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Abstract

Fine-tuning large language models (LLMs) improves perfor-
mance but introduces critical safety vulnerabilities: even min-
imal harmful data can severely compromise safety measures.
We observe that perturbations orthogonal to the alignment
direction—defined by weight differences between aligned
(safe) and unaligned models—rapidly compromise model
safety. In contrast, updates along the alignment direction
largely preserve it, revealing the parameter space as a "narrow
safety basin". To address this, we propose AsFT (Anchoring
Safety in Fine-Tuning) to maintain safety by explicitly con-
straining update directions during fine-tuning. By penalizing
updates orthogonal to the alignment direction, AsFT effec-
tively constrains the model within the "narrow safety basin,"
thus preserving its inherent safety. Extensive experiments on
multiple datasets and models show that AsFT reduces harm-
ful behaviors by up to 7.60%, improves task performance by
3.44%, and consistently outperforms existing methods across
multiple tasks.

Code — https://github.com/PKU-YuanGroup/AsFT

1 Introduction
The rapid advancement of large language models (LLMs)
has led to their widespread adoption, where fine-tuning is es-
sential to adapt these models to specific tasks and scenarios.
However, fine-tuning exposes critical safety vulnerabilities.
Even small amounts of malicious or harmless data during
fine-tuning can compromise the model’s safeguards, caus-
ing it to generate harmful outputs post-fine-tuning (Huang
et al. 2025b; Bianchi et al. 2024; Qi et al. 2024b). This raises
the urgent need for methods that balance task-specific utility
with robust safety defenses (Huang et al. 2024c).

Currently, there are various strategies for enhancing safety
during LLM fine-tuning. While these strategies primarily
rely on data-driven methods, they face a significant chal-
lenge: reliance on high-quality datasets, which are both
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Figure 1: (a) The Safety Basin (Peng et al. 2024) shows
a region where perturbations along drandom preserve model
safety, while safety sharply declines outside this area. (b)
The Narrow Safety Basin demonstrates the asymmetry be-
tween daligned and dharm, where daligned allows larger perturba-
tions, while dharm causes sharp safety declines. In both sub-
figures, lower values indicate higher safety.

costly and susceptible to bias (Huang et al. 2024c). Post-
tuning methods like Safe LoRA (Hsu et al. 2024) mitigate
fine-tuning’s negative impact on model safety by discretiz-
ing and projecting LoRA weights into a safety-aligned sub-
space. However, they overlook layer continuity, as discrete
projections can disrupt the consistency of learned features
across layers. By focusing primarily on safety-related fea-
tures, they neglect the performance-related characteristics
brought by training data, degrading models’ performance.

To address the limitations mentioned above, we aim to
develop a data-free approach that leverages continuous op-
timization to enhance safety during fine-tuning. We observe
that aligned models, developed under rigorous protocols, ex-
hibit robust defenses against harmful inputs (Qi et al. 2024b;
Hsu et al. 2024), whereas their unaligned counterparts (i.e.,
base models) lack such safeguards. This contrast inspires us
to explore the latent information within the model parameter
space. The weight difference ∆W between these two mod-
els encapsulates the alignment efforts undertaken by LLM
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Figure 2: The proposed AsFT decomposes parameter updates into daligned and d⊥harm, suppresses harmful updates along d⊥harm by
regularization and constrains updates within the narrow safety basin.

vendors to enhance model safety. It not only reflects the core
alignment process but also provides a critical direction for
safety optimization (Hsu et al. 2024; Zhao et al. 2025a).

Given these observations, we hypothesize that the align-
ment direction can guide safety-preserving updates during
fine-tuning and thus addresses the following question:

Can this weight difference serve as an anchor to guide
safety-preserving updates?

To investigate it, we explored the model’s safety land-
scape (Peng et al. 2024) as shown in Fig. 1 and discov-
ered a striking asymmetry: perturbations along the align-
ment direction (daligned, defined based on this weight differ-
ence ∆W) largely preserve model safety. Conversely, di-
rection orthogonal to it, which we term d⊥harm, is critically
sensitive, where even small updates can trigger a sharp de-
cline in safety. This finding reframes the LLM parameter
space as a “narrow safety basin” (Fig. 1(b)), a tight corridor
where safety is maintained by moving along the alignment
direction, while any deviation into the orthogonal space risks
falling off a ‘safety cliff’.

To navigate this treacherous landscape, we propose AsFT
(Anchoring Safety in Fine-Tuning), a method (Fig. 2) that
maintains models within the “narrow safety basin" by pe-
nalizing parameter updates orthogonal to the alignment di-
rection daligned. AsFT effectively prevents the model from
straying into harmful regions of the parameter space, thus
preserving its inherent safety while achieving strong task
performance. Extensive experiment (across 8 datasets and
4 models) demonstrate that AsFT reduces harmful scores by
up to 17.44% compared to SFT and achieves superior down-
stream performance. Our main contributions include:
• We observe that the alignment direction daligned can serve

as a safety anchor and that its orthogonal counterpart
d⊥harm closely aligns with the harmful direction, framing
the LLM safety landscape as a “narrow safety basin”.

• We propose AsFT, which penalizes parameter updates
along d⊥harm, enabling fine-tuning within the “narrow safety
basin” to preserve alignment safety.

• We validate AsFT through extensive experiments across
8 datasets and 4 models, achieving the best balance be-
tween safety and downstream task performance.

2 Related Works
Safety alignment ensures that large language models
(LLMs) generate outputs aligned with human values and
ethics (Touvron et al. 2023; Zou et al. 2023a; Gao, Schul-
man, and Hilton 2023; Liu et al. 2025; TANG et al. 2022;
GAO 2023). Key techniques include instruction fine-tuning,
RLHF, DPO, and others (Wei et al. 2022; Rafailov et al.
2024; Yang et al. 2025, 2024b). However, these methods are
vulnerable to small-scale fine-tuning attacks, where minimal
harmful or neutral data can compromise model safety (Qi
et al. 2024b; Yao et al. 2023). To address this, defenses have
been developed across three stages: alignment, fine-tuning,
and post-tuning (Huang et al. 2024b).

Alignment Phase Defenses enhance model robustness
against harmful fine-tuning attacks during the alignment
phase (Qi et al. 2024a; Zhao et al. 2025b; Liu et al. 2024b).
Techniques such as Vaccine (Huang, Hu, and Liu 2024) in-
troduce latent perturbations in the parameter space to en-
sure aligned outputs under adversarial conditions. RepNoise
(Rosati et al. 2024) removes harmful representations to pre-
vent their reconstruction. TAR (Tamirisa et al. 2025) opti-
mizes parameters to maintain high harmful loss post adver-
sarial fine-tuning, while Booster (Huang et al. 2025b) mini-
mizes harmful loss degradation during simulated attacks.

Fine-tuning Phase Defenses enhance safety during train-
ing against harmful fine-tuning (Mukhoti et al. 2023; Wei
et al. 2024; Li and Kim 2025). MLLR (Du et al. 2024)
identifies critical modules with modular robustness analy-
sis and applies differential learning rates. SafeInstr (Bianchi
et al. 2024) uses safety-focused examples. Lisa (Huang et al.
2024a) limits optimization drift through dual-state optimiza-
tion and proximity constraints. BEA (Wang et al. 2024)
embeds hidden triggers to suppress harmful content, while
Seal (Shen et al. 2025) removes harmful samples with two-
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stage optimization. SAFT (Choi, Du, and Li 2024) filters
harmful data using subspace decomposition scoring.

Post-tuning Phase Defenses aim to restore model safety
after harmful fine-tuning attacks (Ye et al. 2025; Yi et al.
2025). Safe LoRA (Hsu et al. 2024) discretely projects pa-
rameters onto the safe direction after fine-tuning. SOMF (Yi
et al. 2024) integrates additional benign task knowledge and
reuses essential safety parameters. Antidote (Huang et al.
2025a) effectively prunes harmful parameters during the
post-processing stage, and SafetyLock (Zhu et al. 2024)
leverages extracted safety directions to actively intervene in
attention head activations during inference.

3 Methodology
3.1 Preliminaries: Safety Landscape and Basin
The Safety Landscape, introduced by Peng et al. (2024),
characterizes how LLMs’ safety varies across their parame-
ter space, evaluated using a monotonic function S(·), where
lower values indicate higher safety, typically measured as
the Attack Success Rate (ASR). Let θ denote model weights,
d the perturbation direction, and α the perturbation magni-
tude, with d̂ = d/|d| as a normalized direction. For two or-
thogonal directions, the safety landscape is defined as:

f(α, β) = S(θ + αd̂1 + βd̂2). (1)

In this context, Peng et al. (2024) identified the concept of
a Safety Basin (as shown in Fig. 1(a)). Therefore, we formal-
ize this concept as B(θ; ϵ1, ϵ2), which refers to a localized
region in the parameter space where the model’s safety re-
mains robust against bounded perturbations, within the lim-
its defined by the maximum allowable perturbations ϵ1 and
ϵ2:

Definition 1 (Safety Basin) The Safety Basin, denoted as
B(θ; ϵ1, ϵ2), is formally defined as

B(θ; ϵ1, ϵ2) =
{
(α, β) ∈ R2

∣∣∣S(θ + αd̂1 + βd̂2) ≤ Sthreshold,

|α| ≤ ϵ1, |β| ≤ ϵ2, d̂1, d̂2 ∼ random
}
.

3.2 Rethinking the Safety Basin
The Safety Basin concept offers a theoretical basis for safety
robustness. However, these initial explorations often treat
the parameter space as isotropic, assuming the perturbations
in random directions are uniform. This raises a critical ques-
tion: Does the parameter space truly exhibit uniform safety
properties in all directions, especially concerning the direc-
tion created by the safety alignment process itself? We hy-
pothesize that the alignment process imparts a significant
anisotropic structure to this landscape.

Analysis of Alignment Direction. To investigate this
anisotropy, we define the alignment direction as daligned =
θaligned − θunaligned, which reflects the essential transforma-
tions for safety in the alignment process. To assess its dis-
tinct role, we empirically examined its relationships with di-
rections from harmful (dharm), benign (dbenign), and random
(drandom) updates. We fine-tuned Llama-2-7B with varying
amounts of harmful and benign data, ranging from 10 to 500

Num. Harmful Random
10 5.95× 10−4 8.486× 10−3

20 5.67× 10−4 8.481× 10−3

50 5.96× 10−4 8.489× 10−3

100 7.28× 10−4 8.491× 10−3

200 6.87× 10−4 8.490× 10−3

500 6.05× 10−4 8.489× 10−3

Average 6.30× 10−4 8.488× 10−3

Table 1: Cosine similarity between dalign and each of dharm
and drandom, evaluated for different sample numbers.

samples across five datasets (Sheshadri et al. 2024; Zou et al.
2023b; Ji et al. 2024; Mazeika et al. 2024; Li et al. 2023).
This process allowed us to derive dharm and dbenign, as well
as generate drandom.

As shown in Tab. 1, we calculated the cosine similar-
ities between these directions and daligned. Notably, dharm
is nearly orthogonal to daligned, with cosine similarity con-
sistently close to zero, confirming their near orthogonality
across all amounts of harmful data. To validate that this
high orthogonality is not a random occurrence, we compared
the alignment direction’s similarity with drandom. The cosine
similarity between daligned and dharm is 10−4, significantly
lower than with random (10−3) directions (a difference of
1–2 orders of magnitude). This indicates that dharm exhibits
much stronger orthogonality, with dharm ≫ drandom, further
confirming that the alignment direction encodes significant
safety features in the parameter space. This empirical evi-
dence strongly supports our hypothesis that the alignment
process induces an anisotropic structure in the parameter
space, with the harmful update direction primarily lying in
the subspace orthogonal to the alignment direction. Thus, we
define the harmful direction orthogonal to daligned as d⊥harm.

Anisotropy of Safety Landscape. Fig. 1(b) illustrates
the safety landscape along daligned and dharm. Perturbation
ranges along daligned are substantial, allowing the model to
maintain safety within this range. In contrast, perturbations
along dharm are limited, signifying rapid safety degradation.
The asymmetry in allowable perturbation ranges (ϵaligned ≫
ϵharm) confirms the anisotropy of the safety landscape. Based
on these findings, we formally define the landscape as “nar-
row safety basin":

Definition 2 (Narrow Safety Basin) The Narrow Safety
Basin, Bnarrow(θ; ϵ1, ϵ2), satisfies:

Bnarrow(θ; ϵ1, ϵ2) =
{
(α, β) ∈ R2

∣∣∣S(θ + αd̂aligned + βd̂harm) ≤ Sthreshold,

|α| ≤ ϵ1, |β| ≤ ϵ2, ϵ1 ≫ ϵ2

}
.

where, ϵ1 ≫ ϵ2 indicates that the allowable perturbation
range along daligned is much larger than dharm.

3.3 Proposed Framework: AsFT
Building on the observation that models’ parameter updates
along the harmful orthogonal direction d⊥harm significantly
compromise the model’s safety, we propose AsFT (Anchor-
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ing Safety in Fine-Tuning), which utilizes daligned as an an-
chor to constrain updates within the “narrow safety basin".

Key Idea. Identifying the purely harmful update direction
is challenging due to the variability in harmful data distri-
butions and differences in model architectures. In contrast,
the alignment direction daligned is relatively more accessi-
ble. Therefore„ we approximate the harmful direction using
its orthogonal complement, d⊥harm, which captures potential
harmful subspaces. The pipeline in Fig. 2 outlines the key
steps: 1) computing daligned and 2) incorporating a regular-
ization term to suppress updates along d⊥harm.

Decomposition of Parameter Updates. To analyze pa-
rameter updates during fine-tuning, we decompose param-
eter updates ∆W into components along the alignment di-
rection daligned and its orthogonal d⊥harm. This decomposition
allows us to isolate updates that may contribute to harmful
behaviors, achieved through projection matrices:

∆W = Caligned∆W + C⊥
harm∆W, (2)

where Caligned projects parameter updates onto daligned and its
orthogonal component C⊥

harm accordingly projects updates
onto the remaining orthogonal subspace as follows:

Caligned = daligned

(
dTaligneddaligned

)−1

dTaligned,

C⊥
harm = I − Caligned.

(3)

The term C⊥
harm∆W precisely isolates the component of

the parameter update orthogonal to the alignment direction.
As our findings indicate that this subspace is the primary
source of safety degradation, our core strategy is to directly
suppress this component by penalizing its ℓ2 norm.

Training Objective. To mitigate potentially harmful up-
dates and enforce this safety constraint during fine-tuning,
we introduce a regularization term that specifically penal-
izes updates deviating from the alignment direction. Thus,
our total loss function is defined as:

L = Ltask + Lreg = Ltask + λ∥C⊥
harm∆W∥2, (4)

where Ltask represents the original task loss associated
with the specific objective, and λ controls the regulariza-
tion strength. By constraining the magnitude of C⊥

harm∆W,
the regularizer maintains the model’s alignment with safety
guidelines while preserving task performance.

4 Experiments
4.1 Experimental Setups
Datasets. We use a total of eight datasets: four primary
datasets—SST2 (Socher et al. 2013), AGNEWS (Zhang,
Zhao, and LeCun 2015), GSM8K (Cobbe et al. 2021), and
AlpacaEval (Li et al. 2023)—for fine-tuning tasks, and four
harmful datasets—Harmful (Sheshadri et al. 2024) (default
setting), AdvBench (Zou et al. 2023b), BeaveTails (Ji et al.
2024), and HarmBench (Mazeika et al. 2024)—to simulate
harmful fine-tuning attacks. We mix a proportion p of unsafe
(poison) data from the harmful datasets with (1− p) benign
data, represented by nsamples.

Models. We evaluate our method with four models in-
cluding Llama-2-7B-Chat (Touvron et al. 2023), Llama-
3-8B-Instruct (Dubey et al. 2024), Gemma-2-9B-It (Team
et al. 2024), and Qwen-2-7B-Instruct (Yang et al. 2024a).
By default, we set p = 0.1 and n = 1000, using Llama-2-
7B-Chat as the baseline model unless stated otherwise.

Baselines. We compare AsFT against six baselines, in-
cluding SFT (the vanilla supervised fine-tuning), Lisa (base
and aligned) (Huang et al. 2024a), SafeInstr (Bianchi et al.
2024), BEA (Wang et al. 2024), and Safe LoRA (Hsu et al.
2024).

Evaluation Metrics. Following Huang et al. (2025b), we
evaluate performance using two key metrics:
• Fine-tuning Accuracy (FA): The top-1 accuracy on the

test sets of fine-tuning tasks.
• Harmful Score (HS): The proportion of unsafe outputs

when the model encounters unseen malicious instructions,
as determined by the audit model in Ji et al. (2024) and
Llama Team (2024).
Training Details. We employ LoRA (Hu et al. 2022) for

efficient fine-tuning of LLMs (the decomposition shown in
Eq. 2 corresponds to the LoRA weights), with a rank of 8
across all experiments. The AdamW optimizer is used with
a learning rate of 5 × 10−5, training for 10 epochs with a
batch size of 8. The regularization coefficient λ is set to 1.
Additional analysis of the hyperparameters λ and the learn-
ing rate is provided in section 4.4. We also provide compre-
hensive results for full parameter fine-tuning in section 5.

4.2 Experimental Results
Robustness to Poison Ratio We evaluate the trade-off be-
tween model safety and fine-tuning performance under vary-
ing poison ratios, with results summarized in Tab. 2. Com-
pared to SFT, AsFT significantly reduces the harmful score
while improving downstream task accuracy. SafeInstr shows
slightly higher accuracy (0.1%), but its harmful score is
nearly four times greater. Compared to Safe LoRA, AsFT
achieves a 2.68% lower harmful score and 2.80% higher ac-
curacy, likely due to Safe LoRA’s discrete projection dis-
rupting consistency. Overall, AsFT achieves the best balance
between safety and performance across all poison ratios on
other datasets.

Generalization to Fine-Tuning Sample Number We
evaluate the robustness of the methods across different sam-
ple numbers, with results summarized in Tab. 3. AsFT con-
sistently achieves the lowest harmful score and the high-
est fine-tuning accuracy among all baselines. Compared to
Safe LoRA, we reduce the harmful score by 2.96% and im-
prove fine-tuning accuracy by 3.00%. Compared to SafeIn-
str, AsFT lowers the harmful score by 11.48% while main-
taining 1.14% higher accuracy. Results demonstrate the ro-
bustness of AsFT across varying sample sizes, with consis-
tent conclusions for more complex tasks.

Robustness to Poison Datasets We assess method ro-
bustness across various harmful datasets. Tab. 4 shows that
while BEA has the highest fine-tuning accuracy, it also has
a high harmful score (HS). Safe LoRA achieves the lowest
HS but suffers a significant performance drop. In contrast,
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Methods Harmful Score ↓ Finetune Accuracy ↑
(n = 1000) clean p = 0.05 p = 0.1 p = 0.15 p = 0.2 Average clean p = 0.05 p = 0.1 p = 0.15 p = 0.2 Average

SFT 2.40 16.40 17.60 24.40 46.80 21.52 82.90 81.00 84.30 84.30 83.80 83.26
Lisa-base 26.40 24.00 27.20 31.20 22.80 26.32 75.70 63.80 73.50 72.30 65.60 70.18

Lisa-aligned 2.40 12.80 16.80 20.40 20.00 14.48 82.40 76.90 81.80 82.00 76.60 79.94
SafeInstr 1.60 15.60 16.80 25.60 21.20 16.16 83.90 81.90 84.30 85.40 83.80 83.86

BEA 4.80 15.80 16.40 21.60 16.40 14.80 82.60 78.30 84.40 81.00 69.10 79.08
Safe LoRA 2.40 1.60 5.60 4.20 20.00 6.76 82.90 78.60 81.20 82.20 80.00 80.98

AsFT (Ours) 1.60 2.00 4.00 6.80 6.00 4.08 83.00 84.30 84.30 84.50 82.80 83.78

Table 2: Performance under different harmful ratios in the default setting.

Methods Harmful Score ↓ Finetune Accuracy ↑
(p = 0.1) n = 500 n = 1000 n = 1500 n = 2000 n = 2500 Average n = 500 n = 1000 n = 1500 n = 2000 n = 2500 Average

SFT 12.40 17.60 14.80 16.80 12.40 14.80 82.70 84.30 84.20 84.70 84.80 84.14
Lisa-base 25.20 27.20 24.80 25.20 24.40 25.36 59.70 73.50 80.50 82.00 81.90 75.52

Lisa-aligned 5.60 16.80 19.60 22.00 24.80 17.76 78.90 81.80 83.90 84.40 84.70 82.74
SafeInstr 14.80 16.80 10.80 15.40 15.60 14.68 80.40 84.40 83.90 84.00 83.90 83.32

BEA 13.60 16.40 9.20 11.20 14.00 12.68 76.50 84.40 83.70 81.00 83.10 81.64
Safe LoRA 2.80 5.60 5.20 8.40 8.80 6.16 81.50 81.20 80.70 82.30 81.60 81.46

AsFT (Ours) 4.00 4.00 2.40 1.60 4.00 3.20 82.80 84.30 83.90 85.30 86.00 84.46

Table 3: Performance under different sample numbers in the default setting.

Methods Harmful AdvBench BeaveTails HarmBench Average
(AGNEWS) HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑

SFT 17.60 84.30 11.20 83.90 37.20 84.90 5.20 82.70 17.80 83.95
Lisa-base 17.20 73.50 7.60 83.90 30.80 83.10 4.60 82.70 15.05 80.80

Lisa-aligned 16.80 81.80 4.80 82.60 31.40 85.80 5.80 84.30 14.70 83.63
SafeInstr 16.80 84.30 4.40 84.40 21.60 83.20 2.40 83.20 11.30 83.78

BEA 16.40 84.40 16.00 83.50 36.80 84.20 14.00 84.00 20.80 84.02
Safe LoRA 5.60 81.20 4.00 82.30 18.80 82.60 2.00 81.70 7.60 81.95

AsFT (Ours) 4.00 84.30 1.60 83.70 14.40 82.90 2.40 83.40 6.70 83.58

Table 4: Performance under different harmful datasets (Harmful (Sheshadri et al. 2024), AdvBench (Zou et al. 2023b), Beave-
Tails (Ji et al. 2024), and HarmBench (Mazeika et al. 2024) datasets) in the default setting.

our method, AsFT, balances competitive accuracy (average
83.78%) with a low harmful score (average 6.70%), demon-
strating robustness to diverse harmful data.

Generalization to Fine-Tuning Datasets The perfor-
mance of AsFT across four fine-tuning datasets is sum-
marized in Tab. 5. AsFT achieves significant reductions
in harmful scores (HS), with improvements of 42.00%,
13.60%, 41.60%, and 17.20%, while delivering the lowest
average HS and highest accuracy among all baselines. These
indicate the effectiveness and strong generalization potential
of AsFT across diverse tasks.

Generalization to Models We evaluate methods across
various architectures, as shown in Tab. 6. AsFT consistently
achieves the lowest harmful score (HS) and competitive ac-
curacy, providing the best trade-off among baselines. It re-
duces HS by 36.00% and improves accuracy by 1.00% for
models in the same architecture family (e.g., Llama-2 and

Llama-3). AsFT also excels with other architectures like
Qwen-2 and Gemma-2, maintaining an optimal balance be-
tween safety and performance, which is consistent in chal-
lenging tasks like GSM8K.

4.3 Further Analysis of Narrow Safety Basin
To visualize the LLM safety landscape, we follow the
methodology of Peng et al. (2024), anchoring our anal-
ysis on the alignment direction daligned and sampling 20
directions. We plot the safety landscapes for Llama-2-7B
(Tab. 1(b)), Qwen-2-7B, and Gemma-2-9B (Tab. 3). Despite
architectural differences, the visualizations reveal a consis-
tent narrow safety basin, underscoring similarities across
model architectures.

To quantify the differences in perturbation lengths across
various directions, we employ the EPL (Effective Perturba-
tion Length) metric to measure the maximum allowable per-
turbation for each specific direction. It is defined as:
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Methods SST2 AGNEWS GSM8K AlpacaEval Average
(Llama-2-7B) HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑

SFT 48.00 94.50 17.60 84.30 56.00 23.80 20.40 49.80 35.50 63.10
Lisa-base 27.60 96.90 27.20 73.50 35.20 24.00 25.20 35.85 28.80 57.56

Lisa-aligned 5.60 93.58 16.80 81.80 16.00 19.40 4.80 57.30 10.80 63.02
SafeInstr 9.20 93.35 16.80 84.30 17.60 19.30 10.80 42.70 13.60 59.91

BEA 7.20 91.63 16.40 84.40 38.80 21.00 6.80 52.40 17.05 62.36
Safe LoRA 11.20 89.24 5.60 81.20 36.00 23.60 5.20 54.70 14.50 62.19

AsFT (Ours) 6.00 93.32 4.00 84.30 14.40 26.00 3.20 58.90 6.90 65.63

Table 5: Performance of models trained on different fine-tuning datasets with Llama-2-7B.

Methods Llama-2-7B Llama-3-8B Qwen-2-7B Gemma-2-9B Average
(AGNEWS) HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑ HS ↓ FA ↑

SFT 17.60 84.30 73.60 90.30 49.20 90.30 32.00 88.30 43.10 88.30
Lisa-base 27.20 63.80 29.60 77.30 28.00 79.90 31.20 80.00 29.00 75.25

Lisa-aligned 16.80 81.80 19.60 88.10 27.60 89.20 14.70 85.60 19.68 86.18
Safe LoRA 5.60 81.20 26.40 87.80 8.40 85.50 8.40 84.70 12.20 84.8
SafeInstr 16.80 84.40 18.80 89.00 7.20 83.30 7.60 84.70 12.60 85.35

BEA 16.40 84.40 30.80 88.8 8.40 88.60 7.20 86.20 15.70 87.00
AsFT (Ours) 4.00 84.30 15.20 92.30 5.20 87.90 6.00 86.60 7.60 87.78

Table 6: Performance of different architectures evaluated on various metrics.

Models Llama-2 Qwen-2 Gemma-2

daligned 0.1287 0.6594 0.3069
dharm 0.0099 0.0149 0.0046

Table 7: EPL values for three models along daligned and dharm,
which represent relative perturbation tolerance.

EPL = sup {|α| | S(θ + αd) ≥ τ,

α ∈ U(−a, a), d ∈ D} , (5)

where α is the perturbation magnitude, and d is its direc-
tion. Tab. 7 shows EPL values for three models along daligned

and dharm (the latter closely related to d⊥harm). Higher EPL
values along daligned indicate greater robustness to safety-
preserving perturbations, while lower values along d⊥harm re-
veal sensitivity to harmful directions. These results highlight
the anisotropic nature of landscape and the importance of
daligned in guiding updates within the narrow safety basin.

4.4 Hyper-Parameter Analysis and Ablation
Experiments

Robustness to Hyper-Parameter λ Tab. 4 (a) shows
that as λ increases from 0 (SFT), the harmful score
(HS) decreases while accuracy remains stable, until λ >
10 where accuracy drops. This suggests an optimal λ
range of 0.1 to 10. To further demonstrate robustness,
we conducted additional experiments on diverse datasets.
Across these datasets, AsFT consistently achieves a stable

Figure 3: Safety landscape of Qwen-2-7B (left) and Gemma-
2-9B (right) anchored along daligned.

safety-performance trade-off within this broad two-order-of-
magnitude range for λ. This indicates that our approach does
not require meticulous hyperparameter tuning, as selecting
λ between 0.1 and 10 is generally sufficient to significantly
reduce harmful outputs while preserving performance.

Ablation Experiment The ablation results in Fig.4 evalu-
ate the impact of constraining parameter updates along dif-
ferent directions. In Fig.4(a), we restrict updates along the
orthogonal direction d⊥harm, as in AsFT (updating along the
narrow safety basin). This restriction leads to a clear reduc-
tion in harmful scores (HS) with increasing λ, demonstrating
the effectiveness of AsFT in improving safety while main-
taining accuracy. In contrast, Fig.4(b) shows that restricting
updates along the alignment direction daligned (updating per-
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Figure 4: (a) Restricting updates along d⊥harm (AsFT) significantly reduces harmful scores as λ increases, while maintaining
fine-tuning accuracy. (b) Restricting updates along daligned results in consistently high harmful scores. (c) Comparison of ro-
bustness to learning rate variations shows that AsFT achieves a broader effective range compared to data-driven methods
(SafeInstr (Bianchi et al. 2024) and BEA (Wang et al. 2024)).

Methods Harmful Score ↓ Finetune Accuracy ↑
(AGNEWS) n = 500 n = 1000 n = 1500 n = 2000 n = 2500 Avg n = 500 n = 1000 n = 1500 n = 2000 n = 2500 Avg

SFT 12.40 17.60 14.80 16.80 12.40 14.80 82.70 84.30 84.20 84.70 84.80 84.14
AsFTAlt 5.60 9.60 8.80 12.80 8.40 9.04 83.00 84.00 83.80 85.30 85.80 84.38

Table 8: The alternative AsFTAlt still significantly reduces harmful outputs while maintaining competitive task performance.

pendicular to the narrow safety basin) does not result in a re-
duction of HS, which remain high across all λ values. This
highlights a key difference in the directions of constraints,
where updating along the narrow safety basin reduces harm-
fulness, while updating perpendicular to it does not.

Robustness to Learning Rate Fig.4 (c) compares the ro-
bustness of AsFT with data-driven defenses like SafeInstr
and BEA under varying learning rates. While SafeInstr and
BEA perform well only within a narrow learning rate range,
outside this range, harmful scores (HS) rapidly rise. In con-
trast, AsFT shows greater robustness, maintaining low HS
across a wider range of learning rates. This wider effective
range highlights AsFT’s adaptability and reliability under
varying optimization conditions.

5 Discussion
Effectiveness in Full-Parameter Fine-Tuning. The ef-
ficacy of AsFT is fundamentally rooted in the “narrow
safety basin” phenomenon, an observed characteristic of
the model’s complete parameter landscape. This makes our
method effective for both LoRA-based and full-parameter
fine-tuning. When extended to full-parameter fine-tuning,
AsFT consistently achieved superior results by reducing
harmful scores while maintaining high fine-tuning accuracy.

Method Adaptability. Many mainstream open-source
models, such as Qwen and Llama, typically provide both
their aligned and base model weights. This common practice
ensures that our method, which assumes their availability,
is broadly applicable. Moreover, AsFT can be adapted for
scenarios where the base model is inaccessible. Specifically,

harmful data can be used to identify harmful directions, and
the fine-tuning process can then be guided by the orthog-
onal complement to these directions. As shown in Tab. 8,
AsFTAlt significantly reduces harmful outputs while main-
taining competitive task performance.

Further Evaluation in Challenging Scenarios. We fur-
ther evaluated the robustness and reliability of AsFT in
more challenging and diverse scenarios. Specifically, we
tested AsFT against two representative jailbreak tech-
niques, LLM-DRA (Liu et al. 2024a) and ArtPrompt (Jiang
et al. 2024), and found that it maintained robust perfor-
mance under adversarial conditions. Additionally, we in-
creased the proportion of harmful data up to 60%, showing
that AsFT remained both safe and effective even in these
more difficult settings. To further enhance the reliability of
our harmfulness assessment, we incorporated Llama-Guard-
3-8B (Llama Team 2024) as an additional safety evaluator,
with results from both evaluators closely aligned.

6 Conclusion
In this work, we address the safety vulnerabilities of large
language models (LLMs) during fine-tuning by introduc-
ing AsFT (Anchoring Safety in Fine-Tuning), a method
that anchors parameter updates within the safety-preserving
alignment direction (daligned). By regularizing updates along
the orthogonal direction (d⊥harm), AsFT reduces harmfulness
while preserving task performance. Extensive experiments
show that AsFT outperforms existing methods, achieving
lower harmful score and higher accuracy, which emphasize
the value of limiting updates within the narrow safety basin
to ensure safety of LLMs.
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