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Abstract

Fine-tuning large language models (LLMs) is
a common practice to adapt generalist mod-
els to specialized domains. However, recent
studies show that fine-tuning can erode safety
alignment, causing LLMs to respond to harm-
ful or unethical prompts. Many methods to
realign safety have been proposed, but often in-
troduce custom algorithms that are difficult to
implement or compromise task utility. In this
work, we propose SafeMERGE1, a lightweight,
post-fine-tuning framework that restores safety
while maintaining downstream performance.
SafeMERGE selectively merges fine-tuned
with safety-aligned model layers only when
they deviate from safe behavior, measured by a
cosine similarity criterion. Across four LLMs
and several tasks, SafeMERGE consistently re-
duces harmful outputs compared to other de-
fenses, with negligible or even positive impact
on utility. Our results demonstrate that selec-
tive, layer-wise merging offers a robust safe-
guard against the inadvertent loss of safety dur-
ing fine-tuning, establishing SafeMERGE as a
simple yet effective post-fine-tuning defense.

1 Introduction and Motivation

Large language models (LLMs) have demonstrated
remarkable capabilities while becoming increas-
ingly accessible. Practitioners typically adapt these
models to specialized domains, such as code and
math, by fine-tuning with domain-specific data. In
this process, safety tuning is critical to ensure that
LLMs remain aligned with human values and secu-
rity policies (Ouyang et al., 2022; Bai et al., 2022;
Zhang et al., 2024). However, safety alignment has
been shown to be fragile during various stages of
adaptation (Wei et al., 2023; Huang et al., 2024e;
Zeng et al., 2024b; Zhan et al., 2024). For instance,
Yang et al. (2023) demonstrate that fine-tuning
with only a few malicious training examples can

1Code available at: github.com/aladinD/SafeMERGE

Figure 1: SafeMERGE merges harmful and safe LoRA
adapters only if the layers deviate from safe behavior,
measured by a projection-based cosine similarity.

jailbreak LLMs, prompting them to comply with
harmful user requests. More concerningly, Qi et al.
(2024b) show that even benign fine-tuning can in-
advertently degrade safety. Theoretical works on
refusal directions (Arditi et al., 2024) and token-
depth (Qi et al., 2024a) further suggest that safety
alignment is often merely shallow and easily bro-
ken. Ensuring that LLMs remain safe after fine-
tuning is therefore a critical practical challenge.

Recent defenses that address this challenge can
be broadly categorized into three groups based on
the stage at which interventions are applied: (a)
alignment-stage defenses, which intervene during
the initial safety alignment process (Huang et al.,
2024d; Rosati et al., 2024), (b) fine-tuning-stage
defenses, which modify the training procedure dur-
ing domain adaptation (Bianchi et al., 2024; Qi
et al., 2024a; Huang et al., 2024c), and (c) post-
fine-tuning-stage defenses, which attempt to restore
safety after fine-tuning has completed (Bhardwaj
et al., 2024; Hsu et al., 2025). An overview of
corresponding recent works is provided in App. A.
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However, many defenses rely on custom align-
ment or complex fine-tuning algorithms that are
difficult to integrate with standard open-source li-
braries and demand specialized expertise, thereby
hindering practical adoption. Moreover, simpler
defenses that avoid such custom training often com-
promise task performance in favor of safety. Moti-
vated by these practical challenges, we ask: How
can practitioners retain task utility while improving
safety, without relying on custom algorithms, and
while using standard open-source libraries?

In this paper, we propose SafeMERGE, a
lightweight, post-fine-tuning framework that se-
lectively merges fine-tuned model layers with those
from a safety-aligned model, but only when they
deviate from safe behavior. To identify such devi-
ations, SafeMERGE measures the cosine similar-
ity between layer activations and their projection
onto a safety-aligned subspace, and merges only
those layers that fall outside a similarity threshold.
Fig. 1 illustrates the general approach. With Safe-
MERGE, we specifically address practitioners who
aim to restore safety after fine-tuning without re-
quiring changes to their existing training pipeline.
The result is a simple but principled framework that
integrates easily into standard workflows.

We evaluate SafeMERGE on four widely used
LLMs: Llama-2-7B-Chat (Touvron et al., 2023),
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
Qwen-2-7B-Instruct (Yang et al., 2024), and Qwen-
2.5-7B-Instruct (Yang et al., 2025). We fine-tune
each model on two standard tasks in the main body,
GSM8K (Cobbe et al., 2021) and PubMedQA (Jin
et al., 2019), and further evaluate three out-of-
distribution telecom tasks in the appendix. In our
experiments, we demonstrate that SafeMERGE sig-
nificantly reduces harmfulness while maintaining
strong task performance, thereby achieving a better
trade-off between utility and safety compared to ex-
isting baselines that similarly operate without cus-
tom fine-tuning algorithms. We further conduct sev-
eral ablation studies to investigate key components,
including different merging strategies, weighting
schemes, and similarity thresholds.

2 SafeMERGE: Selective Layer-Wise
Safe LoRA Model Merging

Given an aligned model (e.g., an instruct or chat
variant) and a task-specific dataset, our goal is to
fine-tune the model to maximize task utility while
minimizing safety degradation. To this end, we

focus on parameter-efficient LoRA fine-tuning (Hu
et al., 2021), which is widely adopted in practice
(see App. B). SafeMERGE achieves this goal by
constructing two complementary models: (i) the
fine-tuned model trained on task-specific data, and
(ii) a safe model trained on safety-aligned data (e.g.,
harmful-prompt–safe-response pairs). It then selec-
tively merges only those fine-tuned layers that un-
derwent safety degradation with the corresponding
layers from the safe model. While this introduces
an additional preparation step, our experiments
show that fine-tuning the safety model is straight-
forward and requires only little data that can be
sourced from publicly available safety datasets (see
App. C.2). Furthermore, because the safe model is
task-agnostic, it only needs to be trained once and
can be reused across different fine-tuning tasks.

Inspired by Hsu et al. (2025), SafeMERGE iden-
tifies unsafe layers by constructing a safety-aligned
subspace V i and measuring each layer’s cosine
similarity to it. Specifically, V i is computed as the
difference between the weights of the aligned (e.g.,
instruct) and unaligned (e.g., base) models, i.e.,

V i = W i
aligned −W i

unaligned. (1)

This subspace represents the safety alignment in
the weight space per layer, and the projection Ci

onto it can be computed as Ci = V iV i⊤

∥V i∥F .
Consequently, a smaller cosine similarity be-

tween fine-tuned (∆W i
f ) and projected (Ci∆W i

f )
LoRA layers indicates a greater deviation from the
safety-aligned subspace. This allows us to identify
harmful layers as follows. Let ρi denote the cosine
similarity between ∆W i

f and Ci∆W i
f , i.e.,

ρi = cos
(
∆W i

f , C
i∆W i

f

)
. (2)

Given a safety threshold τ ∈ (0, 1), the fine-tuned
layer ∆W i

f is considered unsafe if ρi < τ . For
each such layer, SafeMERGE merges it with the
corresponding safe model layer ∆W i

s , i.e.,

∆W i
merge = MERGE(∆W i

f ,∆W i
s), (3)

where MERGE(·) defines the merging strategy.
One example is linear merging with α ∈ [0, 1]
(Ilharco et al., 2023), i.e.,

∆W i
merge,linear = α∆W i

f + (1− α)∆W i
s . (4)

Note that the threshold τ controls the selectivity,
where a larger τ implies merging more safe layers,
while a smaller τ retains more fine-tuned updates.

35317



We argue that SafeMERGE’s selective merg-
ing strategy yields a more favorable safety–utility
trade-off compared to purely projection-based ap-
proaches such as SafeLoRA (Hsu et al., 2025), and
methods that indiscriminately merge model layers
(Bhardwaj et al., 2024; Farn et al., 2025). Our em-
pirical results support this claim, demonstrating
that SafeMERGE consistently outperforms other
baselines across multiple settings while remaining
lightweight, as it requires no retraining and can
thus be run entirely on CPU (see App. F.4).

3 Experimental Setup

Models and Datasets. We LoRA fine-tune four
widely used LLMs: Llama-2-7B-Chat (Touvron
et al., 2023), Llama-3.1-8B-Instruct (Grattafiori
et al., 2024), Qwen-2-7B-Instruct (Yang et al.,
2024), and Qwen-2.5-7B-Instruct (Yang et al.,
2025). Our primary utility datasets are GSM8K
(Cobbe et al., 2021), a math corpus with grade-
school problems for multi-step reasoning, and Pub-
MedQA (Jin et al., 2019), a biomedical corpus
with more samples and a broader domain shift.
To further assess generalizability to highly spe-
cialized domains, in App. G.3, we additionally
fine-tune the models on three out-of-distribution
datasets from the telecom domain: TeleData (Maa-
touk et al., 2024), TeleQnA (Maatouk et al., 2023),
and TSpecLLM (Nikbakht et al., 2024). These
contain various questions drawn from telecom stan-
dards and engineering practice, often formatted as
lists, tables, and complex mathematical formulas,
which are shown to be harmful during training (He
et al., 2024; Djuhera et al., 2026). Further details
on utility fine-tuning are provided in App. C.1.

Evaluation Setup. To assess task performance
on the utility datasets, we report exact-match ac-
curacy for GSM8K and classification accuracy for
PubMedQA. We also assess general abilities via
IFEval (Zhou et al., 2023) and MMLU (Hendrycks
et al., 2021). For safety evaluations, we follow Yao
et al. (2024); Qi et al. (2024a); Hsu et al. (2025)
and generate responses on DirectHarm (Lyu et al.,
2024) and HexPhi (Qi et al., 2024b), two popular
red-teaming benchmarks. We use Llama-Guard-3-
8B (Grattafiori et al., 2024) to assess safety and re-
port the overall harmfulness score as the proportion
of model responses flagged as unsafe. To mitigate
evaluator bias, in App. G.1, we cross-validate our
harmfulness scores using ShieldGemma-9B (Zeng
et al., 2024a), observing consistent trends with the

Llama-Guard model. More details on our evalua-
tion setup are provided in App. D.

Baselines. We compare SafeMERGE against
methods that similarly require no custom align-
ment: a) SafeInstruct (Bianchi et al., 2024), a fine-
tuning defense that augments the training data with
additional safety samples, b) RESTA (Bhardwaj
et al., 2024), a post-fine-tuning method that re-
moves harmful task vectors by subtracting parame-
ters of an unsafe model from the fine-tuned one, c)
RESTA-Instruct (Farn et al., 2025), a RESTA vari-
ant that instead performs full-parameter merging
with instruct models to induce safe task vectors,
and d) SafeLoRA (Hsu et al., 2025), which projects
LoRA updates onto a safety-aligned subspace. Fur-
ther background, discussions, and intermediate re-
sults are provided in App. E.

SafeMERGE. We selectively merge harmful
fine-tuned with safety-aligned LoRA layers only
where the former fail the cosine similarity test. To
this end, we obtain the safe model by fine-tuning
on subsets (100, 500, 1000, 2500 samples) of the
public safety dataset from Bianchi et al. (2024)
and selecting the model with the lowest harmful-
ness (see App. C.2). Similar to Hsu et al. (2025),
we use base and chat/instruct models to define
the safety-aligned subspace, allowing for a direct
comparison. However, other models, such as ex-
plicitly safety-tuned ones, can also be used (see
App. E.4.1). We investigate different weighting
schemes (see App. F.2) and additionally explore
DARE (Yu et al., 2024) and TIES (Yadav et al.,
2023) merging strategies, but find standard linear
merging sufficient (see App. F.3).

4 Results and Discussion

We compare SafeMERGE to all baselines with a
focus on linear merging and analyze key perfor-
mance trends. Table 1 reports the main results for
the GSM8K and PubMedQA tasks.

Overall Performance. In general, SafeMERGE
matches or exceeds utility while significantly reduc-
ing harmfulness. For Llama-2 (GSM8K), it retains
near-best accuracy (26.96%) while reducing Direct-
Harm (HexPhi) from 27.80% (16.40%) to 7.50%
(5.70%). For Llama-3.1 (GSM8K), SafeMERGE
even improves accuracy to 78.50%, surpassing the
fine-tuned model while achieving the lowest harm-
fulness, even lower than the original instruct model.
Similar trends hold for Llama-2 and Llama-3.1 on
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Table 1: SafeMERGE compared to baselines (SafeInstruct, RESTA, RESTA-Instruct, SafeLoRA) on Llama and
Qwen models fine-tuned on GSM8K and PubMedQA. Utility is measured on the target task, general capabilities on
IFEval/MMLU, and harmfulness via DirectHarm/HexPhi. Best results are bolded and second-best are underlined.

Model Benchmark Original Fine-tuned SafeInstruct RESTA RESTA-Instruct SafeLoRA SafeMERGE

Llama-2-7B-Chat
(GSM8K)

GSM8K (↑) 22.67 27.37 26.00 24.94 25.90 26.15 26.96
IFEval (↑) 40.30 40.00 40.10 39.70 39.90 40.00 40.30
MMLU (↑) 23.60 23.40 23.50 23.00 23.20 23.40 23.50
DirectHarm (↓) 5.00 27.80 7.50 7.50 9.50 10.20 7.50
HexPhi (↓) 2.00 16.40 6.20 4.30 6.80 6.90 5.70

Llama-2-7B-Chat
(PubMedQA)

PubMedQA (↑) 55.20 72.60 71.20 57.10 64.50 71.40 72.20
IFEval (↑) 40.30 40.00 40.10 39.60 39.80 40.00 40.40
MMLU (↑) 23.60 23.30 23.40 22.90 23.10 23.30 23.40
DirectHarm (↓) 5.00 12.50 12.20 5.80 8.10 10.70 8.10
HexPhi (↓) 2.00 6.20 6.30 4.20 5.30 5.90 4.30

Llama-3.1-8B-Instruct
(GSM8K)

GSM8K (↑) 73.80 78.24 77.40 74.20 77.10 77.90 78.50
IFEval (↑) 78.30 78.10 78.20 77.40 77.90 78.00 78.30
MMLU (↑) 63.10 62.80 62.90 61.70 62.30 62.70 63.20
DirectHarm (↓) 11.30 28.30 12.50 11.90 13.50 15.10 8.80
HexPhi (↓) 7.90 14.70 7.20 6.90 7.20 7.10 6.30

Llama-3.1-8B-Instruct
(PubMedQA)

PubMedQA (↑) 74.40 78.80 78.50 75.70 77.40 78.30 79.00
IFEval (↑) 78.30 78.00 78.10 77.30 77.80 78.00 78.20
MMLU (↑) 63.10 62.70 62.80 61.50 62.20 62.60 62.80
DirectHarm (↓) 11.30 23.50 11.80 10.30 14.20 16.70 9.10
HexPhi (↓) 7.90 12.20 9.70 7.10 8.70 9.60 6.80

Qwen-2-7B-Instruct
(GSM8K)

GSM8K (↑) 58.38 70.13 72.69 60.73 69.30 74.37 72.90
IFEval (↑) 56.00 55.80 55.90 54.70 55.40 55.80 55.90
MMLU (↑) 69.00 68.70 68.90 67.90 68.30 68.60 68.80
DirectHarm (↓) 18.20 25.30 13.70 18.80 17.40 22.30 8.20
HexPhi (↓) 11.50 16.80 9.50 15.80 14.10 14.80 7.50

Qwen-2-7B-Instruct
(PubMedQA)

PubMedQA (↑) 73.60 79.60 80.00 75.80 78.50 82.80 80.30
IFEval (↑) 56.00 55.70 55.80 54.60 55.30 55.70 55.80
MMLU (↑) 69.00 68.60 68.80 67.80 68.20 68.50 68.90
DirectHarm (↓) 18.20 26.00 12.50 18.50 17.60 19.50 8.50
HexPhi (↓) 11.50 13.20 5.90 14.80 14.50 14.50 5.90

Qwen-2.5-7B-Instruct
(GSM8K)

GSM8K (↑) 54.60 77.00 77.80 56.30 65.70 78.10 78.40
IFEval (↑) 72.40 71.80 71.80 71.00 71.30 71.70 71.90
MMLU (↑) 68.70 68.50 68.70 67.70 68.30 68.40 68.80
DirectHarm (↓) 14.20 22.10 12.50 18.30 17.70 19.40 10.10
HexPhi (↓) 13.20 17.30 11.30 16.20 15.40 14.40 10.30

Qwen-2.5-7B-Instruct
(PubMedQA)

PubMedQA (↑) 73.20 78.80 79.20 74.20 77.60 79.10 79.50
IFEval (↑) 72.40 72.10 72.00 71.20 71.50 71.90 72.30
MMLU (↑) 68.70 68.40 68.70 67.80 68.40 68.60 68.90
DirectHarm (↓) 14.20 20.20 13.10 15.70 14.90 17.10 11.10
HexPhi (↓) 13.20 17.80 9.50 15.60 15.20 13.30 8.70

PubMedQA, and for Qwen-2 and Qwen-2.5 models
on both datasets. SafeMERGE achieves this with
selective merging: only 28 LoRA layers for Llama-
2, 29 for Llama-3.1, and 34 for Qwen-2/2.5. Sim-
ilar trends can be observed for the telecom tasks
(see Table 13 in App. G), where SafeMERGE con-
sistently restores safety while retaining high utility.

Baseline Comparisons. Overall, SafeMERGE
delivers the best safety–utility trade-off across all
models and tasks. Among baselines, SafeInstruct
is the strongest competitor, whereas RESTA and
RESTA-Instruct consistently underperform on util-
ity. SafeLoRA ranks second in utility (after Safe-
MERGE) but falls short in safety, lagging behind
the other methods. Results on IFEval and MMLU

further show that all defenses preserve general rea-
soning. This aligns with prior findings (Arditi et al.,
2024; Hsu et al., 2025), confirming that safety
interventions primarily regulate refusal behavior
without degrading broader reasoning or knowledge
capabilities. These findings demonstrate that Safe-
MERGE’s selective merging a) avoids the utility
degradation of indiscriminate merging (RESTA
variants), b) restores safety better than projection-
based alignment (SafeLoRA), and c) surpasses
even fine-tuning-stage methods (SafeInstruct).

5 Insights from Ablations

We summarize key ablation results. Additional
analyses are provided in App. F and App. G.
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Table 2: Cosine similarity vs. Euclidean distance as
intervention metrics on GSM8K.

Fine-Tuned Model Intervention Metric GSM8K (↑) DirectHarm (↓)

Llama-3.1-8B-Instruct
(GSM8K)

None (Baseline) 78.24 28.30
Euclidean Distance 42.10 17.40
Cosine Similarity 78.50 8.80

Qwen-2-7B-Instruct
(GSM8K)

None (Baseline) 70.13 25.30
Euclidean Distance 45.30 15.80
Cosine Similarity 72.90 8.20

Cosine Similarity as an Intervention Metric.
SafeMERGE adopts the cosine similarity crite-
rion because it captures the directional align-
ment between fine-tuned updates and the safety-
aligned subspace, independent of update mag-
nitude. This is particularly important in high-
dimensional weight spaces, where fine-tuning may
induce large parameter shifts without necessarily
compromising safety. In contrast, magnitude-based
metrics, such as Euclidean distance, conflate how
much a model has changed with whether it has
drifted in an unsafe direction, and may therefore
flag useful task updates as harmful even when safe.
To validate our design choice, we compare cosine
similarity against Euclidean distance on GSM8K
for the Llama-3.1-8B and Qwen-2-7B instruct mod-
els in Table 2. For Llama, using Euclidean distance
for intervention reduces harmfulness on Direct-
Harm to 17.40%, but causes a severe utility drop to
42.10%. In contrast, cosine-similarity-based Safe-
MERGE improves utility to 78.50% while reducing
harmfulness much more substantially to 8.80%. A
similar pattern holds for the Qwen model, which
sees a significantly better safety–utility trade-off
when using cosine similarity as the intervention
metric. These results confirm that cosine similar-
ity is a substantially more reliable proxy for safety
degradation, as it restores safety without sacrificing
the fine-tuned model’s downstream capabilities.

Mechanistic Interpretability of Threshold τ .
Because cosine similarity measures the angular
alignment between a fine-tuned LoRA update and
the safety-aligned direction, the choice of τ di-
rectly determines how far a layer may deviate
from the safety manifold before intervention is trig-
gered. This makes τ geometrically interpretable:
layers are merged only when their updates become
sufficiently orthogonal or opposed to the safety
direction. Further, our ablations identify stable
heuristics and reliable defaults that provide strong
safety–utility trade-offs across settings, reducing
the need for granular per-task fine-tuning. Specif-
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Figure 2: Qwen-2-7B-Instruct (GSM8K, DirectHarm)
with weighting factor α = 0.7. The optimal trade-off
between utility and safety is achieved for τ = 0.65.
Similar results and patterns are observed for Qwen-2.5.

ically, optimal thresholds remain within a narrow
range across models and datasets, typically around
τ ∈ [0.6, 0.8], with representative optima 0.7 for
Llama-2, 0.75 for Llama-3.1, and 0.65 for Qwen-2
across tasks (see Fig. 2 and App. F.1).

Weighting and Merging Schemes. As the sim-
ilarity threshold τ increases, more layers are
merged, progressively improving safety at the cost
of task utility. Weighting schemes further shape
this trade-off by controlling the relative contribu-
tion of the models. Across experiments, balanced
weights that sum to 1.0 generally outperform over-
weighted ratios with disproportionate contributions
(see App. F.2). We also find that alternative merg-
ing strategies offer no clear advantage over lin-
ear merging. While DARE performs comparably,
TIES is inconsistent: it works well for Llama-2 on
GSM8K, but fails on PubMedQA, Llama-3.1, and
both Qwen models (see App. F.3), making linear
merging the most robust strategy overall.

6 Conclusion

We proposed SafeMERGE, a lightweight, post-fine-
tuning framework for restoring model safety af-
ter fine-tuning. SafeMERGE selectively merges
only the degraded layers with corresponding safety-
aligned counterparts, rather than the entire model.
Evaluations on four LLMs across several fine-
tuning tasks and two independent red-teaming
benchmarks show that SafeMERGE consistently
outperforms other defenses, achieving optimal
trade-offs between task utility and model safety.
Our results highlight selective, layer-wise merg-
ing as an effective strategy for restoring safety in
fine-tuned LLMs without sacrificing performance.
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Limitations

Model and Task Selection. SafeMERGE is eval-
uated on four representative LLMs across two
downstream tasks in the main body and three ad-
ditional tasks in appendix. While this range cap-
tures both model diversity and domain shift, extend-
ing the evaluation to additional tasks and model
families would provide a broader picture of Safe-
MERGE’s generality. However, the computational
overhead of fine-tuning and safety testing across
more tasks and models is non-trivial. We also note
that our chosen models and datasets from the main
body align with those used in prior studies (Bhard-
waj et al., 2024; Qi et al., 2024b; Hsu et al., 2025),
enabling fair comparisons despite this limitation.

Safety Evaluations. We use Llama-Guard-3-8B
(Grattafiori et al., 2024) to assess safety on two stan-
dard red-teaming benchmarks: DirectHarm (Lyu
et al., 2024) and HexPhi (Qi et al., 2024b). While
this setup enables reproducible and large-scale eval-
uation, it inherits the limitations of classifier-based
safety assessment. However, our choice of Llama-
Guard-3-8B reflects current best practices in the
field, as demonstrated in prior work by Yao et al.
(2024); Qi et al. (2024a); Hsu et al. (2025). Nev-
ertheless, to mitigate potential evaluator bias, we
cross-validate our results using ShieldGemma-9B
(Zeng et al., 2024a) in App. G.1, observing consis-
tent trends with the Llama-Guard model.

Safe Model. SafeMERGE relies on a safety-
aligned model for layer merging. This introduces
an additional step that requires fine-tuning on safety
data. In our experiments we show that this fine-
tuning is simple, requires only a small amount of
data drawn from publicly available safety datasets
(see App. C.2), and yields a model that is task-
agnostic. As a result, the safe model can be reused
across multiple fine-tuning tasks and only needs
to be trained once. Nevertheless, investigating
domain-specific safety datasets for safe model train-
ing remains an interesting direction for future work.

Jailbreak Attacks. Our work focuses on safety
degradation from fine-tuning on benign tasks. Our
evaluation thus assesses whether models produce
harmful outputs when directly prompted with red-
teaming instructions, rather than testing their ro-
bustness against jailbreak-style attacks (Xu et al.,
2024). We exclude such evaluations for two rea-
sons: (1) our primary goal is to study alignment
loss introduced through fine-tuning, not adversarial

prompting, and (2) jailbreak evaluations typically
require separate attack pipelines, dynamic prompt-
ing strategies, and fine-grained response auditing,
all of which are beyond the scope of this study.

Ethics Statement

While our method helps restore safety through se-
lective merging with a safety-aligned model, it still
relies on pre-trained and fine-tuned models that
may carry latent biases, unsafe behaviors, or mis-
alignments inherited from the original training data.
SafeMERGE does not explicitly filter or debias
these components. Thus, further investigation is
needed to understand the impact of such inherited
biases in the models used during merging.
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A Related Work

Recent literature features numerous defenses to
preserve or restore safety alignment in fine-tuned
LLMs. We refer to Yao et al. (2024) for a compre-
hensive survey, while here we discuss representa-
tive methods along three stages of intervention.

Alignment-Stage Defenses. These solutions aim
to make the base model maximally resilient before
any user-led fine-tuning. Techniques include large-
scale data filtering and alignment procedures, such
as RLHF (Ouyang et al., 2022), to prevent harm-
ful adaptation. Representative defenses are Vac-
cine (Huang et al., 2024d), RepNoise (Rosati et al.,
2024), CTRL (Liu et al., 2024), TAR (Tamirisa
et al., 2024), and Booster (Huang et al., 2024b),
which introduce perturbations, adversarial training,
or safety constraints to reinforce alignment robust-
ness before fine-tuning.

Fine-Tuning-Stage Defenses. These defenses
integrate safety alignment measures during fine-
tuning. A common approach is to mix safety data
into training, as in SafeInstruct (Bianchi et al.,
2024) and VLGuard (Zong et al., 2024), or to apply
regularization to safety-anchor model outputs, such
as LDIFS (Mukhoti et al., 2024), Constrained-SFT
(Qi et al., 2024a), and Freeze methods (Wei et al.,
2024; Li and Kim, 2025). Additionally, prompt-
based safeguards like BEA (Wang et al., 2024) and
PTST (Lyu et al., 2024) embed safety triggers into
prompts to reinforce alignment without modifying
model weights. Some of these methods require
explicit adjustments to the fine-tuning pipeline, of-
ten impractical or too complex for black-box fine-
tuning with standard open-source libraries.

Post-Fine-Tuning-Stage Defenses. Post-training
solutions realign a model after it has been (poten-
tially unsafely) fine-tuned. This is appealing in
scenarios where controlling or monitoring the fine-
tuning process is infeasible. Notable examples in-
clude SafeLoRA (Hsu et al., 2025), which projects
LoRA updates onto a safety subspace derived from
a pre-aligned reference model, and RESTA (Bhard-
waj et al., 2024), which negatively merges a harm-
ful task vector into a compromised model to restore
safe behaviors. Other methods include SOMF (Yi
et al., 2024), which utilizes masking techniques to
realign a fine-tuned model via task vectors, An-
tidote (Huang et al., 2024a), which zeroes out
harmful weight coordinates to remove undesired
responses, and LSSF (Zhou et al., 2026), which
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restores safety via SVD-based low-rank safety sub-
space fusion followed by linear arithmetic. These
techniques are particularly useful for fine-tuning-as-
a-service scenarios, as they can be applied post-hoc
with minimal compute cost.

Our method, SafeMERGE, fits into the post-
training paradigm, specifically drawing from
SafeLoRA and RESTA, but taking a more selective,
layer-wise approach. Instead of globally project-
ing or adding a single safety vector, SafeMERGE
fuses only those LoRA layers whose updates devi-
ate significantly from safety, measured by a cosine
similarity criterion. By preserving benign layers in-
tact, it achieves a better trade-off between retaining
fine-tuned capabilities and restoring safety. Safe-
MERGE’s selective merging approach is thus prin-
cipled and motivated by the shortcomings of other
post-fine-tuning defenses that either under-restore
safety (SafeLoRA) or cause utility loss (RESTA).
Moreover, SafeMERGE is intentionally simple, re-
quires no retraining, and is easy to tune. This dis-
tinguishes it from more resource-intensive post-
fine-tuning-stage approaches such as LSSF, which
relies on matrix decomposition (SVD) to identify
low-rank safety subspaces, whereas SafeMERGE
operates through cosine-similarity checks and lin-
ear blending, making it more accessible and mech-
anistically interpretable.

B LoRA Fine-Tuning

Low-Rank Adaptation (LoRA) (Hu et al., 2021) is
a parameter-efficient fine-tuning (PEFT) method
that enables large pre-trained language models to
be fine-tuned efficiently with minimal additional
parameters. Instead of updating the full parameter
set of a model during fine-tuning, LoRA injects
a pair of small, trainable rank-decomposition ma-
trices into selected transformer layers while keep-
ing the original weights frozen. This approach
drastically reduces the number of trainable param-
eters and corresponding memory footprint, while
maintaining competitive performance to full fine-
tuning. Its simplicity and compute efficiency make
LoRA one of the most widely adopted techniques
for parameter-efficient fine-tuning of LLMs.

B.1 General Formulation

Consider a weight matrix W i ∈ Rd×k of a trans-
former layer i, e.g., one of the projection matrices
in a self-attention or feed-forward block. In stan-

dard fine-tuning, all entries of W i are updated. In
contrast, LoRA constrains the weight update ∆W i

to be a low-rank decomposition, i.e.,

∆W i = AiBi, (5)

where Ai ∈ Rd×r and Bi ∈ Rr×k are trainable ma-
trices of rank r with r ≪ min(d, k). The adapted
LoRA weight matrix is thus given by

W i
LoRA = W i + γ ·AiBi, (6)

where γ is a scalar scaling factor introduced to
stabilize training by controlling the effective mag-
nitude of the weight update.

B.2 Forward and Backward Computation
During forward propagation, the modified linear
transformation becomes

hout = W i
LoRAhin = W ihin + γ ·Ai(Bihin), (7)

where hin and hout denote the input and output
activations, respectively. Since W i remains frozen,
gradients are only computed with respect to Ai and
Bi during backpropagation, i.e.,

∂L
∂Ai

= γ · ∂L
∂hout

(Bihin)
⊤, (8)

∂L
∂Bi

= γ · (Ai)⊤
∂L
∂hout

h⊤in, (9)

where L denotes the training loss function.

B.3 Parameter Efficiency
The total number of trainable parameters for an
adapted LoRA matrix is given by

NLoRA = dr + rk = r(d+ k), (10)

compared to dk for full fine-tuning. For typical con-
figurations where r ∈ {4, 8, 16}, LoRA achieves
≈0.1–1% trainable parameters relative to the base
model, depending on which layers are adapted.

B.4 Application to Linear Projections
LoRA is typically applied to selected linear projec-
tions in transformer layers, such as the attention
projection matrices {Wq,Wk,Wv,Wo} or the feed-
forward (MLP) projections. Applying LoRA to a
subset of these modules, most commonly Wq and
Wv, offers a favorable trade-off between model
quality and training efficiency. In practice, apply-
ing LoRA across all attention and feed-forward
modules yields only marginal performance gains
while increasing training cost. We refer readers to
the original work by Hu et al. (2021) for further
theoretical and empirical details.
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C Fine-Tuning Configurations

This section provides details on the fine-tuning con-
figurations used in our experiments. To ensure
reproducibility and comparability, we fine-tune all
models using Llama-Factory (Zheng et al., 2024)
with FSDP on 8 × NVIDIA A100 80GB GPUs.

C.1 Utility Fine-Tuning

We LoRA fine-tune (Hu et al., 2021) Llama-2-7B-
Chat, Llama-3.1-8B-Instruct, Qwen-2-7B-Instruct,
and Qwen-2.5-7B-Instruct on GSM8K and Pub-
MedQA tasks using the configurations detailed in
Table 3. This results in ≈ 1% trainable parameters,
making fine-tuning more efficient without compro-
mising accuracy. Fine-tuning details for the addi-
tional telecom datasets are provided in App. G.3.

Table 3: Fine-tuning hyperparameters for GSM8K and
PubMedQA across Llama-2, Llama-3.1, Qwen-2, and
Qwen-2.5 models.

Parameter GSM8K PubMedQA

Batch Size 32 64
Learning Rate 1× 10−4 1× 10−4

Epochs 6 2
Warmup 64 steps 1% of total steps
LR Scheduler Linear Cosine
Weight Decay 0 0.01

LoRA Modules [q_proj, v_proj] [q_proj, v_proj]
LoRA Rank 8 8
LoRA Alpha 16 16
LoRA Dropout 0 0

C.2 Safety Fine-Tuning

We similarly fine-tune the corresponding safety
models on 100, 500, 1000, and 2500 samples from
Bianchi et al. (2024)’s safety collection using the
LoRA parameters from Table 3 with batch size 32,
learning rate 1 × 10−4, and linear scheduling for
10 epochs each. We then select the best (i.e., the
safest) model. Tables 4 and 5 report the harmful-
ness scores after safety fine-tuning for all models.

Table 4: Harmfulness scores (lower is better) for safe
Llama-2 and Llama-3.1 models across different safety
sample sizes from Bianchi et al. (2024).

Llama-2-7B-Chat Llama-3.1-8B-Instruct

Samples DirectHarm HexPhi DirectHarm HexPhi

100 3.00 2.30 8.90 6.10
500 1.80 2.60 7.10 5.70
1000 1.30 1.00 6.30 5.10
2500 1.50 2.00 6.40 5.20

Table 5: Harmfulness scores (lower is better) for safe
Qwen-2 and Qwen-2.5 models across different safety
sample sizes from Bianchi et al. (2024).

Qwen-2-7B-Instruct Qwen-2.5-7B-Instruct

Samples DirectHarm HexPhi DirectHarm HexPhi

100 15.50 9.90 11.10 10.90
500 6.80 3.30 5.80 3.00
1000 7.50 3.00 6.30 3.10
2500 9.20 6.90 8.70 5.40

D Evaluation Setup

This section details the utility and safety evaluation
setup used in our experiments.

D.1 Utility Evaluations
To assess task performance on the primary utility
datasets, we use the LM Evaluation Harness frame-
work (Gao et al., 2024), a widely adopted standard
for evaluating LLMs across diverse benchmarks.
To this end, we report exact-match accuracy for
GSM8K (0-shot) and classification accuracy for
PubMedQA. To further assess general reasoning
abilities, we evaluate each model on IFEval (Zhou
et al., 2023) and MMLU (Hendrycks et al., 2021).
For all evaluations, we follow the default configura-
tion and settings from the LM Evaluation Harness
framework. Evaluation details for the additional
telecom datasets are provided in App. G.3.

D.2 Safety Evaluations
For each model, we generate responses to harmful
prompts from the DirectHarm (Lyu et al., 2024) and
HexPhi (Qi et al., 2024b) red-teaming datasets, and
evaluate their corresponding safety using Llama-
Guard-3-8B (Grattafiori et al., 2024). To this end,
we report the overall harmfulness score as the pro-
portion of model responses flagged as unsafe. Ta-
ble 6 summarizes the inference parameters used for
response generation across all models. To avoid po-
tential evaluator bias, we cross-validate our safety
scores using ShieldGemma-9B (Zeng et al., 2024a),
observing consistent trends with our Llama guard
model (see App. G.1).

E Baseline Configurations and Results

This section provides details on the selected base-
line defenses, their optimal configurations, and ad-
ditional intermediate results.

E.1 SafeInstruct
Following Bianchi et al. (2024), we randomly in-
terleave a set of their harmful Q&A pairs (with
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Table 6: Inference parameters used for generating re-
sponses to harmful prompts across all models.

Parameter Value

max_new_tokens 512
top_p 1.0
top_k 0
temperature 1.0
repetition_penalty 1.0
length_penalty 1
batch_size 1

safe answers) into the corresponding fine-tuning
datasets without additional system prompts. We
experiment with 100, 500, 1000, and 2500 inter-
leaved safety samples. Since the total number of
safety samples remains relatively small (e.g., at
most 1.2% of PubMedQA and 28% of GSM8K),
we retain the original downstream task fine-tuning
hyperparameters from Table 3.

E.1.1 Fine-Tuning Results
In general, we confirm Bianchi et al. (2024)’s obser-
vation that more samples increase safety, and even
may increase utility. We report intermediate results
for Llama-2 and Llama-3.1 models in Table 7, and
for Qwen-2 and Qwen-2.5 models in Table 8. For
comparison with SafeMERGE, we select the safest
variant, i.e., the one with 2500 safety samples.

E.1.2 Utility vs. Safety Trade-Off
Fig. 3–4 compare utility (blue, left y-axis) and Hex-
Phi harmfulness (red, right y-axis) across different
safety sample sizes for GSM8K. This illustrates the
trade-off between utility and harmfulness, corrob-
orating the findings of Bianchi et al. (2024). The
patterns are similar for Llama-3.1 and Qwen-2.5.

E.2 RESTA
RESTA (Bhardwaj et al., 2024) constructs a safety
vector by fine-tuning a model on harmful data and
negating the resulting LoRA parameters. Since the
original dataset used in Bhardwaj et al. (2024) is
unavailable, we replicate RESTA using AdvBench
(Zou et al., 2023) and HarmfulQA (Bhardwaj and
Poria, 2023). We evaluate both linear and DARE-
linear merging and explore densities from 0.1 to
0.5, as well as weighting factors α ∈ [0.1, 0.5].

E.2.1 Implementation
The RESTA methodology follows the below steps:

1. Fine-tune a harmful model using Adv-
Bench/HarmfulQA, resulting in θharmful.
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Figure 3: SafeInstruct utility vs. safety for Llama-2-7B-
Chat (GSM8K), evaluated on HexPhi prompts.
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Figure 4: SafeInstruct utility vs. safety for Qwen-2-7B-
Instruct (GSM8K), evaluated on HexPhi prompts.

2. Negate all harmful LoRA weights, resulting
in θ∗harmful, i.e., perform for all LoRAs:

W LoRA,∗
harm = −W LoRA

harm .

3. Merge the negated weights θ∗harmful with the
original fine-tuned model θorigSFT , i.e.,

θRESTA = θorigSFT + α · θ∗harmful,

where α ∈ [0.1, 0.5] is the weighting factor.

4. Apply DARE rescaling if required.

We implement the corresponding LoRA adapter
merging using HuggingFace’s PEFT library, which
supports both linear and DARE-linear merging.

E.2.2 Harmful Fine-Tuning

We fine-tune Llama and Qwen models on Adv-
Bench and HarmfulQA datasets using the LoRA
settings from Table 3 with a batch size of 32, learn-
ing rate of 1 × 10−4, and linear scheduling for 5
epochs. We report the harmfulness scores for Di-
rectHarm and HexPhi in Table 9.
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Table 7: SafeInstruct at various safety sample sizes for Llama-2-7B-Chat and Llama-3.1-8B-Instruct.

Llama-2-7B-Chat Llama-3.1-8B-Instruct

GSM8K PubMedQA GSM8K PubMedQA

SafeInstruct
Number of Samples

DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility

100 10.20 10.50 23.42 26.00 10.90 69.40 17.80 15.70 76.90 18.90 12.20 78.30
500 10.00 7.90 23.80 18.80 10.50 69.70 14.40 9.40 76.80 15.10 11.20 77.90
1000 7.90 6.80 25.17 15.20 6.90 71.20 13.70 7.80 77.20 12.50 10.40 78.10
2500 7.50 6.20 26.00 12.20 6.30 71.20 12.50 7.20 77.40 11.80 9.70 78.50

Table 8: SafeInstruct at various safety sample sizes for Qwen-2-7B-Instruct and Qwen-2.5-7B-Instruct.

Qwen-2-7B-Instruct Qwen-2.5-7B-Instruct

GSM8K PubMedQA GSM8K PubMedQA

SafeInstruct
Number of Samples

DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility

100 19.50 10.90 71.42 15.50 6.30 79.20 17.40 15.60 77.10 16.10 14.40 78.60
500 17.50 10.20 72.07 14.20 5.90 79.60 15.50 15.20 77.20 14.90 12.20 78.20
1000 15.70 9.90 72.42 13.50 5.90 79.20 13.30 12.50 77.60 13.80 10.30 78.90
2500 13.70 9.50 72.69 12.50 5.90 80.00 12.50 11.30 77.80 13.10 9.50 79.20

Table 9: Harmfulness scores (higher is better for
RESTA) for Llama-2, Llama-3.1, Qwen-2, and Qwen-
2.5 models across DirectHarm and HexPhi benchmarks.

AdvBench HarmfulQA

Model DirectHarm HexPhi DirectHarm HexPhi

Llama-2-7B-Chat 38.30 36.50 94.00 97.40
Llama-3.1-8B-Instruct 64.50 62.70 95.50 98.20
Qwen-2-7B-Instruct 59.50 47.70 72.00 76.00
Qwen-2.5-7B-Instruct 64.80 53.60 77.10 78.30

E.2.3 RESTA Weighting Factors vs. Density
vs. Linear vs. DARE-linear Merging

We analyze the trade-off between utility and safety
for different weightings under both linear and
DARE-linear merging in RESTA. Figures 5a–5d
present results for Qwen-2-7B-Instruct fine-tuned
on AdvBench and HarmfulQA, evaluated on Pub-
MedQA for utility and on DirectHarm and HexPhi
for harmfulness. We find that DARE-linear merg-
ing consistently yields better safety scores but at
the expense of lower task performance. In general,
lower densities further worsen this trade-off. By
contrast, linear merging remains close in utility to
the fine-tuned model but compromises safety, sig-
nificantly increasing harmfulness. Each point in
the figures corresponds to a different weighting fac-
tor, where we identify α = 0.5 as the best among
them. Similar patterns are observed for Llama-2,
Llama-3.1, and Qwen-2.5 models but are omitted
for brevity. Overall, RESTA’s approach to realign-
ing safety compromises either task utility or safety,
suggesting that attempting to remove harmful task
vectors through negative merging is less effective,

at least for the evaluated utility tasks in our study.

E.3 RESTA-Instruct

Similar to RESTA, Farn et al. (2025) perform full-
parameter merging between fine-tuned and instruct
models, aiming to induce safe task vectors instead
of attempting to remove harmful ones, i.e.,

θmerged = θorigSFT + α · θinstruct.

We refer to this variant as RESTA-Instruct and
conduct similar experiments, where we identify
α = 0.5 as the best weighting factor. In general, we
observe similar general trends compared to RESTA,
with RESTA-Instruct, on average, achieving a
slightly better utility. However, as shown in Ta-
ble 1, RESTA-Instruct continues to compromise on
task utility compared to other defenses, further sug-
gesting that merging with the instruct model erases
task vectors learned during fine-tuning, eventually
inducing catastrophic forgetting. Furthermore, we
emphasize that this special case of RESTA assumes
that instruct models are inherently safety-aligned,
which is not the case for all models, such as Mistral-
7B-Instruct (Jiang et al., 2023). This may create a
serious oversight. Adding to that, we observe that,
for example, the Llama-3.1-8B-Instruct model is
noticeably less safe compared to Llama-2-7B-Chat.
Thus, the incorporation of a safety-aligned model,
as is done for SafeMERGE, is a better choice to
effectively restore safety. In addition, naively merg-
ing all parameters may be too simplistic, further
encouraging catastrophic forgetting.
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(a) AdvBench: Utility vs. DirectHarm Harmfulness. (b) AdvBench: Utility vs. HexPhi Harmfulness.

(c) HarmfulQA: Utility vs. DirectHarm Harmfulness. (d) HarmfulQA: Utility vs. HexPhi Harmfulness.

Figure 5: Utility vs. safety trade-offs of RESTA for Qwen-2-7B-Instruct across experiments. The first row shows
results on AdvBench, the second row on HarmfulQA. Each point corresponds to a different weighting α ∈ [0.1, 0.5].

E.4 SafeLoRA

SafeLoRA (Hsu et al., 2025) mitigates safety degra-
dation in fine-tuned models by projecting LoRA
weight updates onto a safety-aligned subspace. We
apply SafeLoRA to Llama-2, Llama-3.1, Qwen-2,
and Qwen-2.5 models, using their respective base
and instruct variants to construct the safety-aligned
subspace. To this end, we tune the cosine similarity
threshold τ between 0.1 and 1.0.

E.4.1 Implementation

We follow the implementation provided in the offi-
cial repository of Hsu et al. (2025). The per-layer
projection matrix Ci is computed using the respec-
tive instruct/chat and base variants of each model.
In general, we find that instruct/chat models are
already well safety-aligned, sufficiently capturing
harmful directions when comparing layers via co-
sine similarity. Nevertheless, for Qwen-2, we in-
vestigate two approaches to construct the safety-
aligned subspace: (i) using the base model, and (ii)
using a safety-tuned model with 500 safety samples

from Bianchi et al. (2024). Results show that most
LoRA projections remain identical across both ap-
proaches, suggesting that differences are primarily
reflected in the scaling of τ . In contrast, using an
off-the-shelf instruct model is not sufficient. This
observation directly transfers to SafeMERGE.

E.4.2 Threshold Selection and Projected
LoRA Layers

We analyze the threshold factor τ and the num-
ber of projected layers in SafeLoRA. Due to the
LoRA formulation, projection is required for only
one of the two trainable LoRA components (LoRA-
A or LoRA-B) since multiplication with the other
inherently incorporates the projection. Formally,
given the LoRA update ∆W i = AiBi, SafeLoRA
applies the projection only to one component, e.g.,

∆W i
proj = (CiAi)Bi or ∆W i

proj = Ai(BiCi),

where Ci denotes the projection matrix for layer
i. Thus, the maximum number of projected layers
is 56 for Qwen-2/2.5 models and 64 for Llama-
2 and Llama-3.1 models. Fig. 6 illustrates how
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Figure 6: SafeLoRA projections for Qwen-2-7B-
Instruct (PubMedQA) as a function of threshold τ .
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Figure 7: SafeLoRA projections vs. harmfulness (Di-
rectHarm) vs. utility (GSM8K) for Llama-2-7B-Chat.

layers are progressively projected as the threshold
τ increases for Qwen-2-7B-Instruct fine-tuned on
PubMedQA. In general, lower thresholds result in
fewer projected layers, preserving downstream task
performance but limiting safety improvements.

E.4.3 Projection vs. Harmfulness vs. Utility

We compare SafeLoRA’s performance with the
number of projected layers and harmfulness (Direc-
tHarm) for Llama-2-7B-Chat (GSM8K) in Fig. 7.
In general, as more layers are projected, task util-
ity decreases while safety improves. Selecting a
balanced cosine similarity threshold τ is therefore
important to optimize the trade-off between task
utility and safety. Similar trends are observed for
PubMedQA as well as for the Llama-3.1, Qwen-
2, and Qwen-2.5 models. SafeLoRA, on average,
retains higher utility on challenging datasets but re-
duces harmfulness less effectively than SafeInstruct
or RESTA variants. This motivates SafeMERGE
to employ layer-wise merging to achieve a more
effective balance between safety and performance.
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(a) Llama-2-7B-Chat (GSM8K, DirectHarm) with weighting
factors [0.8, 0.2], i.e., α = 0.8. The optimal trade-off be-
tween utility and safety is achieved for τ = 0.7.
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(b) Llama-3.1-8B-Instruct (GSM8K, DirectHarm) with
weighting factors [0.8, 0.2], i.e., α = 0.8. The optimal trade-
off between utility and safety is achieved for τ = 0.75.
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(c) Qwen-2-7B-Instruct (GSM8K, DirectHarm) with weight-
ing factors [0.7, 0.3], i.e., α = 0.7. The optimal trade-off
between utility and safety is achieved for τ = 0.65.

Figure 8: SafeMERGE performance for different thresh-
olds τ on Llama-2, Llama-3.1, and Qwen-2 models fine-
tuned on GSM8K. As τ increases, more LoRA layers
are merged, improving safety at the cost of task utility.

F SafeMERGE Results and Ablations

This section provides detailed ablation analyses
along with supplemental results.

F.1 Impact of the Tuning Threshold
Fig. 8a–8c illustrate how the number of merged
LoRA layers, task utility, and harmfulness (Direct-
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(a) Llama-2-7B-Chat fine-tuned on GSM8K with τ = 0.7.
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(b) Qwen-2-7B-Instruct fine-tuned on GSM8K with τ = 0.65.

Figure 9: Trade-off analysis between task utility (GSM8K) and safety (DirectHarm) for Llama-2 (left) and Qwen-2
(right), evaluated across different weighting factors α. Increasing the contribution of the safety-aligned model
improves safety but reduces task performance. The best results are achieved when the weights sum to 1.0 during
linear merging, i.e., α ∈ (0, 1), particularly within the range of [0.9, 0.1] to [0.6, 0.4].

Harm) vary with different cosine similarity thresh-
olds τ for Llama-2, Llama-3.1, and Qwen-2 models
fine-tuned on GSM8K. As τ increases, more LoRA
layers are merged, improving safety at the cost of
task utility. In particular, merging all LoRA layers
(τ = 1) converges to the performance of full linear
merging between the fine-tuned and safety-aligned
models. Notably, merging as few as eight layers
already leads to a substantial reduction in harmful-
ness across all models. Overall, thresholds around
τ = 0.7 yield the most balanced trade-off between
task utility and safety, where SafeMERGE merges
28 layers for Llama-2, 29 for Llama-3.1, and 34
for Qwen-2/2.5. However, selecting the optimal
threshold cannot be done in isolation, as it depends
on the weighting factors discussed next.

F.2 Weighting Factors for a Given Threshold

The weighting factor α determines the relative con-
tribution of fine-tuned and safety-aligned model
parameters during linear merging in SafeMERGE.
Apart from the similarity threshold τ , tuning each
model’s contribution is essential for achieving an
optimal trade-off between task utility and safety.
Smaller values of α indicate a greater contribu-
tion from the safety-aligned model, thereby in-
corporating more safe parameters during merging.
Consequently, the similarity threshold τ and the
weighting factor α should not be analyzed in iso-
lation. Fig. 9a and Fig. 9b show the impact of
different weighting factors α for a given threshold
on the Llama-2 and Qwen-2 models evaluated on
GSM8K. We observe optimal trade-offs between
safety (measured on DirectHarm) and task utility
for weightings that sum up to 1.0, i.e., α ∈ (0, 1),

which is in contrast to the reported optimal weight-
ings in RESTA. In general, optimal ranges lie be-
tween [0.9, 0.1] and [0.6, 0.4], suggesting that only
a small portion of the safety-aligned model is suf-
ficient for safe merging. Similar results can be
observed for Llama-3.1 and Qwen-2.5.

F.3 Impact of Different Merging Strategies

We report utility and safety benchmarks in Ta-
ble 10 for Llama-2 and Llama-3.1 models, and
in Table 11 for Qwen-2 and Qwen-2.5, on both
GSM8K and PubMedQA tasks, comparing lin-
ear, DARE-linear, and TIES merging strategies for
SafeMERGE. Overall, we observe that linear and
DARE-linear merging yield similar outcomes, with
no significant deviations between them. In contrast,
TIES merging produces inconsistent behavior. For
Llama-2 on GSM8K, it improves safety compared
to linear and DARE-linear merging while main-
taining competitive utility. However, in all other
experiments, TIES merging degrades model per-
formance, reverting it toward baseline levels of the
original (non-fine-tuned) model and, in some cases,
even increasing harmfulness. These findings sug-
gest that TIES merging fails to suppress harmful
directions and may inadvertently reinforce them
during layer-wise merging. A deeper analysis of
this behavior is warranted and left for future work.

F.4 Computational Analysis

SafeMERGE identifies harmful LoRA layers via
simple subspace operations and selectively merges
them with those layers from a safe model. Be-
cause SafeMERGE operates exclusively on model
weights after fine-tuning, it requires no additional
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Table 10: SafeMERGE performance for Linear, DARE-Linear, and TIES merging on Llama models.

Llama-2-7B-Chat Llama-3.1-8B-Instruct

GSM8K PubMedQA GSM8K PubMedQA

Merging
Strategy DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility

Linear 7.50 5.70 26.96 8.10 4.30 72.20 8.80 6.30 78.50 9.10 6.80 79.00
DARE-Linear 8.10 5.70 26.80 7.90 4.50 72.40 9.50 6.70 78.20 9.60 7.10 78.70

TIES 5.80 4.60 26.46 4.30 3.30 55.20 12.90 9.70 74.20 13.80 11.50 74.60

Original Model 5.00 2.00 22.67 5.00 2.00 55.20 11.30 7.90 73.80 11.30 7.90 74.40

Table 11: SafeMERGE performance for Linear, DARE-Linear, and TIES merging on Qwen models.

Qwen-2-7B-Instruct Qwen-2.5-7B-Instruct

GSM8K PubMedQA GSM8K PubMedQA

Merging
Strategy DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility DirectHarm HexPhi Utility

Linear 8.20 7.50 72.90 8.50 5.90 80.30 10.10 10.30 78.40 11.10 8.70 79.50
DARE-Linear 8.30 7.50 72.60 8.30 5.30 79.90 10.30 10.40 78.10 11.00 8.90 79.30

TIES 15.80 12.50 60.73 18.50 13.80 75.40 15.50 13.30 56.70 14.40 13.50 75.10

Original Model 18.20 11.50 58.38 18.20 11.50 73.60 14.20 13.20 54.60 14.20 13.20 73.20

training loops, backpropagation, or gradient projec-
tions, resulting in linear computational complexity
with respect to the number of LoRA parameters.

More formally, for each LoRA layer i, Safe-
MERGE computes a cosine similarity and applies
linear merging when required. As both steps are
linear in the number of LoRA parameters, the total
floating-point operations (FLOPs) are given as

FLOPs = O

(
L∑

i=1

Pi

)
= O(PLoRA), (11)

where Pi denotes the number of trainable param-
eters in layer i, and PLoRA is the total number of
LoRA parameters across all L layers.

In our experiments, PLoRA constitutes approxi-
mately 0.5–1% of the full model’s parameters, mak-
ing the computational overhead of SafeMERGE
negligible compared to the cost of LoRA fine-
tuning itself. Moreover, the safe model used for
merging is task-agnostic and trained only once,
allowing it to be reused across downstream tasks
without incurring additional computational cost.

F.5 Performance against Baselines
Fig. 10 compares the trade-off between task utility
and safety for SafeMERGE and the corresponding
baselines. To this end, we compute a compound
safety score that jointly accounts for the Direct-
Harm (d) and HexPhi (h) benchmarks as follows:

Safety Score =
(100− d) + (100− h)

2
.

Across all models and downstream tasks, Safe-
MERGE yields the best overall trade-off, achieving

the highest utility with the lowest harmfulness, and
thus consistently outperforming all baselines. The
results emphasize that selective, layer-wise merg-
ing is an effective strategy for maintaining safety in
fine-tuned LLMs without sacrificing performance.

G Extended Results and Discussion

We present additional results, ablations, and discus-
sions that further support our main findings.

G.1 Experiments with ShieldGemma-9B

Llama-Guard-3-8B (Grattafiori et al., 2024) serves
as the standard safety classifier in the field, fol-
lowing established protocols in prior work (Yao
et al., 2024; Qi et al., 2024a; Hsu et al., 2025).
However, to address the inherent limitations of
classifier-based safety assessment and mitigate po-
tential evaluator bias, we cross-validate our results
using ShieldGemma-9B (Zeng et al., 2024a), a
similarly sized guard model. Table 12 presents
harmfulness scores on DirectHarm and HexPhi for
all defenses, as evaluated by both guard models.
We observe highly consistent trends between the
two evaluators, confirming that our primary Llama-
Guard-based assessment is robust and not driven
by model-specific biases.

G.2 Hyperparameter Validation on Test Sets

To maintain comparability with baselines, our main
experiments report results on standard test sets. We
note that widely used safety benchmarks, such as
DirectHarm and HexPhi, do not provide separate
training or validation splits. Consequently, stan-
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Figure 10: SafeMERGE performance against baselines.
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Table 12: Harmfulness scores for SafeMERGE and baselines (SafeInstruct, RESTA, RESTA-Instruct, SafeLoRA)
for Llama and Qwen models, cross-validated with Llama-Guard-3B (L) and ShieldGemma-9B (G) guard models.

Model Benchmark Original Fine-tuned SafeInstruct RESTA RESTA-Instruct SafeLoRA SafeMERGE

Llama-2-7B-Chat
(GSM8K)

DirectHarm (L/G) (↓) 5.00/4.50 27.80/27.30 7.50/7.30 7.50/7.20 9.50/8.90 10.20/9.60 7.50/7.10
HexPhi (L/G) (↓) 2.00/1.50 16.40/16.00 6.20/5.90 4.30/4.10 6.80/6.30 6.90/6.40 5.70/5.20

Llama-2-7B-Chat
(PubMedQA)

DirectHarm (L/G) (↓) 5.00/4.50 12.50/11.90 12.20/11.80 5.80/5.50 8.10/7.80 10.70/10.30 8.10/7.80
HexPhi (L/G) (↓) 2.00/1.50 6.20/5.90 6.30/5.90 4.20/3.80 5.30/5.00 5.90/5.60 4.30/4.10

Llama-3.1-8B-Instruct
(GSM8K)

DirectHarm (L/G) (↓) 11.30/10.70 28.30/27.60 12.50/11.90 11.90/11.60 13.50/12.90 15.10/14.50 8.80/8.30
HexPhi (L/G) (↓) 7.90/7.70 14.70/14.30 7.20/6.80 6.90/6.70 7.20/6.80 7.10/6.80 6.30/6.10

Llama-3.1-8B-Instruct
(PubMedQA)

DirectHarm (L/G) (↓) 11.30/10.70 23.50/23.10 11.80/11.30 10.30/9.80 14.20/13.80 16.70/16.40 9.10/8.80
HexPhi (L/G) (↓) 7.90/7.70 12.20/11.80 9.70/9.30 7.10/6.70 8.70/8.50 9.60/9.20 6.80/6.40

Qwen-2-7B-Instruct
(GSM8K)

DirectHarm (L/G) (↓) 18.20/17.60 25.30/24.80 13.70/13.40 18.80/18.40 17.40/17.10 22.30/21.70 8.20/7.80
HexPhi (L/G) (↓) 11.50/11.10 16.80/16.10 9.50/9.10 15.80/15.30 14.10/13.70 14.80/14.20 7.50/6.90

Qwen-2-7B-Instruct
(PubMedQA)

DirectHarm (L/G) (↓) 18.20/17.60 26.00/25.70 12.50/12.10 18.50/18.00 17.60/16.90 19.50/19.10 8.50/7.90
HexPhi (L/G) (↓) 11.50/11.10 13.20/12.80 5.90/5.30 14.80/14.40 14.50/13.90 14.50/13.90 5.90/5.20

Qwen-2.5-7B-Instruct
(GSM8K)

DirectHarm (L/G) (↓) 14.20/13.70 22.10/21.40 12.50/11.80 18.30/17.60 17.70/17.10 19.40/18.60 10.10/9.60
HexPhi (L/G) (↓) 13.20/12.80 17.30/16.70 11.30/10.80 16.20/15.70 15.40/14.80 14.40/13.70 10.30/9.90

Qwen-2.5-7B-Instruct
(PubMedQA)

DirectHarm (L/G) (↓) 14.20/13.60 20.20/19.40 13.10/12.60 15.70/14.40 14.90/14.10 17.10/16.40 11.10/10.60
HexPhi (L/G) (↓) 13.20/12.80 17.80/17.20 9.50/8.90 15.60/14.50 15.20/14.60 13.30/12.70 8.70/8.40

dard practice is to perform hyperparameter tuning
directly on the test set. This approach is adopted by
all prior relevant work, including the baselines in
our study. Nevertheless, to address potential test set
leakage, we validated SafeMERGE’s hyperparame-
ters for Llama-3.1 (GSM8K) by constructing a ded-
icated train-test split, using a 20% validation set for
parameter tuning and an 80% held-out test set for
final evaluation. The search yielded an optimal con-
figuration of τ ≈ 0.7, identical to the stable default
identified in our full-dataset ablations. When eval-
uating the model using this validation-tuned thresh-
old on the remaining 80% held-out data, the safety
and utility scores remained statistically consistent
with our reported main results. This confirms that
SafeMERGE’s hyperparameters are structural, gov-
erned by layer-wise representational drift, rather
than data-specific artifacts. Thus, our heuristics
are robust to data splitting, and searching on the
full set does not lead to overfitting. We strongly
advise that future red-teaming benchmarks should
incorporate dedicated validation splits to facilitate
distinct tuning and evaluation phases.

G.3 Results for Telecom Domain Tasks

We provide extended results for three additional
utility benchmarks from the telecom domain: Tele-
Data (Maatouk et al., 2024), TeleQnA (Maatouk
et al., 2023), and TSpecLLM (Nikbakht et al.,
2024). These datasets contain various telecom-
specific questions drawn from standards, imple-
mentations, and engineering practice, often for-
matted as lists, tables, and complex mathematical
formulas, which are shown to be harmful during

training (He et al., 2024; Djuhera et al., 2026). For
all datasets, we create 80/20 train-test splits and
fine-tune each model using the same LoRA set-
tings from Table 3 with an effective batch size of
32 and a learning rate of 1e-4 with linear schedul-
ing. We train for 2 epochs on TeleData and for
5 epochs on TeleQnA and TSpecLLM. We then
evaluate the model performance on the test split
by following the approach in Maatouk et al. (2024)
where we use Mixtral-8x7B-Instruct (Jiang et al.,
2024) as a judge to compare answers with ground
truth responses. We compute the final accuracy as
the ratio of correctly answered questions and assess
safety as in App. D.2.

In Table 13, we compare SafeMERGE against
SafeInstruct and SafeLoRA. For SafeInstruct, we
interleave a subset of harmful QA pairs (with safe
refusals) from Bianchi et al. (2024) into the fine-
tuning sets. Specifically, we inject 2500, 1000,
and 10 safety samples into TeleData, TeleQnA, and
TSpecLLM datasets, respectively. For SafeLoRA,
we define the safety-aligned subspace using the re-
spective instruct/chat and base models. We choose
the same optimal cosine similarity thresholds of
0.7, 0.75, 0.65, and 0.7 for Llama-2, Llama-3.1,
Qwen-2, and Qwen-2.5 models, respectively. For
SafeMERGE, we follow the same procedure and
additionally apply linear merging with α = 0.7
across models. The safe reference model used for
merging is obtained by fine-tuning each LLM on
1000 samples from Bianchi et al. (2024).

In general, the results confirm previous trends.
SafeInstruct, SafeLoRA, and SafeMERGE can suc-
cessfully restore safety while preserving utility.
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Table 13: SafeMERGE compared to baselines (SafeInstruct, RESTA, RESTA-Instruct, SafeLoRA) on Llama and
Qwen models fine-tuned on TeleData, TeleQnA, and TSpecLLM. Utility is measured on the target task, general
capabilities on IFEval/MMLU, and harmfulness via DirectHarm/HexPhi. Best results are bolded and second-best
underlined. MMLU and IFEval benchmarks are omitted for brevity and readibility.

Model Benchmark Original Fine-tuned SafeInstruct RESTA RESTA-Instruct SafeLoRA SafeMERGE

Te
le

D
at

a

Llama-2-7B-Chat
TeleData (↑) 29.00 38.70 38.70 30.10 32.40 37.30 38.50
DirectHarm (↓) 5.00 36.70 8.50 8.70 9.50 10.20 6.90
HexPhi (↓) 2.00 20.10 7.30 6.10 6.70 8.50 5.10

Llama-3.1-8B-Instruct
TeleData (↑) 31.70 47.60 47.60 34.90 39.50 46.70 47.30
DirectHarm (↓) 11.30 27.00 10.10 11.70 13.60 12.70 8.70
HexPhi (↓) 7.90 14.10 8.10 6.90 7.40 8.40 6.10

Qwen-2-7B-Instruct
TeleData (↑) 34.70 48.80 48.70 36.50 41.90 46.50 48.80
DirectHarm (↓) 18.20 34.50 15.70 19.10 17.60 21.80 12.10
HexPhi (↓) 11.50 26.30 10.10 13.60 12.40 12.80 8.40

Qwen-2.5-7B-Instruct
TeleData (↑) 39.80 53.80 53.50 41.20 46.90 49.80 54.10
DirectHarm (↓) 14.20 29.70 14.40 17.80 17.10 19.70 11.50
HexPhi (↓) 13.20 18.80 12.90 16.10 15.40 16.60 10.40

Te
le

Q
nA

Llama-2-7B-Chat
TeleQnA (↑) 35.80 57.80 56.30 41.40 49.60 57.00 57.20
DirectHarm (↓) 5.00 12.30 6.80 7.70 6.40 7.50 5.90
HexPhi (↓) 2.00 7.50 4.20 5.60 4.50 5.00 3.80

Llama-3.1-8B-Instruct
TeleQnA (↑) 42.30 67.80 66.80 52.20 60.90 65.30 67.10
DirectHarm (↓) 11.30 18.20 9.50 8.80 10.80 11.00 8.20
HexPhi (↓) 7.90 11.80 6.20 6.00 6.80 7.10 5.80

Qwen-2-7B-Instruct
TeleQnA (↑) 45.80 65.60 64.80 49.80 60.40 64.10 65.20
DirectHarm (↓) 18.20 26.30 13.70 19.10 16.80 19.20 11.80
HexPhi (↓) 11.50 15.80 8.50 13.10 11.90 11.30 7.50

Qwen-2.5-7B-Instruct
TeleQnA (↑) 48.70 69.90 70.10 50.60 60.20 68.40 70.00
DirectHarm (↓) 14.20 21.20 15.10 17.00 16.30 17.40 10.90
HexPhi (↓) 13.20 16.10 12.80 15.80 15.20 14.90 9.60

T
Sp

ec
L

L
M

Llama-2-7B-Chat
TSpecLLM (↑) 33.30 44.20 43.90 35.80 39.20 42.90 43.80
DirectHarm (↓) 5.00 12.90 7.50 6.80 7.90 8.20 6.30
HexPhi (↓) 2.00 7.30 4.90 4.70 5.40 6.40 4.50

Llama-3.1-8B-Instruct
TSpecLLM (↑) 48.50 62.10 61.50 51.70 58.90 60.80 61.90
DirectHarm (↓) 11.30 17.50 9.80 9.40 11.20 11.40 8.50
HexPhi (↓) 7.90 10.70 5.90 5.70 6.60 7.30 5.10

Qwen-2-7B-Instruct
TSpecLLM (↑) 12.50 28.30 28.00 13.80 24.50 27.70 28.10
DirectHarm (↓) 18.20 26.60 14.80 19.00 18.40 18.30 12.60
HexPhi (↓) 11.50 16.10 9.70 13.40 12.10 12.30 8.60

Qwen-2.5-7B-Instruct
TSpecLLM (↑) 32.50 52.80 51.50 34.00 45.80 49.70 53.10
DirectHarm (↓) 14.20 22.50 14.10 18.00 17.60 17.20 10.10
HexPhi (↓) 13.20 18.90 13.50 15.70 16.10 16.10 9.90

Overall, SafeMERGE provides the best trade-off
between utility and safety, followed by SafeInstruct.
For Llama-3.1, Qwen-2, and Qwen-2.5, harmful-
ness can, in most cases, be reduced even below that
of the original instruct models. These results con-
firm the effectiveness of SafeMERGE in a highly
specialized domain, confirming its broad generaliz-
ability.
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