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or otherwise undesirable training content,
creating privacy, safety, and regulatory con-
cerns. Machine unlearning offers a practical
alternative to full retraining, but many existing
methods apply broad or fixed parameter
updates that can degrade utility and remain
brittle under deployment changes such as
post-training quantization, where forgotten
knowledge may partially re-emerge. We
propose Forgetting Only What Matters via
Unlearning Layers (FOM-UL), a layer-level
unlearning framework that selects transformer
layers using a forget-to-retain significance
score. This score identifies layers with high
influence on the forget set and low sensitivity
to the retain set, allowing FOM-UL to concen-
trate updates where they are most effective
while leaving most of the model unchanged.
This targeted update strategy improves the
forgetting-utility trade-off and provides an
empirical path toward quantization-resilient
unlearning by reducing the chance that small,
diffuse updates are erased by low-bit rounding.
Across TOFU, KnowUnDo, and MUSE-style
evaluations, FOM-UL reduces residual memo-
rization compared with strong baselines while
preserving retain-set utility close to the vanilla
model. Under 8-bit and 4-bit post-training
quantization, FOM-UL maintains a favorable
forgetting-utility trade-off, combining competi-
tive memorization suppression with stronger
retained utility. Overall, FOM-UL provides
an efficient unlearning strategy that improves
targeted forgetting, utility preservation, and
deployment robustness without claiming
formal guarantees of erasure.

Code available at:
https://github.com/raviranjan-ai/FOMUL-
AACL-2026.
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Figure 1: FOM-UL robust and quantization-resilient
forgetting against global and partial unlearning methods.

1 Introduction
Large Language Models (LLMs) have transformed
natural language processing, delivering strong per-
formance across diverse tasks and domains (Zhao
et al., 2023). Yet, as these models scale and are
deployed widely, an increasingly visible failure
mode is their tendency to memorize and reproduce
fragments of training data, including sensitive per-
sonal information, copyrighted text, or otherwise
undesirable content (Zhao et al., 2023; Wang et al.,
2025a). Such memorization creates legal, ethical,
and security risks, especially in high-stakes settings
where accidental disclosure of protected content is
unacceptable. These concerns are further amplified
by regulatory requirements such as the General
Data Protection Regulation (GDPR) “right to be
forgotten” (Council et al., 2022), which demands
mechanisms to remove specific data upon request.
Machine unlearning for LLMs has therefore
emerged as a practical alternative to full retrain-
ing: the goal is to remove targeted knowledge or
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behaviors from a trained model while preserving its
overall capabilities. However, existing unlearning
pipelines face major obstacles. Retraining is often
prohibitively expensive at LLM scale (Jang et al.,
2022), and frequent unlearning requests in real-
world deployments further stress the need for effi-
cient, deployable solutions. Beyond cost, the high
dimensionality and tightly coupled representations
of modern transformer architectures make targeted
knowledge removal inherently difficult: even seem-
ingly localized edits can be propagated broadly,
causing utility degradation or catastrophic forget-
ting (Zhang et al., 2024a). These challenges have
motivated a rapidly growing literature on LLM un-
learning across widely used architectures such as
GPT-2, LLaMA, and Gemma (Geng et al., 2025;
Yao et al., 2024a).

A central issue is that many unlearning methods
still rely on global or otherwise indiscriminate pa-
rameter updates, which can be brittle and imprecise.
Figure 1 contrasts this paradigm with our proposed
approach: rather than updating large portions of
the model, Forgetting Only What Matters via
Unlearning Layers (FOM-UL) selectively modi-
fies only those transformer layers most responsible
(high forget-to-retain ratio) for encoding the unde-
sired knowledge. This targeted intervention aims to
improve approximate forgetting while preserving
retain-set utility and minimizing collateral damage.
Targeted unlearning differs from general-purpose
model editing by focusing on the selective removal
of specific facts, documents, or behaviors, enabling
an LLM to “forget” designated content without re-
training from scratch. Importantly, unlearning is
not standard fine-tuning in reverse: whereas fine-
tuning typically reinforces desired behavior via pos-
itive examples, unlearning must suppress undesired
behavior.

A range of approaches have been proposed to
realize this objective (Geng et al., 2025). In par-
ticular, preference-optimization (PO) and gradient-
ascent (GA) style methods are widely adopted due
to their simplicity and effectiveness (Liu et al.,
2024a). PO-based methods cast unlearning as an
alignment problem in which the model is steered to
prefer alternative responses using preference pairs.
Complementary directions, including relabeling,
adapter/LoRA-based updates, quantization-based
techniques (Zhang et al., 2024c), and reinforce-
ment learning (Lu et al., 2022)-provide additional
tools, but PO and GA remain central to scalable
unlearning.

Gradient Ascent (GA) is a common unlearning
strategy that increases the loss on memorized
responses to reduce confidence in targeted out-
puts (Yao et al., 2024b). However, GA typically
applies broad model-wide updates, which can leave
residual memorization and harm unrelated capa-
bilities (Yao et al., 2024a), and it is often brit-
tle under post-training quantization, where dis-
cretizations may partially restore suppressed be-
haviors. Although retain-set regularization (Liu
et al., 2024a) and KL-divergence constraints to the
original model (Yao et al., 2024a) help preserve
utility, they do not fully eliminate the side effects
of indiscriminate updates. Motivated by recent
evidence of quantization-induced failure modes in
unlearning (Zhang et al., 2024b), we instead pursue
a layer-selective strategy that concentrates updates
where they matter most, improving precision and
robustness against quantization-driven recovery.

FOM-UL is a targeted and efficient unlearning
framework that mitigates catastrophic forgetting,
quantization-induced relearning, and the ineffi-
ciency of global parameter updates. Our primary
contributions are:

(i) Layer-level forget-retain localization. We
introduce a layer-selection criterion based on the
ratio between forget-set gradient magnitude and
retain-set gradient magnitude. This identifies lay-
ers that offer high forgetting leverage with compar-
atively low retain-set interference.

(ii) Iterative layer-budget expansion. Rather
than updating a fixed region or the full model,
FOM-UL starts from a small high-score layer set
and expands it only when forgetting criteria are
unmet, improving the trade-off between erasure
strength and utility preservation.

(iii) Efficient selective optimization. By re-
stricting updates to a small number of selected lay-
ers, FOM-UL reduces trainable parameters, mem-
ory use, and runtime while remaining compatible
with standard GA, NPO, and KLD-style unlearning
losses.

(iv) Empirical quantization-robustness anal-
ysis. Motivated by quantization-induced recovery,
we test FOM-UL under 8-bit and 4-bit post-training
quantization and show that concentrated layer up-
dates reduce residual memorization compared with
global or fixed-selection baselines.
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2 Preliminary and Related Work
Machine unlearning in Large Language Mod-
els (LLMs) involves selectively removing specific
learned knowledge without significantly degrading
overall model performance (Geng et al., 2025; Liu
et al., 2025a; Jang et al., 2022; Huang et al., 2024).
Formally, given a model fy parameterized by ¢ and
a dataset Dryreer representing undesirable knowl-
edge, the parameter updates of machine unlearning
can be expressed as:

9/ =0+ nv9£forget(07 Dforget); (1)

where 7) is the learning rate and Lgore is typically
a loss function defined on the forget set, often op-
timized via gradient ascent (GA) (Bourtoule et al.,
2021; Golatkar et al., 2020).

Recent advances in LLLM unlearning have es-
tablished several effective approaches to remove
specific knowledge or capabilities from trained
models. Parameter-based methods modify model
weights directly through techniques, like gradient
ascent (Jang et al., 2022) or localized weight edit-
ing (Ilharco et al., 2022). Global unlearning up-
dates the full parameter space of an LLM, which
can aggressively suppress targeted behavior but of-
ten propagates changes widely, leading to broader
utility degradation and higher computational cost
(Wuerkaixi et al., 2025). In contrast, partial un-
learning restricts updates to a subset of components
(e.g., layers, modules, or adapters) to limit collat-
eral damage and improve efficiency (Wang et al.,
2025b), yet it can suffer from incomplete forgetting
when the targeted knowledge is distributed across
multiple parts of the network (Yao et al., 2024a).

Knowledge-boundary methods create negative
examples to teach models to avoid certain re-
sponses (Li et al., 2025; Liu et al., 2024b). Con-
trastive unlearning pairs forgetting targets with sim-
ilar but acceptable content to refine decision bound-
aries (Chen and Yang, 2023). Dataset-filtering ap-
proaches reconstruct training data while exclud-
ing unwanted information (Zhao et al., 2025).
Optimization-based methods, like Influence Tun-
ing, use importance scores to identify and mod-
ify critical parameters (Xu et al., 2024). Direct
Preference Optimization (DPO) is a prominent ex-
ample that assigns higher preference to neutral or
refusal outputs than to the original memorized re-
sponses (Rafailov et al., 2023). Negative Prefer-
ence Optimization (NPO) further streamlines this
process by relying only on negative forget sam-
ples (Zhang et al., 2024a). These approaches vary

in their effectiveness, computational requirements,
and ability to preserve model performance on unre-
lated tasks.

However, many unlearning methods remain vul-
nerable to quantization-induced relearning, where
low-bit quantization can effectively erase small un-
learning updates and restore behavior close to the
original model. Post-training quantization is widely
used to reduce the computational and storage over-
head of LLMs by mapping full-precision param-
eters to low-bit representations (Gholami et al.,
2022; Lin et al., 2024). Recent quantization meth-
ods include 8-bit and 4-bit techniques, significantly
enhancing inference efficiency while preserving
acceptable accuracy levels (Dettmers et al., 2022).
Nevertheless, quantization can adversely affect ma-
chine unlearning performance, potentially exac-
erbating the issue of catastrophic forgetting (Luo
et al., 2023; Ranjan et al., 2026).

Formally, let 6 be the original parameters and
' the post-unlearning parameters, and let Q(-) de-
note post-training rounding quantization (element-
wise or per-group). For step size A; on coordinate
(group) j, we have

Qa,(w) =4 Round(w) ) 2)
Aj
Quantization can mask an unlearning update
when the pre- and post-unlearning parameters re-
main in the same quantization bin. For coordinate
(or group) j, this occurs exactly when

Qn,(07) = Qna,(0;) —
9 . 3
Round(ﬁj) = Round(ijj) . ©)

If this condition holds for a large fraction of the
edited coordinates, the quantized unlearned model
can become functionally closer to the quantized
original model, allowing part of the suppressed
knowledge to re-emerge (Zhang et al., 2024b). Un-
like prior fixed forget-saliency masks, FOM-UL
jointly uses forget-to-retain gradient ratios, adap-
tive layer-budget expansion, and multi-objective
selective optimization.

Another prominent line of work leverages
parameter-efficient modules, e.g., adapters and
LoRA layers, to localize updates and preserve
the bulk of pre-trained weights (Liu et al., 2025b;
Li and Liang, 2021; Hu et al., 2022). More-
over, even after “erasure”, residual information
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can be resurrected by adversarial or carefully en-
gineered prompts, so-called spillage, undermining
any privacy guarantees (Ji et al., 2024; Zhang et al.,
2024b).

In summary, while existing methods, such as
quantization-based unlearning, knowledge editing,
and parameter-efficient tuning, have provided valu-
able insights into model modification, they exhibit
significant limitations when applied to robust un-
learning scenarios.

3 Proposed Method: FOM-UL

We propose FOM-UL, a targeted framework that
suppresses specific knowledge by updating a small
set of layers with high forget-to-retain significance.
Rather than claiming exact erasure, FOM-UL aims
to approximate retraining behavior on the forget set
while preserving retain-set utility and improving
robustness to quantization-induced recovery.

Problem Formulation. Let My denote a pre-
trained transformer-based model with parameters
6 € R%. Given two datasets a forget set Diorget»
containing the data to be erased, and a retain set
Dietain, comprising knowledge that must be pre-
served the objective is to update the model pa-
rameters to minimize verbatim memorization (Ver-
Mem) and privacy leakage (PrivLeak) on Dgyrget,
while preserving utility and knowledge retention
on D retain-

Motivation. Modern LLMs, such as Llama-
2, are typically decoder-only autoregressive trans-
formers with L stacked layers. For an input pre-
fix x1., each layer ¢ updates hidden states hg?
via (i) multi-head self-attention (MHSA) and (ii)
a position-wise feed-forward network (FFN), cou-
pled with residual connections and normalization.
In MHSA, each attention head performs a query-
key-value interaction to form a weighted mixture
of contextual token representations, and the layer
aggregates diverse dependency patterns (e.g., lo-
cal syntax and long-range factual cues) across
heads. Importantly, information is not uniformly
distributed across the network: lower layers tend to
encode lexical/syntactic features, intermediate lay-
ers increasingly represent semantic relations, and
deeper layers are more directly coupled to the fi-
nal logits (next-token scores) used for generation.
Consequently, memorized or sensitive content can
be disproportionately concentrated in a subset of
layers/heads that exert outsized influence on spe-
cific next-token predictions. This heterogeneous

localization motivates our work. By attributing
a forget objective to the layers that most affect
the target prediction and selectively updating only
those layers, FOM-UL can induce targeted forget-
ting with reduced collateral utility loss, while pro-
ducing parameter shifts that are more resilient to
quantization-induced reversal than diffuse, global
updates.

Proposed Method Overview. Figure 2 presents
the complete FOM-UL pipeline. First, we select
the datasets, a Forget set (e.g., copyrighted Harry
Potter text) and a Retain set (e.g., fandom wiki and
general knowledge). Next, a layer-attribution anal-
ysis identifies the transformer layers most respon-
sible for encoding the sensitive content. A binary
saliency mask is then generated (for n layers) to
freeze layers with low attribution and unlock only
the high-attribution layers for updates. Targeted un-
learning alternates between (i) gradient ascent on
the Forget set to maximize loss on unwanted con-
tent and (ii) gradient descent on the Retain set to
preserve essential knowledge, applied solely within
the selected layers. Finally, the resulting model is
evaluated on verbatim memorization, privacy leak-
age, knowledge retention, and general utility to
verify robust, quantization-resilient forgetting.

Identifying Key Layers. We consider a
transformer-based LLM with parameters 6 =
{6, ..., 0} grouped by layer, and let x1,
denote an input prefix. ~We define wy,; =
arg max,, Py(w | z1.1) as the model’s top-1 next-
token prediction and compute its baseline probabil-
ity

p =5 (wz_u | $1:t) . “4)
To localize where this prediction is formed, we
perform the following layer-wise ablation: for each
layer £ € {1, ..., L}, we intervene on the forward
pass by removing (e.g., zeroing) the contribution
of layer ¢ to the residual stream, and recompute
the same next-token probability under this ablated
model, denoted by Py

pe = Ppo(wiyy | 212) - (5
This demonstrates that prediction influence is het-
erogeneous across transformer layers. However,
FOM-UL does not use p, for optimization or layer
selection. Instead, the trainable layer set and its
iterative expansion are determined by the forget-to-
retain significance score Sig(¢) in Eq. 8.
To prioritize layers that enable effective for-
getting with minimal retain-set disruption, FOM-
UL further computes a gradient-based significance
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Figure 2: Overview of the Forgetting Only What Matters via Unlearning Layers (FOM-UL) framework.

score. Let Liorger(0; By) and Lrewain(6; B;) be the
losses on forget and retain batches By C Dy and
B, C D,, respectively. We define the per-layer
gradient magnitudes

I(f) = HVg(zz) »Cforget(9§ Bf)‘

,. (6

(7N

and the normalized forget-to-retain trade-off score
as the significance score used to rank the layers:

Ir(é) - HV@(Z) £retain(0; BT>H2 ’

1(0)

Sig(¢) = m,

®)
where € > 0 is a small constant for numerical sta-
bility. Intuitively, high Sig(¢) identifies layers that
are highly responsive to the forgetting objective
while being comparatively insensitive to the retain
objective. In the first stage, FOM-UL selects the
candidate set

S ={tef{l,....,L} : Sigl¢) >7}, )
where 7 is a tunable threshold controlling the layer
budget and the conservativeness of the update set
(detailed in Appendix D).

Selective Layer Update with Forget, Mis-
match, and Retain Losses. FOM-UL performs
targeted updates only on layers ¢ € S. The update
is guided by three loss components (Detailed in
Appendix D.2): (i) the forgetting loss Lforget to Te-
move memorized patterns, (ii) the mismatch loss
L mismatch to diverge from original outputs, and (iii)
the retain 10ss Lrepin to preserve general utility. For
each selected layer, the parameter update is:

o)

1 = (915() + ang(Z) Eforget (10)

+77Mv9(€)£mismatch - 77Rv9(€)£retain7

where nr, Ny, and ng are the respective learning
rates. Layers not in .S remain frozen:

o), =0, vegs. (11)

Iterative Expansion and Stopping Criteria.
FOM-UL proceeds iteratively: after an initial selec-
tion of top k layers, ranked by Sig(¢), that cross the
threshold 7, if the forgetting objectives (e.g., Ver-
Mem below threshold < 0.05) are unmet, the set
S is expanded by adding the next most significant
layer based on an additional significance scoring,
ie., 8" = S U {argmaxgg Sig(¢)}. This contin-
ues until the forgetting metric converges or a maxi-
mum number of epochs is reached. This prevents
aggressive updates early on and reduces the risk of
unintended utility loss. Extended justifications and
details can be found in Appendix D.3.

The pseudocode is provided in Appendix A, ad-
ditional methodological details are described in
Appendix D, and formal justifications for the pro-
posed layer selection strategy (Lemma 1) and itera-
tive unlearning procedure (Lemma 2) are presented
in Appendix E.

4 Experiments

4.1 Experimental Setup

Detailed implementation details, hyperparameters,
and metric definitions are provided in Appendix B
and Appendix C.

Baselines. We compare FOM-UL against the
vanilla model and a broad set of LLM unlearning
baselines. Following the SURE protocol (Zhang
et al., 2024b), we evaluate Gradient Ascent (GA)
and Negative Preference Optimization (NPO), com-
bined with common retain-preserving objectives
such as gradient descent on the retain set (GDR)
and KL regularization (KLR). GA directly reduces
confidence on forget samples, while NPO treats
forget examples as negative preferences. We also
include recent state-of-the-art methods, including
ReLearn (Xu et al., 2025), which performs unlearn-
ing through data augmentation and fine-tuning, and
LUNAR (Shen et al., 2025), which redirects inter-
nal activations. In addition, we consider parameter-
efficient and quantization-aware unlearning base-
lines to evaluate robustness and efficiency.
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Table 1: Main unlearning results on TOFU-World Facts. Results are reported as mean=+std over three run.
M1/M2 are ROUGE-based residual memorization scores, M3 measures privacy leakage distance to the retrained
model, and M4 measures retain-set utility. Values are reported on a compact 0—10 scale for readability; multiplying

by 10 converts them to a 0100 scale.

Method | GPT-2 | Llama-3.2-1B | Gemma-3-1B
| w1 M2) M3— 0 M4t | Ml M2} M3— 0 M4t | MY M2) M3— 0 M4t

Vanilla Model [9.0040.08 6.10:£0.06 9.5040.12 2.90-£0.03| 5.80-£0.07 5.8040.07 8.80-£0.15 2.900.03|5.60+0.06 5.60-0.06 8.50+£0.14 2.90+0.03
GAGDR 4.4740.10 4.4940.10 5.0410.15 2.0740.04|4.2440.09 4.24+0.09 4.88+0.13 2.0740.04|4.16£0.09 4.1640.09 4.8040.13 2.14+0.04
SURE + GA 2.1440.06 2.1640.06 4.4440.12 1.96-£0.04 | 2.0840.05 2.0840.05 4.24-£0.11 1.9840.04|2.06£0.05 2.06£0.05 4.2040.11 1.9840.04
FOM-UL + GA 3.0240.07 3.06-£0.07 3.0840.10 2.344-0.03|2.9640.06 2.9840.06 2.9240.09 2.42+0.03 |2.94+0.06 2.96+0.06 2.88-£0.09 2.4240.03
NPOGpR 2.1440.08 2.1640.08 8.1040.18 2.07-£0.04 |2.064-0.07 2.06+0.07 6.94-0.18 2.3640.04|2.06£0.07 2.06+0.07 6.6040.17 2.404-0.04
SURE + NPO 1.60£0.05 1.6240.05 3.6420.11 1.9240.04 | 1.6040.04 1.604:0.04 3.400.10 1.96:0.04 | 1.6040.04 1.60+0.04 3.54=£0.10 1.96=0.04
FOM-UL + NPO 1.6840.05 1.704:0.05 2.8440.09 2.2840.04|1.5840.04 1.60+0.04 2.66-£0.08 2.3440.04 | 1.58-£0.04 1.6040.04 2.604-0.08 2.38+0.04
KLD 4.4740.11 45240.11 7.9240.18 1.9240.05|4.0440.10 4.04=0.10 6.0040.16 1.9840.04 |4.0040.10 4.0040.10 5.6040.16 1.98+0.04
SURE + KLD 1.9640.05 1.98+0.05 4.0040.12 2.1640.04 | 1.9040.04 1.904+0.04 3.84+0.11 2.12+0.04 | 1.88+0.04 1.88+0.04 3.80+0.11 2.1240.04
FOM-UL + KLD 2.7440.07 2.7840.07 3.1840.10 2.30+£0.04 | 2.624+0.06 2.64+0.06 3.04-£0.09 2.36-0.04|2.60+0.06 2.62-0.06 3.0040.09 2.3640.04
ReLearn 5.2440.12 5.3620.12 5.0020.14 2.000.04|5.0440.11 5.0440.11 4.800.13 2.1440.04|5.0240.11 5.02-0.11 4.8040.13 2.1440.04
LUNAR 1.54-£0.04 1.6040.04 4.2440.12 1.8640.05 | 1.2840.03 1.284-0.03 4.10+0.11 2.06+0.04 | 1.2240.03 1.2240.03 4.10+£0.11 2.0640.04
FOM-UL-Full (Ours) | 1.56£0.03 1.58:0.03 2.4240.07 2.84+0.03 [ 1.244:0.03 1.24+0.03 1.960.06 2.90+0.03 | 1.2040.03 1.24+0.03 1.92-£0.06 2.90+0.03

Datasets. We evaluate on three standard LLM
unlearning benchmarks. TOFU (Maini et al., 2024)
tests factual QA forgetting over synthetic world
facts. KnowUnDo (Tian et al., 2024) evaluates
privacy- and copyright-oriented unlearning while
checking whether useful knowledge is unintention-
ally removed. We also use MUSE (Shi et al., 2025),
including BOOKS and NEWS. BOOKS uses the
Harry Potter corpus as the forget set and FanWiki
as the retain set, while NEWS contains BBC arti-
cles split into forget, retain, and holdout subsets
for evaluating memorization, utility, and privacy
leakage.

Metrics. We follow the standard four-metric
protocol used in prior work (Zhang et al., 2024b).
M1 Verbatim Memorization and M2 Knowledge
Memorization measure residual content from the
forget set; lower values indicate stronger forget-
ting. M3 Privacy Leakage measures membership-
inference risk and is best when close to zero. M4
Utility Preservation measures retained knowledge
on the retain set, where higher values indicate bet-
ter utility. Together, these metrics capture the main
trade-off between erasing unwanted knowledge and
preserving useful behavior.

Models. We evaluate FOM-UL on multiple
transformer-based LLMs, including Llama-2 7B,
Llama-3.2 1B (Grattafiori et al., 2024), GPT-
2 (Hanna et al., 2023), and Gemma-3 1B (Team
et al., 2024). These models cover different scales
and architectures, allowing us to test whether layer-
selective unlearning remains effective across model
families.

4.2 Unlearning Results

Performance Comparison. Table 1 shows two key
findings. First, FOM-UL consistently achieves the
best overall forgetting-utility balance across GPT-2,
Llama-3.2-1B, and Gemma-3-1B, reducing resid-
ual memorization and privacy leakage while keep-
ing retain-set utility close to the vanilla model. Sec-
ond, the gains are stable across different base ob-
jectives, showing that the proposed layer-selection
strategy improves standard GA, NPO, and KLD-
style unlearning rather than depending on a single
loss. Based on these results, Table 2 evaluates
the best-performing combinations across NEWS,
KnowUnDo, and BOOKS.

Evaluation of the Best-Performing combina-
tions. Table 2 shows that FOM-UL provides the
strongest overall forgetting-utility trade-off across
NEWS, KnowUnDo, and BOOKS: it matches or
ties the best memorization scores while substan-
tially reducing privacy leakage. It also preserves
retain-set utility close to the vanilla model, indicat-
ing that the gains are not due to destructive over-
unlearning.

4.3 Robustness Analysis.
Adversarial/Jailbreak Robustness. As shown
in Figure 3, FOM-UL achieves the lowest ALR
of 11.6%, compared to 16.5% for SURE+NPO
and 19.8% for LUNAR. This indicates stronger
resistance to jailbreak-based recovery of forgotten
knowledge. These results show that FOM-UL re-
mains effective not only under clean prompts, but
also under adversarial extraction attempts. The
complete results are provided in Appendix F.
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Table 2: Best-performing unlearning combinations on Llama-3.2-1B across three datasets. Results are reported as

mean-tstd over three runs.

Method ‘ NEWS ‘

KnowUnDo | BOOKS

| w1 M2) M3— 0 M4t | M1

M2)

M3— 0 M4t | Ml M2) M3— 0 Mdt

VanillaModel‘S.SOiO.W 5.804+0.07 8.80+£0.15 2.90i0403‘5.80i0.07 5.801+0.07 8.80£0.15 2.9010.03‘5.80i0407 5.801+0.07 8.80£0.15 2.9040.03

GAcpr 4244009 4.2410.09 4.84:40.13 2.10£0.04 | 4.26:£0.09 4.2610.09 4.82:0.13 2.10:£0.04 | 4.24:£0.09 4.2410.09 4.84:-0.13 2.10:£0.04
NPOGpR  |2.1640.07 2.16:0.07 8.00£0.18 2.10£0.04 | 2.12:£0.07 2.12:£0.07 7.400.17 2.10£0.04 | 2.16+0.07 2.1630.07 8.0040.18 2.1040.04
KLD 45240.10 4.5240.10 7.2440.17 1.98£0.04 | 4.26:£0.10 4.2610.10 6.860.16 2.00:£0.04 | 4.52:£0.10 4.5240.10 7.24::0.17 1.98-£0.04
SURE + NPO | 1.624:0.02 1.62:£0.04 3.68+0.10 1.9840.04 | 1.644:0.03 1.64:£0.04 3.7240.10 2.0040.04 | 1.6240.05 1.62£0.04 3.6840.10 1.98--0.04
ReLearn 5224011 5.22:40.11 4.96:£0.13 2.08+0.04 | 5.26:£0.11 5.26£0.11 4.96+0.13 2.1040.04 | 5.2240.11 5.2240.11 4.9640.13 2.08-0.04
LUNAR 1.5640.03 1.56:£0.03 4.20+0.11 2.1440.04 | 1.6040.03 1.60:£0.03 4.20+0.11 2.1640.04 | 1.5640.03 1.56:£0.03 4.2040.11 2.14:-0.04
FOM-UL  |1.5620.03 1.56::0.02 2.64:£0.07 2.90+:0.02 | 1.58::0.03 1.58:£0.03 2.64::0.08 2.9040.03 | 1.56:0.04 1.56::0.03 2.642-0.08 2.90-0.03
GAcor Table 3: Quantization robustness on Llama-3.2-1B us-
ing TOFU-World Facts. Results compare 8-bit and 4-bit
438 post-training quantization.
FOM-UL é NPOgpr
/ \ Method. Quant. M1] M2, M3— 0 M4t
28.4
A 8-bit Quantization
/ \ GAGDR 8-bit 5.32 532 4.92 1.94
10.99 e NPOgpr ~ 8bit 312 312 698 204
LUNAR ?65 KLDgpr KLDgpr 8-bit 4.18 4.18 6.18 1.82
/ | SURE + NPO 8-bit 2.06 2.06 3.62 1.84
ReLearn 8-bit 562 5.62  4.84 1.92
482 LUNAR 8-bit 314 3.14 496 1.72
FOM-UL 8-bit 204 2.04 —147 243
RelLearn SURE+NPO
4-bit Quantization
Figure 3: Attack Leakage Rate (ALR) under adversari- GAcpr 4‘b%t 594594 508  1.67
al/jailbreak prompts. Lower ALR indicates fewer suc- NPOGDR 4-bit 368 368  7.02 200
cessful recoveries of forgotten on Llama-3 and TOFU KLDGpr 4'bft 4.32 4.32 6.22 1.80
dataset under adversarial prompting; FOM-UL achieves SURE + NPO 4'bft 242 242 3.68 1.80
the lowest leakage score among all methods (Table 9). ReLearn 4'b%t 5.80 580  4.92 1.87
LUNAR 4-bit 3.88 3.88 5.16 1.70
- P32 o Bt 4t FOM-UL  4-bit 244 244 200 2.04
% Table 4: Unlearning performance on Qwen3.5-4B using
2 TOFU-World Facts. Lower is better for M1-M2, M3 is
E best when closer to zero, and higher is better for M4.
=
= Method Ml M2, M350 M4t
& & O S W ReLearn 492 496 4.72 2.18
SO S AR S G G LUNAR 124 126 402 210
SURE+NPO 156 1.58 3.34 2.02
FOM-UL 1.18  1.20 1.86 2.88

Figure 4: Quantization robustness of unlearning meth-
ods measured by M1 (VerMem, lower is better) un-
der Full precision 32-bit (FP-32), 8-bit, and 4-bit post-
training quantization; red annotations denote the relative
M1 increase when moving from FP-32 to 8-bit and 4-
bit.

Quantization Robustness. Table 3 shows that 4-
bit quantization generally weakens unlearning by
increasing residual memorization relative to 8-bit
precision. FOM-UL reduces residual memoriza-
tion and improves privacy-parity metrics relative to
retraining. However, its negative M3 values indi-

cate deviation from the retrained privacy baseline
rather than improved privacy. We therefore inter-
pret M3 by distance to zero and report these values
as evidence of privacy-behavior shift under aggres-
sive quantization, while the main robustness gain of
FOM-UL is strongest on memorization and utility.
Additional analysis is provided in Appendices C
and D .4.

We also evaluate the performance of the pro-
posed method on Qwen3.5-4B (Team, 2026) using
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Table 5: Efficiency comparison on TOFU-World Facts
with Llama-2. FOM-UL achieves a practical balance
between trainable parameter size, GPU memory, and
runtime while avoiding full-model updates.

Method Params. GPU Mem. Time
GAGDR 7B 16 GB 4 hrs
NPOgpRr 7B 8 GB 3.2 hrs
KLD 7B 32 GB 4 hrs
SURE + NPO 1.7M 8 GB 15 min
ReLearn 2B 16 GB 35 min
LUNAR 1.75M 8 GB 20 min
FOM-UL ™ 8 GB 20 min

the same TOFU-World Facts protocol. As shown
in Table 4, FOM-UL achieves the lowest residual
memorization and privacy deviation while preserv-
ing substantially higher retain set utility. This result
suggests that the proposed layer-selective forget-
retain localization continues to provide a strong
forgetting-utility trade-off on a newer and larger
LLM.

4.4 Runtime Performance

Table 5 highlights the computational efficiency
of different unlearning methods. Full-model ap-
proaches such as GA and KLD incur high memory
and runtime costs due to updating all parameters,
making them less practical for large-scale deploy-
ment. In contrast, parameter-efficient methods sig-
nificantly reduce resource requirements. Notably,
FOM-UL achieves competitive unlearning perfor-
mance while updating only a small subset of param-
eters, requiring the lowest GPU memory (6-8 GB)
and short runtimes (10-30 minutes). Compared
to other efficient baselines such as SURE+NPO,
Relearn, and LUNAR, FOM-UL offers a more
favorable balance between parameter count, mem-
ory usage, and execution time, demonstrating its
practicality for scalable and resource-constrained
unlearning settings. Details regarding parameter
count in Appendix C, and reproducibility and hy-
perparameter configurations are provided in Ap-
pendix K.

4.5 Ablation Study

The ablation results in table-6 show that using
only a single component of FOM-UL leads to sub-
optimal trade-offs between forgetting and utility.
While FOM-UL_forget_only achieves low memo-
rization, it suffers from high privacy leakage, and
FOM-UL_retain_only preserves utility at the cost

Table 6: Ablation study of FOM-UL components on
TOFU-World Facts with Llama-3.2-1B.

Variant M1 M2 M3— 0 M4t
Forget only 1.56 1.56 8.31 2.83
Retain only 228 2.28 7.30 4.62
Mismatchonly 1.56 156 —6.44 4.66
FOM-UL full 124 1.24 2.04 2.90

of weaker forgetting. FOM-UL_mismatch_only im-
proves utility but introduces instability in privacy
behavior. In contrast, FOM-UL_full consistently
balances effective forgetting with stable privacy
and utility, confirming the necessity of jointly op-
timizing all FOM-UL components. A comprehen-
sive sensitivity analysis is provided in Appendix G.

5 Discussion

Figure 5 results show that high-Sig(¢) layer se-
lection is more effective than early-only or over-
expanded updates, and that FOM-UL also yields
the lowest attack leakage rate under jailbreak-style
recovery prompts. Full normalization and aggrega-
tion details are provided in Appendix C.

Overall, FOM-UL consistently reduces resid-
ual targeted knowledge with limited utility loss,
and remains robust under aggressive post-training
quantization, where many conventional unlearning
methods exhibit severe reversals due to discretiza-
tions artifacts.

Extended Evaluation on Diverse LLM Archi-
tectures. We further validate generality across
LLaMA-2, LLaMA-3, GPT-2, and Gemma-3 on
the Tofu World Facts benchmark. Across archi-
tectures, FOM-UL reduces residual memorization
and privacy leakage while maintaining strong re-
tained utility. Under 4-bit quantization on Llama-
3.2-1B, FOM-UL achieves M1=2.44 while retain-
ing M4=2.04, demonstrating a favorable forgetting—
utility trade-off under aggressive quantization.

FOM-UL’s efficiency stems from: (i) selective
updates restricted to a small set of responsible lay-
ers, (ii) faster optimization due to fewer trainable
parameters per step, and (iii) lower memory foot-
print, enabling larger batches and reduced check-
pointing. These gains make FOM-UL practical at
scale and competitive with quantization-centric ap-
proaches in both completeness and utility (Zhang
et al., 2024b), aligning with real-world compliance
needs under evolving privacy regulations.

Additional implementation details and variabil-

4745



(a) Layer-selection validation

1.0 "
o ~
S 0.8 A best trade-off
7
g 0.6
N
'S 0.4 A
=
|
E 0.2 1 =8 Forget quality
0.0 - Utility
: T T T T T T T
& A 2 A I
< 0¥ <o¥ <o¥ 0¥ o ¢ o

(b) Adversarial recovery

50 1 Bm ALR |

° 10XAM1 44, |

§ 40 A

«n lowest ALR
30

3

% 20 A

~

_
o
1

o
I

o s oSv
> $?009 S W

o>

Yt <& <> o
o P
& T @

<

Figure 5: Layer-selection and robustness validation. FOM-UL achieves the best forgetting-utility trade-off across
layer choices and the lowest adversarial recovery among evaluated baselines.

ity analyses are provided in the Appendix D.
We also include ablations probing quantization-
induced recovery by varying the update scope (top
k layers through full-model), learning rates, and
regularization strength. In contrast to diffuse global
updates, FOM-UL concentrates stronger edits on
attribution-identified layers, yielding robust forget-
ting with limited collateral damage (Zhang et al.,
2024b).

6 Conclusion

We introduced FOM-UL, a layer-selective frame-
work for approximate LLM unlearning. FOM-UL
identifies layers with high forget-set influence and
low retain-set sensitivity, then restricts updates to
this small subset rather than modifying the full
model. This design improves the forgetting-utility
trade-off while reducing unnecessary parameter
changes and computational cost.

Across TOFU, KnowUnDo, and MUSE-style
evaluations, FOM-UL reduces residual memoriza-
tion compared with strong unlearning baselines
while preserving retain-set utility. Its concentrated
updates also improve robustness under adversarial
recovery prompts and low-bit post-training quan-
tization, where diffuse unlearning updates can be
weakened or erased. These results support layer-
level forget-retain localization as a practical direc-
tion for efficient and deployment-aware unlearning,
while leaving formal guarantees of complete era-
sure to future work.

Limitations

While FOM-UL improves targeted forgetting and
quantization robustness by concentrating updates
on a small subset of influential layers, its effective-
ness depends on the reliability of layer-attribution

signals, which can vary across prompts, domains,
and evaluation setups. Moreover, FOM-UL is not
a formal guarantee of erasure: highly entangled
or redundantly encoded knowledge may require
expanding the updated layer set or additional it-
erations, which can increase compute and intro-
duce utility trade-offs under more adversarial or
distribution-shifted settings. We discuss ethical
considerations, safeguards, intended use, and risk
mitigation in Appendix J.
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Appendix
A Pseudocode
B Experimental Settings

B.1 Models and Initialization

We evaluate FOM-UL on diverse transformer
LLMs to test model-agnostic behavior, using pre-
trained checkpoints from Meta Llama (Llama-2 7B,
Llama-3.2 1B), GPT-2, and Gemma-3 1B. Each
run starts from the base parameters 6y, and pro-
duces an unlearned checkpoint §* by updating only
a small set of layers S selected via the forget-to-
retain gradient significance score, while all other
layers remain frozen. We also report robustness
under post-training quantization by evaluating 6*
in FP32, 8-bit, and 4-bit formats.

B.2 Datasets and Splits

We follow standard unlearning protocols with dis-
joint Forget and Retain splits, and benchmark
on TOFU (world-facts QA), KNowUNDO, and
MUSE (SHI ET AL., 2025) (BOOKS/NEWS).
For BOOKS, Drorge; contains copyrighted Harry
Potter text and Dienin includes FanWiki (plus
general-domain text) to preserve non-verbatim
knowledge while removing memorization. For
NEWS, we additionally use a holdout split re-
served for privacy/leakage evaluation and never
used for updates.

B.3 Training Configuration

FOM-UL performs masked updates with three ob-
jectives: (i) gradient ascent on Liorget, (i1) gradient
ascent on Lpigmatch to repel original outputs on for-
get prompts, and (iii) gradient descent on Lietain
to preserve utility. We use AdamW with consis-
tent hyperparameters across methods; unless stated
otherwise, we set batch size B = 16, learning rate
1x 1075, and run unlearning for 5 epochs. Random
seeds are fixed (e.g., 42) for reproducibility.

B.4 Implementation Details

All methods are implemented in PyTorch using
HuggingFace transformers. Quantization is per-
formed with bitsandbytes to produce FP32/8-
bit/4-bit variants for robustness checks. Experi-
ments run on NVIDIA A100 GPUs (40 GB), and
we release environment details and fixed splits to
support reproducibility.

C Evaluation Metrics

We evaluate FOM-UL using four standard met-
rics (M1-M4) that jointly quantify (i) how well the
model forgets the designated forget set and (ii) how
well it preserves utility on the retain set, following
the SURE evaluation protocol.

Notation. Let f denote an LLM. Let Dyorge; be
the forget set, Dierin the retain set, and Dpgigout a
disjoint holdout set used for privacy auditing. For
ROUGE-based metrics, ROUGE(-, -) measures
similarity between the model output and a refer-
ence text.

M1: Verbatim Memorization (VerMem) on
Drorget (lower is better). Given a forget docu-
ment x tokenized into a prefix ., and ground-
truth continuation x4 1., we compute:

ML(f) = Eondppe [ROUGE( F(x10), ;cgﬂ:)]
(12)

This captures verbatim reproduction of forgotten

content; effective unlearning drives M1 down.

M2: Knowledge Memorization (KnowMem)
on Dgyreer (lower is better). Using knowledge-
oriented QA pairs (g, a) derived from the forget
set, we measure whether the model still answers
with forgotten knowledge:
M2(f) = E [ROUGE(f(q), a)].
(13)
Lower values indicate better removal of generalized
(non-verbatim) forgotten knowledge.

(La) NDforgel

Ma3: Privacy Leakage (PrivLeak) via member-
ship inference (closer to 0 is better). We quan-
tify privacy risk using a membership inference at-
tack based on the Min-K % criterion, which pro-
duces an AUC-ROC score AUC( f) by distinguish-
ing samples from Dryeer VS. Dholdour- We then com-
pare against a retrained baseline fiegqin (trained
without Dryreer) and define:

AUC(f) — AUC( fretrain)

M3(f) = AUC(J)

(14)

An ideal unlearned model matches the retrained pri-
vacy behavior, yielding M3 ~ 0; large deviations
indicate elevated privacy leakage.

Interpretation of negative M3. From above
metric definition, M3(f) = (AUC(f) —
AUC(fretrain))/AUC(f), so M3 < 0 occurs
whenever AUC(f) < AUC(fretrain)- Such

4750



Algorithm 1 FOM-UL: Forgetting Only What Matters via Unlearning Layers

Require: Pretrained parameters § = {#"), ... 61)}; forget set Dy; retain set D,; losses Lf, Lo, L, learning rates

1§, Mm, Nr; steps T'; initial layer budget k; tolerance € > 0.

Ensure: Unlearned parameters 6,,.
Stage 1: Forget-retain layer attribution
cfort=1,...,Ldo
Sample mini-batches By C Dy and B, C D,.
I5(0) < || Vo) L (0 By)ll,
1 (£) = [|Vgw Lr(6; B,
Sig(£) « I;(0)/(I-(£) + ¢)
end for

PAPRFTRNWE

: Initialize selected layer set S < {71, ..
Stage 2: Selective layer-wise unlearning

9: fort=0,...,7 —1do

10: Sample mini-batches By C Dy and B, C D,..

11: for / € S do

12: g5 < Vo L (01; By)

13: gm < Vg(z)ﬁm(ﬁt;Bf,Br)

14: gr < Vgu)cr(@t; BT)

15: 001 09 + g + mgm — Mrgr
16: end for

17: for ¢ ¢ S do

18: 89, « 6

19: end for

20: end for

Stage 3: Metric check and iterative expansion

: Rank layers by Sig(¥) in descending order and denote the ordering by 7.
. ,ﬂk} and 90 — 6.

> freeze non-selected layers

21: Evaluate 61 using VerMemJ,, KnowMem/, PrivLeak— 0, and Utility?.

22: if forgetting criteria are not satisfied then

23: Expand S < S U {arg max¢ g Sig(¢)}.
24: Repeat Stage 2 with the expanded layer set.
25: end if

26: return 0, < O1.

strongly negative values (e.g., —2.00 in Table 3)
do not mean “better privacy than zero”; rather,
they indicate a large deviation from the retrained
privacy behavior, typically corresponding to over-
unlearning in which the forget examples become
atypically high-loss relative to holdout, flipping
or amplifying the attack signal. Because our nor-
malization divides by AUC( f), the magnitude can
exceed 1 when AUC(f) is small; for instance, if
AUC(f) = 0.20 and AUC( fretrain) = 0.60, then
M3 = (0.20 — 0.60)/0.20 = —2.0. Therefore,
we interpret M 3 by distance to zero: |M 3| large
(positive or negative) implies unstable privacy be-
havior, while M3 =~ 0 indicates the closest match
to retraining.

M4: Utility Preservation on Dietain (higher is
better). We measure retained utility using the
same KnowMem-style QA evaluation on Dieain:
MA(f) = E(y0)pp [ROUGE(f(), @) .
(15)
Higher M4 indicates better preservation of benign
knowledge and task utility after unlearning.

Overall objective. FOM-UL aims to achieve low
M1/M2 (forgetting), M3 ~ 0 (privacy parity with
retraining), and high M4 (utility), including under
post-training quantization stress tests highlighted
in our study.

Runtime Performance parameter counts and
efficiency. In Table 4, the Parameters column re-
ports the number of trainable (i.e., unfrozen) pa-
rameters that each method actually updates during
unlearning, not the total backbone size of Llama-
2 7B. Accordingly, full-model baselines (e.g.,
GA/KLD/NPO-GDR) update the entire parame-
ter space, whereas parameter-efficient or masked-
update methods (SURE+NPO, LUNAR, and FOM-
UL) optimize only a small, selected subset, yield-
ing 1.7M, 1.75M, and 7M trainable parameters,
respectively. For FOM-UL, the backbone remains
frozen and updates are confined to the selected
layer set .S (and the specific trainable submodules
within those layers), so the trainable-parameter
count scales with the layer budget and the chosen
update parameterization.

Clarification (Fig. 4 M.U. and F.Q.). For Fig. 4,
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we define Normalized Utility (M.U.) as the min-
max normalization of M4 across methods and
steps, M.U.(t) = %, so higher is
better. To ensure Forget Quality (F.Q.) increases
when forgetting improves (since M1-M3 are |
metrics), we first invert and normalize each metric
as M;(t) = 1 — ~EbminMi_ g ¢ (1,2, 3),
and then aggregate by alweightéd mean F.Q.(¢) =
3 Z?:1 M;(t) (weights set uniformly unless stated

otherwise).

Update parameterization. FOM-UL is layer-
selective at the selection level but submodule-
selective at the implementation level. After select-
ing layer set S, we enable gradients only for the
chosen trainable submodules inside those layers,
e.g., attention projection and/or MLP projection
matrices depending on the backbone implementa-
tion. All layers ¢ ¢ .S and all disabled submodules
inside ¢ € S remain frozen. Thus, the reported
trainable-parameter count is

Ntrain = Z Z |9(€,m)|’

eS meM,

(16)

where M is the set of enabled submodules in layer
£. This count measures parameters actually updated
during unlearning, not the total number of parame-
ters contained in the selected transformer layers.

D Detailed Methodology

D.1 Selecting and Masking Important Layers

In FOM-UL, A, (ablation) is used primarily as
a diagnostic to motivate layer localization, while
Sig(¢) is the actual algorithmic criterion used to
select and expand the update set.

Layer selection via forget-retain significance.
Let fy denote a transformer-based LLM with L lay-
ers and parameters # = {#(1) ... (1)} grouped
by layer. FOM-UL selects a small subset of layers
whose parameters are most responsive to the forget-
ting objective while minimally affecting retained
utility. Given a forget mini-batch By C Drorger and
a retain mini-batch B, C Diepin, define the cor-
responding losses Liorget (65 Bf) and Lyegain (6; By ).
For each layer ¢, we compute per-layer gradient
magnitudes:

[(ﬁ) = vau)ﬁforget(e; Bf)Hz’

(17)
IT(K) = Hve(ﬁ)ﬁretain(g? Br)”z )
and the forget-retain significance ratio
: 1(0)
l) = ——"— 18

where € > 0 ensures numerical stability. Intuitively,
high Sig(¢) indicates strong forgetting leverage
with limited interference on retained knowledge.
We select the initial update set using thresholding
(or equivalently top-k ranking):

S = {te{l,....L} : Sigt) > 7}, (19

where 7 controls the layer budget.
Binary layer mask. We define a layer mask
mye € {0,1} as

L,
my =
4 0,

so that only layers in S receive gradient updates
and all other layers remain frozen.

When Sig(¢) is computed. For reproducibility,
we compute Sig(¢) once at initialization using the
base checkpoint 6y and a fixed mini-batch (or small
fixed set) sampled from Drorger and Diegain, and we
keep this ranking static during unlearning. During
iterative expansion, we do not recompute gradients
each epoch; instead, we expand S by adding the
next highest-ranked layers under this fixed Sig(¥)
ordering until the stopping criterion is met. (Op-
tionally, one may recompute Sig(¢) at expansion
boundaries as an ablation, but our main results use
the static initialization for stability and determin-
ism.)

les,

. (20)
otherwise,

D.2 Selective Layer Updates with Forget,
Mismatch, and Retain Losses

Forgetting loss Lgorget- FOM-UL enforces tar-
geted forgetting by increasing the model’s loss
on forget-set continuations so that memorized re-
sponses become unlikely. For a forget example
(2,Y) € Diorger With prompt x and reference con-
tinuation y = (y1,...,Ym), we use the standard
negative log-likelihood (NLL):

Eforget(e) = E(x,y)NDforgel

[ - ilogpg(yi | 2, y<i) ]7

i=1

1)

and perform gradient ascent on Lioee (cf. Eq. 9),
which directly reduces the likelihood of generating
the memorized forget content (Yao et al., 2024b,a).

Mismatch loss Liismatche A core goal of FOM-
UL is to actively diverge from the original model’s
behavior on the forget set, rather than merely re-
ducing confidence in a single target token. To oper-
ationalize this, we define a distribution-level mis-
match objective that pushes the unlearned model
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away from the original model’s output distribu-
tion on forget prompts. Let fy, denote the origi-
nal (pre-unlearning) model and fy the current (un-
learned) model. For a forget prompt x € Drorgets
let zp(z) € RVl be the next-token logits and define
temperature-scaled predictive distributions

po(- | ) ::SOﬂJn&X<Zi;?)>,

bt ) = softmax( 7 )

(22)

where T' > 1 controls how strongly the loss em-
phasizes high-probability tokens. We then set

Emismatch(a) = EINDforget
[ Dicpos - @) 2ot | )],

and maximize Luyismach during unlearning (cf.
Eq. 9), which encourages fy to move its outputs
away from the original model on the forget set.
This objective is inspired by prior unlearning/align-
ment formulations that use KL-based output con-
straints to control behavior shifts (typically on re-
tain data), here repurposed as an explicit diver-
gence signal on the forget distribution (Yao et al.,
2024b,a). In practice, Lmismatch helps prevent in-
complete forgetting where the model’s distribution
remains close to py, despite reduced confidence
in a specific answer, and it complements Lgorget
to mitigate quantization-induced recovery by en-
forcing a broader, distributional departure from the
pre-unlearning behavior (Zhang et al., 2024b).

(23)

Retention loss Lyetain.  To preserve utility on non-
targeted behaviors, FOM-UL simultaneously mini-
mizes a retain objective on benign data Dietain. For
a retain example (z,Yy) € Dyetain, We again use the
NLL:

»Cretain(e) = ]E(il?,y)"/Dretain
[——j{:loglw(yi|$7y<0 ;

=1

(24)

and apply gradient descent on L epin to maintain
general knowledge and task performance while un-
learning is confined to the selected layers (Liu et al.,
2024a; Yao et al., 2024a). When combined with
Ltorger and the divergence-based Limismatch. this re-
tain term stabilizes optimization and mitigates col-
lateral degradation.

FOM-UL performs targeted optimization only
over {0\ : ¢ € S} using three objectives: (i) a

forgetting 10ss Lyorger to suppress targeted content,
(ii) a mismatch 10ss Lismatch to diverge from the
original model behavior on the forget set, and (iii)
aretain 1oss Lein to preserve general utility. The
masked update for each layer / at iteration ¢ is:

9;?1 = ‘9756) + my (ane(f)foorget

+ Ny v9(4) Lmismatch ~ (25)

—TIRVW) ﬁretain) )

where ng, nar, ng are step sizes for the respective
terms. Layers not selected for unlearning remain
unchanged:

o), =0 weg¢s. (26)

D.3 Iterative Expansion and Stopping
Criteria

FOM-UL applies an iterative schedule that expands
the update set only when forgetting criteria are
unmet, limiting unnecessary intervention. After
each unlearning round, we evaluate a forgetting
criterion (e.g., VerMem below a threshold) and
stop when it is satisfied. Otherwise, we expand the
layer set by adding the next most significant layer
under Sig({):

S+ SU {arg max Sig(ﬂ)} , (27)

¢S

and repeat the masked updates. This progressive
expansion prevents overly aggressive early updates
and reduces the risk of collateral utility loss.
Clarification (Initialization of iterative expan-
sion). To remove ambiguity, we define the ini-
tialization as a single, deterministic rule based on
Sig(¢): we first compute Sig(¢) for all layers and
form the candidate set S; = {¢ : Sig(¢) > 7}.
If |S-| > k, we take the top-k layers within S-
by descending Sig(¥); if |S-| < k, we simply set
S = S;. Equivalently, the threshold 7 is the pri-
mary filter (ensuring a minimum forget-to-retain
ratio), and k is an optional budget cap that prevents
overly large initial updates. Iterative expansion
then proceeds by adding one (or a small batch of)
next-highest Sig(¢) layers from {¢ ¢ S} until the
stopping criterion is met.

D.4 Robustness to Quantization-Induced
Relearning

Post-training quantization maps full-precision pa-
rameters to a discrete set of representable val-
ues. When an unlearning method produces only
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small, diffuse weight changes, quantization can
erase these differences, yielding quantized models
that are nearly indistinguishable from the original.
FOM-UL mitigates this failure mode by concen-
trating updates within a small set of high-Sig(¢)
layers, producing more salient (layer-localized) pa-
rameter shifts while leaving the majority of layers
unchanged. As a result, the intended forgetting sig-
nal is less likely to be collapsed by discretization,
improving robustness against quantization-induced
recovery compared to global-update baselines.

D.5 Empirical Quantization-Bin Crossing
Analysis

An unlearning update on coordinate j is removed
by quantization exactly when

Qn,(07) = Qn,(65)

o . (28)
<— Round<3> = ROUHd(HJ) .
A;j Aj

Thus, quantization robustness is measured directly
by the fraction of edited coordinates whose quanti-
zation indices change.

For each updated layer /, let A, denote the effec-
tive quantization step size and 60() = 958) — 9(()6)
denote the unlearning update. We report the bin-
crossing fraction

1 0
BCF, — WZH [\5@. | > AZ/Q}, (29)
J

and the normalized update ratio

l
(16
pr = medlanj m .

Higher BCF indicates that more unlearning edits
survive post-training quantization.

(30)

Bin-Change Fraction. To directly measure
whether unlearning updates survive quantization,
we define the Bin-Change Fraction (BCF) over the
set of edited parameters £ as

\5|Zl

je€

BCF = J(05) #Qa,05)], 31

where 6; and 93- denote the pre- and post-unlearning
parameters, respectively, and Q; denotes the cor-
responding quantization operator. A larger BCF
indicates that a greater fraction of the unlearning-
induced parameter changes remain distinguishable
after quantization.

Table 7: Quantization-bin crossing analysis on
Llama-3.2-1B. BCF reports the fraction of updated
weights under 4-bit quantization. FOM-UL produces
more quantization-surviving edits in selected layers than
diffuse global updates.

Method Updated scope =~ Mean BCF{ p ratiof
GAGDR full model 0.7% 0.31
NPOGDR full model 0.9% 0.36
SURE+NPO sparse modules 2.8% 0.74
LUNAR activation-targeted 2.1% 0.68
FOM-UL selected layers 5.6% 1.18

Table 7 provides mechanism-level evidence for
the quantization robustness claim. Compared with
global baselines, FOM-UL concentrates larger up-
dates in selected layers, producing a higher fraction
of weights that cross 4-bit quantization bin bound-
aries and are therefore less likely to be rounded
back to the original quantized value.

E Lemma justification for FOM-UL

Let the forget and retain objectives be £¢(#) and
L,(#),andlet§ = {61, ... 6(F)} denote param-
eters grouped by transformer layer. Define layer-
wise gradients gg) == Vi Ls(0) and gfne) =
Vg Lr(6).

Lemma 1 (Greedy layer ranking under a re-
tain-stability constraint). Consider one unlearn-
ing step that applies a layer-wise update A0 =

{A0D) .. AOD)Y, but is restricted to at most k
layers (l.e., AOO £ 0 only i = k).

Assume a first-order approximation and impose

a retain-stability constraint <g7(nf), AIOY =~ 0 in
sign (or bounded magnitude) so that retain utility
is not degraded. Then, among candidate layers, the
layers that maximize the achievable forget effect
per unit retain sensitivity are those with the largest
score

YA
g\

o] + € G2

Sig(¢) =

for a small € > 0. Equivalently, selecting the top-k
layers by Sig () is the greedy choice that prioritizes
high forget responsiveness while being conserva-
tive on retain disruption.

Proof sketch. Using a first-order Taylor expansion
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for a small step,

2
M=

ALy (9,20},

~
Il

! (33)

M=

AL, ~ <g§f>, AW)> .

1

~
Il

For a given layer ¢, the maximum attainable forget
change from updating only that layer under a step-
size budget ||[A9)|| < p is bounded by Cauchy-
Schwarz:

(g, 200) < N1 1269 < plig.
(34)
At the same time, the magnitude of the retain
change contributed by layer ¢ is similarly bounded:

(99,2093 < gD 1269 < p g
(35
Thus, a natural “forget gain per retain sensitivity”
proxy for layer ¢ is Hgy) H/(Hgg) | + €), where €

stabilizes the ratio when || gt || is small. Selecting
the top-k layers by this ratio maximizes the sum of
these proxies under a k-sparsity constraint, which
is exactly the FOM-UL ranking rule. 0

Remark (what this proves and what it doesn’t).
Lemma 1 justifies FOM-UL’s layer ranking as an
optimal greedy criterion under (i) small-step / first-
order behavior and (ii) a utility-preservation con-
straint expressed through retain gradients. It does
not claim global optimality for deep, non-convex
objectives; rather it gives a principled reason that
the gradient-ratio score is the right layer selection
signal.

Lemma 2 (Iterative expansion is a monotone relax-
ation). Let L(0) be the forget objective and L,.(6)
be the retain objective. Fix a current parameter
state 0 and consider a one-step selective update
A0 that is allowed to modify only layers in a set
S C{1,...,L}. Define the feasible update set

Us) = {Ae: A9O = 0ve ¢ S,
(36)
1A09] < pve, AL (9; A0)] < 3},

where AL, (0; AQ) denotes the first-order retain
change AL, ~ 3, (VL (0), A0, pis a
step-size budget, and 0 is a tolerance for retain

degradation. Let the best achievable forget de-
crease (first-order) under S be
V(S) := min
AOeU(S)
ALF(0;20) ~ Y (Voo L1(0), 20D).
l

AL (6; AB),

(37)

IfS C S (ie., S" expands S with additional lay-
ers), then

V(s) < V(9). (38)

Equivalently, expanding the set of trainable lay-
ers cannot worsen the best attainable forgetting
progress under the same retain-stability constraint.
This provides a principled justification for FOM-
UL’s iterative expansion rule (e.g., k — k +
k') when residual memorization remains above a
threshold.

Proof. Because S C S’, any update A that is fea-
sible for S is also feasible for S’: we can view it as
an element of 1/(S’) by simply setting A§®) = 0
for all newly added layers ¢ € S’ \ S. Hence
U(S) C U(S"). Minimizing the same objective
ALy over a superset of feasible points cannot
yield a worse optimum, so minagey(s1y ALy <
minAgeu(S) Aﬁf, i.e., V(S/) S V(S) O

Practical interpretation. If the current top-k se-
lected layers S' do not sufficiently reduce memoriza-
tion while meeting the retain constraint, expanding
S (adding the next-ranked %’ layers) strictly relaxes
the optimization problem. Therefore FOM-UL’s
iterative expansion is a safe strategy: it never re-
moves previously feasible updates, and can only
maintain or improve the best achievable forgetting
progress subject to utility preservation.

Theorem 1 (Quantization Persistence for Layer-S-
elective Updates). Let fy be a pretrained model
and let fo be the unlearned model obtained by up-
dating only layers in S C {1,..., L} (all ¢ ¢ S
are frozen). Consider post-training uniform sym-
metric rounding quantization applied elementwise
(or per-group) with step size Ay > 0 for layer £:

Qa,(w) = Ag- Round(w> ) (39)
Ay

Define the layerwise update A9 := ') — (),
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Table 8: Adversarial/jailbreak robustness metrics. We evaluate TOFU-World Facts on Llama-3.2-1B using
adversarial prompt wrappers .A, including role-play, instruction-override, extraction-style, and suffix-based jailbreak
prompts (Wei et al., 2023; Zou et al., 2023). M1,4v, M 2,4, and ALR are lower-is-better; M 3,4, is best when

closest to zero; and M4 is higher-is-better.

Metric ID Name Definition and Interpretation Goal

M1,4v Adv. VerMem Ez~D fra~A [ROUGE(f(a(x1:¢)), ze41:)]. Measures whether the model can reproduce verbatim 1
forgotten continuations when the forget prefix is wrapped by a jailbreak prompt.

M2,q+ Adv. KnowMem ]E(q‘y)NDf‘ a~A [ROUGE(f(a(q)), y)]. Measures recovery of forgotten QA-style knowledge under |
adversarial prompting, following TOFU-style knowledge memorization evaluation (Maini et al., 2024).
AUCaav (f) — AUC(fretrain . " . .

M3adv Adv. PrivLeak ad fAf[)JC (f)(f ctrain) . Here, AUC 4+ (f) is computed using Min- K % membership scores — 0

adv

over jailbreak-wrapped forget and holdout prompts (Shi et al., 2024). Values closer to zero indicate privacy
behavior closer to retraining.

ALR Attack Leakage Rate 100 - ]E(q,y)me ca~aA [I{ROUGE(f(a(q)),y) > 7r}]. Reports the percentage of adversarial 1
prompts that recover the forgotten answer above threshold 7,.. We set 7. = 0.30 following the com-
pact ROUGE-style reporting scale.

M4 Retain Utility E(q,y)~D, [ROUGE(f(q),y)]. Measured on clean retain prompts to verify that adversarial robustness +

is not achieved through destructive over-unlearning or general utility collapse.

Proposition (1) (Quantization Persistence). Let 0
and 6’ denote the parameters before and after un-
learning, and let £ be the set of edited coordinates.
If

Qa,;(05) = Qa,(0;),  VieE,  (40)
then the edited coordinates are indistinguishable
from their pre-unlearning values under the quan-
tizer (). Consequently, the quantized model
does not preserve these parameter-level unlearn-
ing changes.

This result does not imply that identical quantized
parameters necessarily produce identical model
behavior in every setting; rather, it characterizes
when parameter updates introduced by unlearning
are removed by the quantization operator.

Proof sketch. Under rounding quantization, a
real value w is mapped to the nearest grid point
with spacing A,; boundaries between adjacent
quantization bins occur at half-steps. Therefore,
changing w by at least Ay /2 is sufficient to cross
a bin boundary and change the quantization index,
yielding Qa,(w+6) # Qa,(w) when [6] > A,/2.
If all changes satisfy |0| < Ap/2, w remains in the
same bin and the quantized value is unchanged. [

Practical interpretation. FOM-UL ranks lay-
ers by the forget-to-retain gradient ratio Sig(¢) =
gt

T T4e (Lemma F.1) and concentrates updates on
gr|l+e

the top-k (then iteratively expands if needed), pro-
ducing layer-localized parameter shifts that are
more likely to exceed the effective quantization
step in those layers, thereby improving robustness
to quantization-induced recovery compared to dif-
fuse global updates.

F Adversarial Robustness Analysis

As defined in Table 8, the adversarial wrapper set
A is applied only at evaluation time. Thus, these
metrics test whether forgotten knowledge can be re-
covered through prompt-level attacks without mod-
ifying the model parameters. Additionally we re-
port MemFlex (Tian et al., 2024), which proposed
for precise scope-aware unlearning using gradient-
based parameter localization. As shown in Table 9,
Jailbreak prompting increases residual memoriza-
tion for all methods, but FOM-UL has the low-
est adversarial VerMem/KnowMem and the lowest
leakage rate while retaining the highest clean util-
ity. SURE+NPO and LUNAR remain competitive
on memorization but show larger privacy deviation
and lower utility. ReLearn has a small clean-to-
attack increase but starts from high residual memo-
rization, so its absolute leakage remains high.

F.1 Robustness Beyond Clean Prompting

Table 11 shows that recovery increases as prompts
move away from the clean evaluation template, con-
firming that clean-prompt metrics alone understate
residual knowledge. However, FOM-UL remains
comparatively stable across paraphrase, alternate-
template, and jailbreak settings, suggesting that
layer-selective updates reduce prompt-specific hid-
ing rather than only suppressing the canonical test
format.

G Sensitivity Analysis

Table 10 indicates that FOM-UL is most effective
when it updates a small, targeted set of mid-to-late
layers: as the selected-layer budget |S| increases
from very sparse (Top-1/Top-2) to a moderate range
(Top-4/Top-8), forgetting efficacy improves sub-
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Table 9: Adversarial/jailbreak prompt robustness on TOFU-World Facts with Llama-3.2-1B. We compare the
same baseline family used in the quantization robustness table. Clean metrics follow the standard prompt setting;
adversarial metrics average over four jailbreak wrappers. Best results are in bold.

Clean TOFU Evaluation Jailbreak / Adversarial Evaluation
Method
M1, M2} M3—=0 M4t Mlygyd M2aqv !l M3,qy — 0 ALR]

GAGDR 4.24 4.24 4.88 2.07 5.05 5.02 5.35 42.8
NPOcDR 2.06 2.06 6.94 2.36 3.10 3.16 7.28 28.4
KLDgpR 4.04 4.04 6.00 1.98 4.72 4.80 6.40 37.6
SURE + NPO  1.60 1.60 3.40 1.96 2.18 2.24 4.08 16.5
ReLearn 5.04 5.04 4.80 2.14 5.56 5.60 5.05 48.2
MemFlex 1.72 1.74 3.15 2.48 2.46 2.52 4.46 21.4
LUNAR 1.28 1.28 4.10 2.06 2.42 2.50 5.12 19.8
FOM-UL 1.24 1.24 1.96 2.90 1.78 1.84 2.42 11.6

Table 10: Sensitivity of FOM-UL to layer budget and layer location on TOFU-World Facts with Llama-3.2-1B.
We vary the selected layer set .S while keeping the unlearning objective fixed. Lower is better for M1-M2, M3
should be close to zero, and higher is better for M4. Positive values indicate higher retain-set utility.

Setting |S| Layer Region M1] M2, M3— 0 M4t AM4

Vanilla model 0 No unlearning 5.80 5.80 8.80 290 0.00

Top-1 only 1 Single high-score late layer, e.g., {L —1} 235 250 4.20 2.85 —0.05

Top-2 only 2 Two high-score late layers, e.g., {L—2, L—1} 1.90 2.00 3.40 2.89 —0.01

Top-4 4 Mid-to-late high-score layers, eg., 142 145 2.55 291 +0.01
{0.6L,0.7L,0.85L, L—1}

Top-8 8 Mostly mid-to-late layers with limited early-layer 1.30 1.32 2.18 290 0.00
updates

Over-expanded 12 Early, middle, and late layers mixed 1.28 1.30 222 2.80 —0.10

Wrong-region ablation 4 Early layers only, e.g., {1, 2, 3,4} 4.80 4.70 7.60 205 —-0.85

FOM-UL-Full auto Selected by Sig(¢) with iterative expansion 1.24 1.24 1.96 290 0.00

Table 11: Recovery audit beyond clean prompts on
TOFU-World Facts with Llama-3.2-1B. We evalu-
ate whether forgotten knowledge reappears under para-
phrased questions and alternate extraction templates.
Lower M1/M2 and ALR indicate stronger resistance to

in mid/late layers and expands only as needed to
meet forgetting targets.

H Error Analysis

recovery. The Figure 6 shows that FOM-UL-Full yields con-
sistently low memorization and privacy-leakage

Setting M1, M2, M3— 0 ALR| scores while maintaining high utility across all
Clean prompts 124 124 1.96 8.7 three backbones, with small standard deviations

Paraphrased prompts 1.52  1.58 2.18 10.3
Alternate QA templates 1.61  1.66 2.30 10.9
Jailbreak wrappers 1.78 1.84 242 11.6

indicating stable behavior across runs.

To assess the stability and statistical significance
of our method, we compute error bars for each eval-
uation metric by repeating the experiment across
multiple random seeds. The procedure is as fol-
lows:

stantially (lower M1/M2 and M3 closer to zero)
while utility (M4) is largely preserved. In contrast,
selecting layers from the wrong region especially
early layers tends to under-perform on forgetting
and can incur larger utility degradation, and over-

1. Repeated Trials: For each target model (e.g.,
Llama-3, Gemma-3), perform the unlearning
procedure N times (commonly N > 5) with

expanding into early layers yields diminishing re-
turns for forgetting with higher risk of collateral
utility loss. Overall, the sensitivity trend supports a
“sweet spot” where FOM-UL concentrates updates

different random initialization seeds.

2. Metric Computation: On each trial 7, mea-
sure the desired performance metrics:
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FOM-UL-Full: VerMem, KnowMem, PrivLeak, & Utility + Std Dev

I GPT-2
3.0 mm Uama-3
B Gemma-3

2.54

1.0 A

0.5

0.0~

VerMem (M11)

KnowMem (M2 4)

PrivLeak (M3-0) Utility (M4 1)

Figure 6: FOM-UL-Full performance with error bars across models. Grouped bar chart reporting the mean + standard
deviation of the four evaluation metrics, VerMem (M1), KnowMem (M2), PrivLeak (M3), and Utility (M4) for FOM-UL on

GPT-2, Llama-3, and Gemma-3.

e Verbatim Memorization V;

* Knowledge Memorization K;
* Privacy Leakage P;

* Utility Preservation U;

3. Aggregate Statistics: Compute the sample
mean and standard deviation for each metric:

— 1
M:N;MZ,
— - @D
OM = m;(Mz_M)a

where M € {V, K, P,U}.

4. Error-Bar Plotting: Plot M on the vertical
axis for each metric, with vertical error bars
of length 0. A grouped-bar chart can jux-
tapose multiple models side by side.

I Generated Response

Table 12 qualitatively compares representative gen-
erations under a quantization-stress setting, con-
trasting global unlearning baselines (e.g., GA-style
and NPO-style updates applied broadly across pa-
rameters) against layer-selective FOM-UL. Global
unlearning methods can suppress the target re-
sponse in full precision, but their updates are
often diffuse and relatively small, making them
susceptible to post-training quantization: when
16" — 6]] < Aguant, discretization can collapse the
unlearned model back toward the original behavior,

yielding Q(fy') =~ Q(fp) and causing response re-
covery in int4. In contrast, FOM-UL first identifies
the most responsible layers and concentrates more
aggressive modifications there, ensuring changes
surpass quantization thresholds while leaving the
remaining layers intact. This targeted update pat-
tern stabilizes forgetting under low-bit quantization
and reduces collateral damage, producing consis-
tent refusal/neutral (or corrected) responses even
after int4, while preserving overall utility relative
to broad, global update strategies.

J Code of Ethics

We used limited Al assistance only for grammar
checking. To ensure responsible development and
deployment of FOM-UL, we commit to the follow-
ing ethical principles:

1. Privacy and Data Sovereignty. We respect
individuals’ rights over their personal data and
adhere to regulations such as the EU General
Data Protection Regulation (GDPR). FOM-
UL should be evaluated with rigorous forget-
ting, privacy, adversarial-recovery, and quanti-
zation checks before deployment, especially
when handling sensitive or personally identifi-
able information.

2. Transparency and Auditability. Every un-
learning request and its outcome should be
logged in an auditable record, including the
layers modified, the loss function weighting,
and quantitative forgetting metrics (e.g., Ver-
Mem, PrivLeak) (Liu et al., 2025a). This
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Table 12: Qualitative case study of quantization-induced knowledge recovery. We compare generated responses
from Llama-3 on a BOOKS-style forgetting target. Global unlearning suppresses the sensitive fact in full precision
but can recover it after int4 quantization. In contrast, FOM-UL keeps the response stable after quantization by

concentrating updates in the responsible layers.

Method Prompt

Generated Response

Origin model (FP) In the novel Crimson Harbor, what
happens to Captain Elara at the end?
In the novel Crimson Harbor, what

happens to Captain Elara at the end?

Retain-only reference

Captain Elara dies at the cliffs of Ravenport Harbor during the final confrontation.

The ending is intentionally ambiguous: Elara vanishes after the storm, and the epilogue focuses on
the crew rebuilding without confirming her fate.

Global unlearning (GA, FP) In the novel Crimson Harbor, what
happens to Captain Elara at the end?
In the novel Crimson Harbor, what
happens to Captain Elara at the end?
In the novel Crimson Harbor, what
happens to Captain Elara at the end?
In the novel Crimson Harbor, what
happens to Captain Elara at the end?

Global unlearning (GA) + int4
NPO-style unlearning (FP)

NPO-style unlearning + int4

I cannot confirm a definitive ending for Captain Elara; different summaries describe the finale
differently, and no reliable source establishes her final fate.

Captain Elara dies at the cliffs of Ravenport Harbor during the final confrontation. (recovered after
quantization)

I am not familiar with that specific plot point, but the ending is generally described as a turning point
for the crew rather than a single confirmed event.

Captain Elara dies at the cliffs of Ravenport Harbor during the final confrontation. (partial recovery)

FOM-UL (FP) In the novel Crimson Harbor, what
happens to Captain Elara at the end?
In the novel Crimson Harbor, what

happens to Captain Elara at the end?

FOM-UL + int4

The narrative does not confirm Elara’s death; it concludes with her last message to the crew and an
unresolved departure from Ravenport.

The narrative does not confirm Elara’s death; it concludes with her last message to the crew
and an unresolved departure from Ravenport. (stable under quantization)

record must be available for independent re-
view by stakeholders or regulatory bodies.

3. Minimization of Collateral Impact. FOM-
UL’s selective-layer approach is designed to
constrain parameter updates to the smallest
subset necessary for effective forgetting. We
must rigorously evaluate downstream utility
(e.g., on retained knowledge benchmarks) to
ensure that unlearning does not degrade un-
related capabilities beyond acceptable thresh-
olds.

4. Robustness to Deployment Variants. Un-
learning claims should be stress-tested under
anticipated deployment scenarios, including
low-precision quantization and adapter-based
fine-tuning. Before release, models processed
by FOM-UL shall be validated at 32-, 8-,
and 4-bit precisions to confirm no “recovered”
knowledge emerges (Zhang et al., 2024b).

5. User Empowerment and Consent. End
users should be informed of the unlearning
capabilities and given clear mechanisms to
submit or revoke removal requests. Consent
policies must be documented in user-facing
privacy notices, ensuring that individuals un-
derstand how and when their data can be un-
learned.

6. Continuous Monitoring and Improvement.
We pledge to monitor real-world performance
of unlearning operations, collect failure re-
ports, and update FOM-UL’s procedure to ad-
dress novel edge cases (e.g., new adversarial

prompts or multimodal data scenarios). Ethi-
cal oversight committees should periodically
review these findings to guide future itera-
tions.

By adhering to these principles, FOM-UL aims to
strike a balance between robust privacy preserva-
tion and the preservation of general model utility,
supporting ethical Al deployment in compliance
with evolving legal and societal norms.

K Reproducibility

To facilitate independent verification and extension
of our FOM-UL results, we release all code, data
splits, and trained model checkpoints. FOM-UL
uses its settings, while baseline hyperparameters
follow published/released configurations.

Key details are as follows:

* Implementation. FOM-UL is implemented
in PyTorch and HuggingFace Transformers.
Attribution analysis leverages the Captum li-
brary’s Integrated Gradients module. Quanti-
zation routines use the bitsandbytes library.

* Data and Splits. We use a “Forget” set of 1.2
K tokens drawn from copyrighted Harry Pot-
ter text and a “Retain” set of 1.2 K tokens sam-
pled from HP FanWiki and Wikipedia. Fixed
train/validation splits and exact file hashes are
provided in data/.

* Hyperparameters and Seeds. FOM-UL uses
batch size 16, learning rate 10~°, and five un-
learning epochs; baseline hyperparameters fol-
low their published or released configurations.
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We set global random seeds (torch, numpy,
random) to ensure determinism.

Hardware and Environment. Training and
evaluation were performed on NVIDIA A100
GPUs with 40 GB VRAM. We provide a
Dockerfile and a Conda environment YAML
file (environment.yml) specifying CUDA
11.6, PyTorch 1.12.1, and required Python
packages.

Evaluation Protocols. Verbatim Memoriza-
tion, Knowledge Memorization, Privacy Leak-
age, and Utility benchmarks follow the proce-
dures in Zhang et al. Quantization evaluations
at 32-, 8-, and 4-bit are automated via pro-
vided scripts in tools/quantize_eval.py.

Logging and Metrics. All training logs,
layer-attribution scores, and forgetting met-
rics are stored in Weights & Biases projects;
and links are documented in the repository’s
README. txt.

4760



