such
data within the models.

2 Targeted Unlearning

2.1 SoTA Unlearning Methods

LLM unlearning has recently seen a surge of re-
search, with many proposed unlearning methods.
The majority of those methods are based on Gradi-
ent Ascent (GA; Jang et al., 2023), which involves
standard fine-tuning of the entire model against
tailored loss functions, aiming to suppress unde-
sirable outputs. Examples of these are Negative
Preference Optimization (NPO; Zhang et al., 2024),
Simplified Negative Preference Optimization (Sim-
NPO; Fan et al., 2025), or Unlearning via Self-
Distillation with Adjusted Logits (UNDIAL; Dong
et al., 2025). Instead of adapting the entire model,
methods, such as Representation Misdirection for
Unlearning (RMU; Li et al., 2024), attempt to dis-
rupt the hidden representations of selected layers,
which should correspond to undesired associations.

Despite numerous attempts to mitigate model
degradation (Wang et al., 2025; Zhang et al., 2024;
Fan et al., 2025), every currently available method
that unlearns a measurable portion of requests also
significantly degrades the model’s utility (Ramakr-
ishna et al., 2025b; Dorna et al., 2025). The degra-
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dation issue is further highlighted in the continual
unlearning scenario (Gao et al., 2025), where we
expect unlearning requests arriving over time and
need to continually remove them.

2.2 Stability Through Targeted Removal
Many of the aforementioned state-of-the-art LLM
unlearning methods treat the model as a black-box,
disregarding its underlying architecture and actual
location of the specific knowledge. However, rea-
soning explainability techniques, such as mechanis-
tic interpretability (Elhage et al., 2021) and causal
mediation analysis (Meng et al., 2022), shed light
on the models’ inner workings. Mechanistic inter-
pretability attempts to reverse-engineer the behav-
ior of a transformer model by identifying "circuits"
that correspond to actions it performs, such as copy-
ing a token from the input. Causal mediation anal-
ysis identifies critical layers within a model that
mediate the recall of factual associations.

We take inspiration from the locate-then-edit ap-
proaches used by knowledge editing methods, such
as Rank-One Model Editing (ROME; Meng et al.,
2022) and Mass-Editing Memory in a Transformer
(MEMIT; Meng et al., 2023). Meng et al. (2022)
utilize causal mediation analysis to argue that cer-
tain factual associations can be attributed to a se-
lected subset of feed-forward matrices within the
larger model. We hypothesize that targeting these
layers for knowledge removal updates should leave
the model’s overall behavior unaffected and help
mitigate the deterioration of its utility. The RMU
unlearning technique explores a similar idea by
finetuning selected layers at specific tokens to pro-
duce noisy embeddings, thus disrupting unwanted
associations.

Another feasible approach could involve apply-
ing knowledge editing methods to knowledge un-
learning directly. Implementing this, however, is
not trivial, as knowledge editing relies on specially
annotated datasets. Methods like MEMIT com-
pute the parameter edit for a chosen token within a
longer context, corresponding to a subject. The con-
text generally represents a relationship between the
subject and another object. For example: “Michael
Jordan plays basketball.” The goal is then to change
the model’s association of the subject with a new
object, like “football.” Unlearning datasets, on
the other hand, generally consist of unstructured
input-output pairs without subject/object annota-
tions (Maini et al., 2024; Shi et al., 2024; Li et al.,
2024; Ramakrishna et al., 2025a).

Recent knowledge editing methods, such as
AnyEdit (Jiang et al., 2025) and UnKE (Deng
et al., 2025), focus on editing long-form, unstruc-
tured knowledge and have achieved promising re-
sults. Nonetheless, these methods still require re-
placement phrases for a given prompt. Li et al.
(2025) circumvent this by providing a variety of “I
don’t know” phrases as the replacement output for
ROME, MEMIT, GRACE (Hartvigsen et al., 2023),
WISE (Wang et al., 2024), and AlphaEdit (Fang
et al., 2025) editing methods.

It is a matter of discussion, as well as a concrete
problem definition, whether forcing the model to
respond with “I don’t know” phrases to prompts
about a specific person’s PII solves the issue. In
order to refuse an answer, knowledge of that per-
son still has to be present in the model. Besides
technically not resolving the issue of differential
privacy, such overfit responses may open the door
to membership inference attacks (MIA; Duan et al.,
2024). MIAs are especially a problem for open-
weight models, for which it is possible to infer
which logits have been suppressed.

There are also alternative approaches, such as
external model output content filtering safeguards,
used for example in chat services by OpenAI
(Markov et al., 2023) and DeepSeek (Guo et al.,
2025). Besides being vulnerable to a variety of
jailbreak attacks (Zhang et al., 2025a; Chu et al.,
2025), these approaches also cannot offer pro-
tection against knowledge extraction from open-
weight models.

2.3 Proposed Approach
A commonly used problem definition of knowledge
unlearning that also satisfies differential privacy
goes as follows. Assume a pre-training dataset
D = Dr ⊔ Df consisting of general knowledge
Dr and unwanted knowledge Df . We are given a
model πθ(y|x) which was pre-trained on the en-
tire dataset D, and our goal is to find parameters
θ′, such that πθ′(y|x) is consistent with a model
trained purely on the dataset Dr. Finetuning-based
unlearning methods tend to be better aligned with
this goal, as their loss functions incentivize the
model to suppress unwanted outputs, increasing the
likelihood of generic, uninformed answers. We pro-
pose combining current state-of-the-art knowledge
editing methods with state-of-the-art finetuning-
based knowledge unlearning methods.

Consider some context sequence x of n tokens
x1, x2, . . . , xn, for which a given model πθ gener-
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ates an output sequence y. In general, knowledge
editing methods treat a layer, or a selection of lay-
ers, as an associative memory, where for an input
key vector k, the associative memory produces an
output value vector v. The key vector ki for each
token xi corresponds to the hidden state computed
from the layers preceding the associative memory.
Likewise, the value vector vi is the hidden state
computed by layers within the associative memory.

The goal of knowledge unlearning methods is to
update the parameters of this associative memory
in such a way that the updated model πθ′ generates
a preferred output sequence y′ corresponding to a
new factual association.

Both structured and unstructured knowledge edit-
ing methods generally choose a single context to-
ken xi for the associative memory update. For
structured knowledge editing methods, the chosen
token xi typically corresponds to the subject within
the context sentence. Unstructured knowledge edit-
ing methods often use the last token of the context.

Instead of fine-tuning the associative memory
parameters, methods like ROME, MEMIT, and Al-
phaEdit first compute the new value vector v∗i that
the memory should produce for the key vector of
token xi in order for the model to produce the pre-
ferred output y′. The new value vector v∗i is thus
chosen through gradient descent such that it mini-
mizes the negative log-likelihood (NLL) of the new
fact y′ being generated:

v∗i = argmin
vi

− log πθ(y
′|x, hli := vi) (1)

where the hidden state hli for token xi computed by
the last layer l of the associative memory is being
set to vi before proceeding to the next layers. The
methods then use v∗i to directly apply an update to
the associative memory, but they differ in how the
update is performed.

Rather than optimizing the NLL loss, we can
look for a value vector v∗i that best suppresses the
unwanted output y, eliminating the need for a re-
placement phrase. For example, we should be able
to find v∗i by optimizing for the NPO unlearning
loss, assuming sufficient regularizations are applied
as well:

v∗i = argmin
vi

LNPO(vi) (2)

LNPO(vi) =
2

β
log

(
1 +

(
πθ(y

′|x, hli := vi)

πθ(y′|x)

)β
)

(3)

where β is a regularization hyper-parameter.
We expect that while unstructured editing meth-

ods like UnKE or AnyEdit will be useful for un-
learning unstructured knowledge, we will need to
take further measures to mitigate the utility degra-
dation incurred by the edits. Experimenting with
different unlearning losses, improving editing per-
formance across different kinds of knowledge by
targeting different parts of the model, and explor-
ing similar approaches will constitute a substantial
part of our work.

Li et al. (2026) explore a similar approach by
targeting a single language-agnostic layer identi-
fied through Centered Kernel Alignment (Kornblith
et al., 2019), and Linguistic Regions Development
Score (Zeng et al., 2025). On this layer, they apply
finetuning-based unlearning using RMU, SimNPO,
and SLUG (Cai et al., 2024).

Nevertheless, fine-tuning for refusal responses
may still be appropriate, for example, to mitigate
the spread of hazardous knowledge, such as the
creation of biological weapons or illegal drugs (Li
et al., 2024). This knowledge can be inferred by
the models, even when it is not directly present
in the data, through the extrapolation of general
and expert knowledge in fields such as biology
and chemistry. Suppressing general knowledge of
these fields would undermine the model’s utility
for legitimate uses as well. Rather, in this case, the
model should be aware when to refuse an answer.

3 Multilingual Evaluation

Evaluating unlearning is a nuanced task involving
knowledge, privacy risks, and utility desiderata.
As such, it poses a major challenge in the field.
Several benchmarks, such as TOFU (Maini et al.,
2024), MUSE (Shi et al., 2024), WMDP (Li et al.,
2024), and LUME (Ramakrishna et al., 2025a),
have been proposed. Each comes with its own
datasets, ranging from real and synthetic biogra-
phies containing PII, long-form creative documents,
to multiple-choice questions involving hazardous
knowledge.

However, each also comes with a different set of
evaluation metrics, with no consensus on the best
evaluation setup. This has fragmented the LLM un-
learning research and made it difficult to compare
the efficacy of different unlearning methods. Fur-
thermore, many existing evaluation metrics have
amassed considerable criticism, questioning their
usefulness (Kim et al., 2025; Lynch et al., 2024;
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Zhang et al., 2025b).
More recently, Dorna et al. (2025) used their

OpenUnlearning framework to conduct a meta-
analysis of commonly used unlearning evaluation
metrics. They identified a set of metrics with rea-
sonable efficacy and robustness. While those met-
rics still show room for improvement, we will be
able to utilize their framework to ensure a sound
comparison of our methods against competing
works. We will also use this framework to test
the soundness of future metrics.

While OpenUnlearning is a major step towards
standardized unlearning evaluation, its work has so
far been limited to English-only benchmarks. We
are particularly interested in cross-lingual knowl-
edge unlearning, an area where current research
remains highly fragmented, especially due to the
lack of standardized datasets.

Choi et al. (2024), for example, made use of
the FLORES-200 dataset (Team et al., 2022) con-
sisting of parallel translations of web articles, and
BMLAMA53 (Qi et al., 2023) consisting of fac-
tual knowledge questions with single-word an-
swers translated to different languages. Using
these datasets, they evaluate cross-lingual unlearn-
ing with a regularized version of GradDiff (Liu
et al., 2022) and negative task vector editing (Il-
harco et al., 2023). Li et al. (2026) use MMMLU
(OpenAI), which is a multilingual extension of the
MMLU dataset (Hendrycks et al., 2021), focusing
on multiple-choice factual questions across diverse
fields. None of these datasets, however, focuses
on PII data. More recently, Farashah et al. (2026)
used the Google Translate API to translate the un-
learning dataset TOFU (Maini et al., 2024) into
nine other languages, and used it together with the
SeeGULL dataset (Bhutani et al., 2024) to evaluate
GradDiff and NPO.

Nevertheless, we plan to unite recent research,
evaluating a wider range of unlearning methods on
the same multilingual datasets for a clear compar-
ison. Furthermore, we plan to build a new multi-
lingual knowledge-unlearning dataset, specifically
curated for cross-lingual unlearning, combining
real-world knowledge with synthetic data and span-
ning a wider range of European languages.

Initially, we will focus on a limited set of Euro-
pean languages, for which we can ensure high-
quality annotation through our academic peers.
This set will include, but will not be limited to,
Czech, Slovak, Norwegian, and Greek languages.
This initial set will help us analyze the effect of

language similarity on cross-lingual unlearning by
including a mutually understandable language pair
as well as a language written in a separate script.
Following this initial analysis, we will aim to fur-
ther extend our datasets to a wider set of diverse
languages and scripts. For the initial analysis, we
will be able to acquire annotations for a dataset
of 1000 samples per language while ensuring fair
compensation for our annotators.

To facilitate this, we will use open sources, such
as Wikimedia data, to create a real-world, factual
knowledge dataset of parallel translations and para-
phrases. This part of the dataset shall be used for
evaluating pre-training knowledge and its removal.
For the second part of the dataset, we will focus on
generating synthetic PII data, consisting of input-
output pairs in different forms translated into a
range of languages. Alternatively, we can also
continue the work of Farashah et al. (2026) by ex-
tending their set of TOFU translations. For both
parts, we will conduct quality evaluations through
human annotation to ensure accurate translation.

Since the latter part will require fine-tuning mod-
els first, before attempting their unlearning, we
will build a cross-lingual unlearning benchmark,
focusing on state-of-the-art multi-lingual language
models, such as Apertus (Apertus et al., 2025), Eu-
roLLM (Martins et al., 2025), OpenEuroLLM,1 and
Aya Expanse (Dang et al., 2024). We plan to re-
lease all fine-tuned models for reproducibility and
further research, and integrate our work into the
OpenUnlearning framework.

4 Conclusion

In this research proposal, we have discussed the
unsatisfactory reliability and robustness of current
knowledge unlearning methods for large language
models. As these methods degrade the fluency and
utility of these models, we focus on developing
more robust methods. We draw on the knowledge
editing paradigm and propose targeting selected
parts of the model, identified using interpretabil-
ity techniques, as critical for conveying the given
knowledge. By augmenting unlearning techniques
with targeted editing, we hope to increase the utility
of unlearned models and their robustness against
paraphrased prompts and those in different lan-
guages.

Since the current cross-lingual research is diffi-
cult to compare because each uses a different set

1https://openeurollm.eu/
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of datasets and evaluations, we plan to unify cur-
rent research by evaluating unlearning methods in a
unified cross-lingual benchmark on state-of-the-art
multilingual language models. For that purpose,
we propose compiling a new unlearning dataset
composed of human-validated parallel translations
of both real-world facts and synthetic personally
identifiable information.

We hope our work will improve the comparison
of existing unlearning methods in the cross-lingual
setting and open the door to further research.

Limitations

Our upcoming work is subject to risks imposed by
the complexity of the task. First, since we aim to
utilize a targeted approach for the removal of differ-
ent kinds of factual knowledge from the model, we
rely on the efficacy of interpretability techniques
such as causal mediation analysis to localize lay-
ers representing the given knowledge. Previous
works have shown such methods to be reasonably
effective at localizing layers critical to conveying
short-form factual associations. However, these
methods may not generalize across model archi-
tectures and different kinds of learned information,
such as implicit facts and long-form memorized
sequences.

Furthermore, our multi-lingual extension to the
unlearning benchmarks will initially focus on a
limited set of mostly mid-resource European lan-
guages. This focus may limit the generalizability of
our findings to low-resource, non-Indo-European,
and non-Latin-script languages.

Lastly, the quality of the synthetic component
of our dataset depends on the realism of the gen-
erated data and the rigorousness of the annotators.
Synthetically constructed entities, associations, and
facts may not fully capture the diversity and context
of real-world PII, possibly leading to misleadingly
optimistic unlearning evaluations. As the field has
not yet converged on universally accepted metrics
and indicators, our evaluations remain subject to
the limitations of existing benchmarks.
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