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Abstract

Public large language models (LLMs) are typ-
ically safety-aligned during pretraining, but
task-specific fine-tuning often erodes this align-
ment, introducing significant safety risks. Ex-
isting defenses are largely coupled with the fine-
tuning process, incurring high computational
overhead and complex workflows. To address
these challenges, we propose Q-realign, a post-
hoc defense based on quantization. Departing
from the conventional view of quantization as a
safety-eroding compromise, we reframe it as a
dual-purpose mechanism for both compression
and safety recovery. This allows Q-realign to
decouple safety alignment from fine-tuning and
naturally piggyback onto modern deployment
pipelines. Experiments across multiple mod-
els and datasets demonstrate that our method
substantially reduces unsafe behaviors while
preserving task performance, significantly im-
proving memory and GPU efficiency. Notably,
our approach can recover the safety alignment
of a fine-tuned 7B LLM on a single RTX 4090
within 40 minutes. Overall, our work provides
a practical, turnkey solution for safety-aware
deployment. Our code is released at https:
//github.com/Skilteee/Q-Realign.

1 Introduction

Fine-tuning of large language models (LLMs) has
become a critical way for a wide range of spe-
cialized downstream applications. To ensure that
LLMs can generate helpful content and refuse mali-
cious requests (e.g., how to make a bomb), modern
LLMs typically require alignment training, usu-
ally by RLHF (Ouyang et al., 2022). However,
recent studies (Qi et al., 2023; Yang et al., 2023;
Huang et al., 2024a; Li et al., 2024; Ye et al., 2024)
show that fine-tuning can significantly compromise
the alignment of already aligned LLMs, leading to
more unsafe behaviors, even when the training data
appears benign. This risk is especially concerning
because datasets may contain latent unsafe content
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that users cannot easily detect.

Existing solutions addressing safety degradation
caused by fine-tuning on aligned models can be
broadly categorized according to the stage at which
they operate (Huang et al., 2024c). The first cat-
egory intervenes during fine-tuning by modifying
the training objective or procedure to jointly op-
timize downstream task performance and safety
alignment (Mukhoti et al., 2023; Zong et al., 2024;
Lyu et al., 2024; Du et al., 2024a; Qi et al., 2024;
Liet al., 2025b; Yi et al., 2025a). The second cate-
gory applies defenses after fine-tuning, aiming to
recover safety post hoc (Du et al., 2024b; Bhard-
waj et al., 2024; Yi et al., 2024; Wang et al., 2025).
However, these methods typically rely on fine-
tuning-derived signals or require auxiliary adap-
tation, limiting their plug-and-play applicability.
Though studies are exploring one-shot post-hoc
defenses (Hsu et al., 2024; Huang et al., 2025; Yi
et al., 2025b), their empirical performance is gen-
erally unfavorable under realistic attack scenarios.

Despite operating at different stages, both cat-
egories remain tightly coupled with fine-tuning.
This coupling leads to substantial computational
overhead, often in the form of additional training
iterations, increased memory consumption, and ex-
tended GPU usage. More importantly, it limits
deployment flexibility: training-time methods re-
quire retraining by construction, while post-hoc ap-
proaches often still depend on fine-tuning-derived
signals or additional adaptation, thereby requiring
re-entry into the fine-tuning pipeline. As a result,
when safety vulnerabilities are identified after de-
ployment, existing defenses still struggle to provide
truly modular and plug-and-play recovery. Moti-
vated by these limitations, we ask whether safety
degradation can be mitigated in a way that is decou-
pled from the fine-tuning process and more efficient
in both computation and workflow.

Driven by this observation, we seek a safety re-
covery method that operates at an inherent post-
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Figure 1: Comparison between conventional training-based safety recovery and our quantization-based approach.
Our method fully decouples safety recovery from fine-tuning, substantially reduces computational overhead, and

simplifies the deployment workflow.

training stage between fine-tuning and deployment,

avoiding a costly loop back to the fine-tuning stage.

Quantization is a de facto standard in modern LLM
deployment, yet it is largely regarded as a necessary
compromise, a process that inevitably sacrifices
safety for efficiency (Hong et al., 2024; Kharinaev
et al., 2025; Chen et al., 2025a). In this work, we
propose a novel perspective: rather than a source
of safety degradation, quantization can be repur-
posed as a powerful mechanism for safety recov-
ery. This insight allows us to reframe quantization
as a dual-purpose operation that not only facilitates
compression but also provides a turnkey opportu-
nity to "piggyback" safety alignment recovery. By
integrating defense directly into the deployment
pipeline, we effectively decouple safety realign-
ment from the resource-intensive fine-tuning stage,
achieving significant gains in both computational
and workflow efficiency.

To understand how quantization can recover
safety alignment after fine-tuning, we analyze the
representational structure of LLMs before and after
fine-tuning and show that fine-tuning weakens the
semantic separability underlying alignment. Based
on this insight, we introduce learnable layer-wise
quantization parameters to selectively constrain ac-
tivations and recover this separability, thereby re-
covering alignment. Comprehensive experimen-
tal results show that our method significantly re-
duces unsafe behaviors while preserving task per-
formance, with significant reductions in memory

usage and GPU hours. In practice, our approach
recovers the safety alignment of a fine-tuned 7B
LLM on a single RTX 4090 within 40 minutes.
We summarize our contributions as follows: 1)
We introduce an analysis to uncover how fine-
tuning compromises the safety alignment from the
perspective of representational structure. 2) We
propose Q-realign, to the best of our knowledge,
the first quantization-based defense framework for
fine-tuning attacks, which can naturally be inte-
grated into the deployment pipeline. 3) Q-realign
consistently exceeds existing baselines in safety
alignment recovery while maintaining fine-tuning
accuracy, with significant improvements in mem-
ory usage and GPU hours. These advantages hold
across diverse tasks and LLM architectures.

2 Preliminaries and Activation Analysis

2.1 Threat Model and Assumptions

Our threat model and experimental setup are de-
fined as follows. A model provider fine-tunes a
pre-aligned LLM (e.g., LLaMA2-7B-chat) on task-
specific data and deploys it as an online service
accessed via an API. In this setting, the provider
remains responsible for harmful outputs generated
after fine-tuning and may face significant gover-
nance and legal risks (Reuel et al., 2024).

Unlike prior work that assumes access to large la-
beled alignment datasets with harmful instructions
paired with safe responses (Hsu et al., 2024; Huang
et al., 2024b; Wang et al., 2025), our method oper-
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ates under a weaker assumption: it requires only
harmful instructions and substantially less align-
ment data. This makes our approach more practical
for real-world deployment, where collecting high-
quality safety annotations is costly. We present our
related work section in Appendix A.

2.2 How Fine-tuning Compromises Safety
Alignment?

In this section, we investigate how fine-tuning com-
promises the safety alignment of LLMs by exam-
ining changes in their representational structure.
Specifically, we analyze the separability of layer-
wise intermediate activations of benign and mali-
cious inputs before and after fine-tuning. The sepa-
rability is measured from two complementary per-
spectives: spatial separability, capturing geometric
separation in representation space, and semantic
separability, reflecting semantically separable in-
formation.

Analysis Method: Spatial separability is mea-
sured by Fisher’s linear discriminant ratio (Fisher,
1936). Given the token-averaged [-th layers’ acti-
vation h(") € RY, the spatial separability is formu-
lated as:

E o [b-E _«u [h]
S(l) — H h Hbe“igﬂ h Hmalicious 2 (1)
Euao Bt ] ¢
here HY and #Y denote the benign and
w benign malicious g

malicious activation sets, respectively, pg()h) is the
centroid of h’s class, and ¢ is a small constant for
numerical stability.

A higher S® indicates that benign and malicious
representations are more compact within each class
and more distant across classes, reflecting stronger
separability.

We measure semantic separability using the re-
fusal rate, which reflects how often malicious in-
puts are mapped to semantic regions associated
with refusal behavior. For each malicious input,
we perform layer-wise decoding from the interme-
diate activations at layer [ and check whether the
generated output contains explicit refusal expres-
sions. The refusal rate at layer [ is defined as the
proportion of malicious inputs whose decoded out-
puts exhibit refusal-related language. Intuitively, if
intermediate activations encode clear semantic sep-
aration between benign and malicious inputs, this
separation becomes behaviorally explicit during de-
coding, resulting in a higher refusal rate. Refusal
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Figure 2: Layer-wise separability and refusal rate across
pre-trained and fine-tuned models with varying harmful
ratios (hr). A lower harmful score indicates a safer
model.

detection is implemented using a keyword-based
method following Chao et al. (2023).

Analysis Results: Figure 2a and Figure 2b il-
lustrate the spatial separability and semantic sep-
arability before and after fine-tuning, respectively.
As shown in Figure 2a, the aligned pre-trained
model exhibits higher separability in the middle
and deeper layers, whereas fine-tuning substan-
tially reduces separability across most layers, with
a more pronounced decline when a higher fraction
of malicious data is used (e.g., hr = 0.05). This
reduction in spatial separability is consistent with
the observed increase in the harmful score. These
trends suggest that fine-tuning blurs the separation
between benign and malicious behaviors, under-
mining safety alignment and increasing vulnera-
bility to harmful inputs (refer to Figure 3 and Fig-
ure F.1 for 2D visualization).

In Figure 2b, we report the layer-wise refusal
rate as a behavioral measure of semantic separa-
bility. In the aligned pre-trained model, decoding
directly from intermediate activations, rather than
only from the final layer, already yields a very high
refusal rate in the middle and upper layers (e.g.,
layer 20+). Specifically, activations from these lay-
ers lead to refusal of nearly all malicious inputs,
indicating that malicious activations are mapped
to semantically distinct regions associated with re-
fusal behavior. Although decoding from interme-
diate layers may produce less fluent outputs due
to bypassing later decoding stages, the model con-
sistently exhibits refusal behavior, suggesting that
semantic separability is already established at these
layers.

In contrast, this early-layer refusal capability
deteriorates rapidly after fine-tuning. Fine-tuned
models exhibit substantially lower refusal rates
when decoding from intermediate layers, indicating
that fine-tuning weakens the semantic separability
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previously encoded in these representations. No-
tably, when fine-tuning includes a higher fraction
of malicious data, the model fails to reliably refuse
malicious inputs even when decoding from later
layers (e.g., layer 30), with refusal rates remain-
ing below 20%. This pronounced decline suggests
that fine-tuning increasingly entangles the seman-
tic representations of benign and malicious inputs,
undermining the model’s ability to trigger refusal
behavior.

Takeaway: From Figure 2a and Figure 2b, we
draw the following observations. @ In aligned
LLMs, intermediate activations induced by benign
and malicious inputs exhibit high layer-wise spa-
tial separability. @ This spatial separability fur-
ther manifests as semantic separability: decoding
directly from intermediate layers already yields
strong refusal behavior, indicating that malicious
inputs are mapped to distinct semantic regions early
in the network. @ Fine-tuning substantially de-
grades both properties. After fine-tuning, the layer-
wise spatial and semantic separability between be-
nign and malicious activations is markedly reduced,
accompanied by a sharp increase in harmful score.

Motivated by these findings, we conjecture that
safety degradation after fine-tuning stems from
the loss of separability in intermediate activations.
While semantic separability directly reflects safety
alignment, it is difficult to manipulate; spatial sep-
arability offers a more tractable structural proxy.
This leads to the question: Can restoring spatial
separability in intermediate activations restore se-
mantic separability, and thereby indirectly recover
safety alignment?

3 Methodology

3.1 Representation and Extraction of Spatial
Separability

Based on our analysis of intermediate activations
in aligned pre-trained LLMs, we observe that ac-
tivations induced by benign and malicious inputs
exhibit clear layer-wise spatial separability, which
is largely linear in the activation space. To explic-
itly characterize and extract this separability, we
adopt a Sparse Logistic Regression (SLR) model,
following prior work on probing toxic representa-
tions (Hu et al., 2024).

Given the token-averaged activation at layer [,
denoted as h(") € R, the corresponding SLR deci-
sion function is defined as

SLR(h®") = wTh® 4+, @

where w(!) € R? and b") € R denote the weight
vector and bias term of the SLR model at layer [,
respectively.

Importantly, our goal is not to use SLR as a
downstream classifier, but rather to leverage the
learned hyperplane as a geometric abstraction of
spatial separability in the activation space. This ab-
straction provides a structured representation and
serves as a foundation for designing alignment re-
covery quantization strategies.

In practice, we train a lightweight SLR probe
for each layer on an aligned pre-trained model and
reuse these SLRs to guide alignment recovery on
fine-tuned models. Since SLRs are linear models
trained on frozen calibration activations without
updating LLM parameters, their training incurs
negligible overhead compared to fine-tuning (i.e.,
about ten minutes on CPU for a 7B model). More-
over, the learned SLRs are specific to a pre-trained
aligned LLM, and are reusable for a model fine-
tuned on different downstream datasets.

3.2 Recovering LLM Alignment via
Post-training Quantization

We revisit quantization as a dual-purpose opera-
tion that not only facilitates model compression for
efficient deployment but also provides an opportu-
nity for alignment recovery. As a proof of concept,
we adopt the efficient post-training-quantization
(PTQ) scheme from OmniQuant (Shao et al., 2023).
While we instantiate our approach within the Om-
niQuant framework, the proposed method can also
be incorporated into other quantization schemes
with learnable quantization parameters.

To preserve model accuracy after quantization,
we follow prior work and formulate a block-wise
reconstruction loss:

IFW, 0= F(QuW VsV 4Y), Qum®:sM))
3
where F represents the mapping function for a
transformer block in the LLM, W and X are full-
precision model weight and activation, @Q,,(-) and
Q. (-) represent weight and activation quantizer, re-
spectively, s is the learnable quantization smooth-
ing scalar for equivalent transformation (Xiao et al.,
2023), and () is learnable quantization parame-
ter for weight clipping. More details related to
quantization are presented in Appendix C.

Moreover, to re-separate the activations of be-
nign and malicious inputs after quantization, we in-
troduce an additional alignment recovery objective.
Specifically, we employ the Softplus loss (Dugas
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et al., 2000) to push quantized activations away
from the decision boundary learned by the Sparse
Logistic Regression (SLR) probe. Formally, the
loss is defined as

log(l + exp(—(w(l)Tﬁa) —+ b(l>))> , “)

where w(!) and b(®) is the parameter of the SLR of
the [-th layer, and h® is the quantized activation
of the [-th layer.

For each layer, quantization is guided by two ob-
jectives. The first is to preserve model accuracy by
reconstructing activations after quantization, and
the second is to re-separate the activations of be-
nign and malicious inputs to recover safety align-
ment. These two objectives are inherently in con-
flict: preserving accuracy encourages activations
to remain close to their original values, whereas
re-separation requires actively shifting activations
to restore alignment-related activation structure.

To resolve this conflict, we build on the observa-
tion that model helpfulness is primarily determined
by benign inputs, while safety violations are mainly
associated with malicious inputs. Accordingly, we
adopt a class-conditional strategy: we reconstruct
the activations of benign inputs to preserve task
performance, while pushing the activations of mali-
cious inputs away from benign regions in the repre-
sentation space to recover spatial separability and
safety alignment. This leads to the following opti-
mization objective:

arg min Eqw ) [(1 — ) WO — RO 2
reconstruction
+ y)\log(l + exp( — (W(Z>Tﬁ(l) + b(l))))) ]

re-separation

(%)
where W1 and h(®) are quantized weight and acti-
vation, obtained by learnable quantization parame-
ters O = {5(), 4(D} the binary label y = {0, 1}
indicates the activation type, with y = 1 corre-
sponding to malicious samples, and A is a hyperpa-
rameter to balance two loss terms.

4 Experiments

We present a comprehensive evaluation of
Q-realign, reporting results on different harm-
ful ratios, fine-tuning datasets, and LLMs. (Sec-
tions 4.2), followed by an efficiency analysis includ-
ing memory and speed (Section 4.3). Moreover,
we provide a statistical analysis and visualization
to illustrate the effectiveness of our method (Sec-
tion 4.4).

4.1 Experimental Setup

Models and datasets. We use the aligned pre-
trained LLaMA2-7B-Chat (Touvron et al., 2023)
as the primary base model for fine-tuning. To as-
sess the generalizability of our approach, we ad-
ditionally conduct experiments on other widely
used LLMs, including Gemma2-9B-it (Team et al.,
2024), Qwen2.5-7B-it (Qwen et al., 2025), and
LLaMA3-8B-it (Grattafiori et al., 2024). For
datasets of fine-tuning, we use Alpaca (Taori et al.,
2023) as the default dataset, and also conduct
experiments on SST-2 (Socher et al., 2013) and
GSMSK (Cobbe et al., 2021), following the experi-
mental protocols (Rosati et al., 2024; Huang et al.,
2024b; Wang et al., 2025). For evaluation, mod-
els fine-tuned on Alpaca are evaluated using the
MMLU benchmark (Hendrycks et al., 2020) fol-
lowing Pan et al. (2024), while models fine-tuned
on SST-2 and GSMB8K are evaluated on their corre-
sponding test sets.

Implementation details and evaluation met-
rics. Following (Rosati et al., 2024; Huang et al.,
2024b; Lyu et al., 2024), we evaluate under a sce-
nario where a user or service provider fine-tunes
on a dataset that contains a portion of malicious
samples, and the portion named harmful ratio (hr).
We use the harmful score (hs) to evaluate the safety
of a model, and we test safety on the subset of
the AdvBench benchmark curated by Zou et al.
(2023). We use LoRA (Hu et al., 2022) for efficient
fine-tuning and then quantize the model to W8AS
(i.e., 8-bit weight and 8-bit activation) by default
and maintain other methods in floating point. All
our results are the average of three runs on A6000
GPUs by default. More details, including baselines,
are included in Appendix B.1.

4.2 Main results

Harmful ratio. Table 1 reports the performance
of different defense methods under varying harm-
ful ratios. Our method consistently achieves the
lowest harmful scores across all settings, with an
average harmful score of 7.64%, outperforming the
strongest baseline PTST by 5.09%. Notably, this
safety improvement does not sacrifice downstream
performance. Under the gentle W8AS8 quantization
setting, our method maintains fine-tuning accuracy
comparable to other baselines. These results sup-
port our claim that restoring spatial separability in
intermediate representations effectively recovers
safety alignment.
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Table 1: Results on harmful score and fine-tuning accuracy after fine-tuning with different harmful ratios (hr).
Lower harmful score (]) is better, higher fine-tuning accuracy (1) is better.

Harmful Score (])

Fine-tuning Accuracy (1)

Methods

Clean hr=0.05 hr=0.1 hr=0.15 hr=0.2 Avg. ‘ Clean hr=0.05 hr=0.1 hr=0.15 hr=0.2 Avg.
SFT 3.07 4038 4423 48.08 5096 3734|4838 4797 4830 46.86 47.87 47.88
Lisa 1.70 1096 1692  20.00 2327 14.57 | 4845 4745 48.08 47.29 4734 4772
SafeLoRA | 250 36.73 34.03 38.07 4096 3046 |47.06 47.32 46.78 4621 4634 46.74
PTST 096 11.53 1500 1654 19.61 1273|4784 47.81 4623 4685 4729 47.20
Panacea 2.10 1288 2135 3423 4135 2238|4796 47.11 48.03 46.73 47.57 4748
Ours 0.77 7.88 8.65 9.96 1097 7.64 | 47.61 4723 4777 46.03 4729 47.19

Table 2: Performance on different datasets. HS (])
denotes Harmful Score (lower is better), FA (1) denotes
Fine-tuning Accuracy (higher is better).

Methods SST-2 GSMSK Alpaca
HS (1) FA(1) HS (1) FA(1) HS()) FA()
SFT 56.54 94.09 21.53 27.27 4423 48.30
Lisa 21.73 9323 6.73 26.14 1692 48.08
SafeLoRA 43.57 93.11 14.21 2537 34.03 46.78
PTST 18.65 92.88 6.15 2455 15.00 46.23
Panacea 31.54 93.07 7.11 2538 21.35 48.03
Ours 12.69 9298 346 2658 8.65 47.77

Fine-tuning datasets. To assess generalizabil-
ity, we apply our method to LLaMA2-7B-Chat
fine-tuned on SST-2 and GSM8K. As shown in Ta-
ble 2, our approach consistently reduces the harm-
ful score while maintaining comparable fine-tuning
accuracy across datasets. In particular, the harmful
score on GSMSK is substantially lower than on
SST-2 and Alpaca, reflecting the lower inherent
risk of math-focused data compared to conversa-
tional datasets. These results indicate that the ef-
fectiveness of fine-tuning attacks depends on the
risk profile of the training data, while our method
remains robust across diverse domains.

Table 3: Performance on different LLMs. HS (|) de-
notes Harmful Score (lower is better), FA (1) denotes
Fine-tuning Accuracy (higher is better).

M Gemma2-9B LLaMA3-8B Qwen2.5-7B
ethods

HS () FA(1) HS() FA(1) HS() FA(D
SFT 67.11 68.78 59.49 69.40 60.38 74.29
Lisa 12.88 66.83 1532 6845 11.73 73.04
SafeLoRA 47.08 6631 4149 67.77 5231 72.13
PTST 9.81 6631 1344 6643 13.65 72.13
Panacea 18.85 6695 23.76 68.01 21.73 72.67
Ours 4.02 6647 683 6736 5.78 72.79

Mainstream LLMs. We further evaluate
our method on Gemma2-9B, Qwen2.5-7B, and
LLaMA3-8b, fine-tuned on Alpaca with a harm-

ful ratio of 0.1 (Table 3). Although these models
achieve higher fine-tuning accuracy than LLaMA2-
7B-Chat, fine-tuning leads to more severe safety
degradation, reflected by substantially higher harm-
ful scores. Despite this, our method consis-
tently yields the lowest harmful scores, reducing
them by 5.79, 6.61, and 7.87 points on Gemma2,
LLaMA3, and Qwen2.5, respectively, compared
to the strongest baseline. While W8AS8 quantiza-
tion slightly lowers accuracy relative to floating-
point SFT, performance remains comparable to
other baselines, demonstrating robust cross-model
generalization.

4.3 Overhead analysis

In this section, we compare the overhead of our
method with baselines, including GPU hours and
memory usage.

4.3.1 GPU Hours

We measure the additional GPU hours introduced
by the defense process, using standard SFT as a
reference, and the results are shown in Table 4. In
terms of defense-related GPU hours, our method
incurs the lowest cost, requiring only 1.4h and 1.9h
for 7B and 9B models, respectively, which is 0.8h
and 1.2h less than Lisa.

Moreover, baseline defense methods are tightly
coupled with the SFT process, as they require direct
modification of the fine-tuning procedure. Conse-
quently, their computational overhead increases
with the cost of SFT. For example, Panacea incurs
substantially higher GPU cost than vanilla SFT,
due to multiple forward-backward passes per up-
date, which can become prohibitive in large-scale
fine-tuning scenarios. In contrast, our method is
decoupled from the SFT process and does not re-
quire modifying fine-tuning steps. As a result, its
computational cost is insensitive to the number of
SFT updates and depends mainly on the model con-
figuration, making it more practical for large-scale
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training.

4.3.2 Memory Usage

We measure the GPU memory cost associated with
different defense methods, and the results are re-
ported in Table 5. For baseline methods that are
highly coupled with the SFT process, the practical
lower bound of memory usage corresponds to the
memory footprint of SFT itself, and can further in-
crease due to direct modifications of the fine-tuning
procedure. In contrast, our method adopts a layer-
wise post-training quantization strategy and per-
forms optimization on a per-layer basis, which sub-
stantially reduces memory consumption. Specifi-
cally, it requires only 7.0GB and 8.1GB of GPU
memory to quantize the model and recover safety
alignment for the 7B and 9B models, respectively.

Since our fine-tuning process primarily adopts
LoRA, we further evaluate memory usage with-
out LoRA. As shown in Table 5, removing LoRA
substantially increases the memory footprint of
baseline methods, for example, Panacea requires
over 90 GB of GPU memory for a 9B model, typi-
cally necessitating high-memory GPUs (e.g., H200-
class), and is less practical for resource-constrained
scenarios. In contrast, our method is fully decou-
pled from fine-tuning, and its memory cost remains
unchanged regardless of LoRA.

To ensure a fair comparison with baseline meth-
ods, we report the GPU hours in Table 4 using an
A6000 server, as all baseline defenses exceed the
VRAM capacity of consumer-grade hardware and
fail to execute on memory-constrained devices. To
further demonstrate the practical accessibility of
Q-realign, we conducted an independent evaluation
on a single RTX 4090 GPU. While baselines are en-
tirely incompatible with this hardware, our method
successfully recovers the safety alignment of a 7B
model in approximately 40 minutes. This high-
lights that Q-realign is not only more efficient than
existing defenses on high-end servers but also en-
ables safety-aware deployment in resource-limited
settings where previous methods are inapplicable.

4.4 Statistical and visualization analysis

To verify that our method can indeed recover the
spatial and semantic separability, we plot the sepa-
rability ratio and refusal rate defined in Section 2.2
before and after quantization defense.

Spatial Separability is measured by the layer-
wise separability ratio of intermediate activations
induced by benign and malicious inputs. As shown

Table 4: Results of additional GPU hours introduced by
the defense process on different model sizes. o< and L
indicate proportionally and independently, respectively.

GPU Hours (h) Scaling
Methods 7B 9B Dependency Ratio
SFT 14.5 19.5 - -
Lisa 2.2 3.1 o SFT x1.15
PTST - - o SFT x1.00
Panacea 33.8 46.1 x SFT x3.34
Ours 1.4 1.9 1 SFT -

Table 5: Memory usage to operate different defense
methods. We report these results on A6000 to ensure a
fair comparison, as baseline methods fail to execute on
GPUs like the RTX 4090 due to the memory constraint.

W/ LoRA (GB) | W/O LoRA (GB)
Methods 9B 7B 9B
SFT 283 467 | 684 819
Lisa 20.1 482 | 716 853

PTST 28.3 46.7 68.4 81.9
Panacea 31.1 52.3 77.3 92.7
Ours 7.0 8.1 7.0 8.1

in Figure 4a, applying our quantization defense to
the fine-tuned model leads to a substantial increase
in layer-wise spatial separability across most lay-
ers. This indicates that quantization effectively
restores the geometric distinction between benign
and malicious representations that was degraded by
fine-tuning. Correspondingly, the harmful score of
the fine-tuned model is significantly reduced from
40.38 to 7.88 after quantization defense, demon-
strating a clear recovery of safety-related represen-
tational structure.

Semantic Separability is measured by the layer-
wise refusal rate, defined as the proportion of
malicious inputs whose intermediate activations,
when directly decoded, produce explicit refusal
responses. As shown in Figure 4b, quantization
defense markedly increases the refusal rate across
layers, particularly in the middle-to-deep layers
where fine-tuned models exhibited limited refusal
capability. This improvement indicates that restor-
ing spatial separability at the activation level also
enhances the model’s ability to behaviorally dis-
tinguish malicious inputs, making refusal behavior
semantically explicit earlier and more consistently
in the model.

Visualization. To examine how fine-tuning and
quantization defense affect intermediate represen-
tations, we visualize layer-level activations under
three model states: before fine-tuning, after fine-
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Figure 3: 2D visualization of activation distribution of a certain layer of three model states: before fine-tuning, after
vanilla fine-tuning, and after our defense method. Layer 26 is picked as an example, and results on more layers are

shown in Figure F.1.
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Figure 4: Layer-wise separability and refusal rate of
pre-trained model, fine-tuned model (hr=0.05), and cor-
responding quantized model with defense.

tuning, and after applying quantization defense.
We sample 500 benign and 500 harmful inputs, ex-
tract token-averaged activations at each layer, and
project them into two dimensions using SVD-based
PCA. Figure 3 shows the resulting distributions
for the aligned pre-trained model, the fine-tuned
model with a 0.05 harmful ratio, and its quantized
counterpart, illustrating how fine-tuning degrades
layer-wise separability and how quantization de-
fense restores it.

For the pre-trained aligned model (left in Fig-
ure 3), we observe a large inter-class margin be-
tween benign and harmful activations. In addi-
tion, the harmful activations exhibit low intra-class
variance, with most harmful samples concentrated
within a compact refusal region. After fine-tuning
(middle in Figure 3), the inter-class margin between
benign and harmful activations is noticeably re-
duced, and the two distributions become closer in
the space. Meanwhile, the variance of harmful acti-
vations increases significantly, resulting in a more
dispersed distribution.

In contrast, after applying the quantization-based
defense (right panel in Figure 3), we observe that
the activations of benign samples remain largely

unchanged. This observation is consistent with the
effect of the reconstruction loss, which is designed
to preserve benign representations and thus helps
maintain downstream task performance and lan-
guage ability. At the same time, the inter-class mar-
gin increases, resulting in the harmful activations
becoming more discriminative from benign ones,
and reducing overlap between the two distributions.
Moreover, the harmful activation distribution is no-
ticeably compressed, exhibiting lower intra-class
variance, which is similar to the compact pattern
observed in the pre-trained aligned model.

These observations collectively verify the effec-
tiveness of our method, and we conjecture that this
recovery of the activation pattern plays a key role in
restoring safety alignment after quantization-based
defense. Similar trends are consistently observed
across different fine-tuning settings and layers (in
Figure F.1).

5 Conclusion

In this paper, we propose Q-realign, a plug-and-
play post-training defense that leverages quantiza-
tion to mitigate fine-tuning-induced safety degra-
dation. While prior work has mainly viewed quan-
tization as a source of additional safety loss, we
show that, when properly designed, it can instead
serve as an effective mechanism for safety recov-
ery. Guided by a novel analysis of representational
structure that reveals how fine-tuning compromises
alignment, our method reduces unsafe behavior
while preserving downstream task performance.
By decoupling safety recovery from fine-tuning,
Q-realign also improves both computational and
workflow efficiency, making it a practical solution
for safety-aware deployment.
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6 Limitations

While Q-realign demonstrates strong perfor-
mance across multiple LLM architectures and
datasets, our current evaluation is limited to models
with up to 9B parameters. Extending the proposed
framework to larger-scale models is an important
direction for future work. In addition, although this
study focuses on language models, applying our
method to multimodal architectures, such as vision-
language models, represents a promising avenue
for future research.

7 Claim of LLM Usage

In this work, large language models (LLMs) were
used solely as a general-purpose writing assistant.
Their role was limited to correcting grammar, fix-
ing typographical errors, and polishing the lan-
guage for clarity and readability.
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A Related Work
A.1 Model Quantization

As large language models are increasingly de-
ployed in real-world systems, efficient model com-
pression has become essential. Quantization con-
verts continuous-valued weights and activations
into low-bit representations (e.g., INT8 or INT4),
significantly reducing memory footprint and infer-
ence latency while largely preserving model perfor-
mance (Zhou et al., 2016). Existing methods are
typically categorized into quantization-aware train-
ing (QAT) (Dettmers et al., 2023; Xu et al., 2023;
Liu et al., 2024a; Chen et al., 2025b) and post-
training quantization (PTQ) (Nagel et al., 2020;
Li et al., 2021; Xiao et al., 2023; Frantar et al.,
2022; Shao et al., 2023; Sun et al., 2025; Liu et al.,
2024b). Although QAT incorporates quantization
during training and often achieves higher accuracy,
its substantial computational and memory overhead
makes it impractical for large-scale language mod-
els. In contrast, PTQ requires no retraining and
therefore aligns naturally with modern LLM de-
ployment pipelines.

One line of research investigates how quantiza-
tion degrades model alignment (Hong et al., 2024;
Kharinaev et al., 2025; Chen et al., 2025a). While
seemingly related, our work differs fundamentally
in its objective. Unlike previous studies that view
quantization merely as a compression process that
sacrifices safety, we transform quantization, tradi-
tionally a safety-eroding step, into a safety recovery
mechanism. By piggybacking safety realignment
onto quantization, we decouple safety recovery
from the fine-tuning stage, achieving significantly
higher computational and workflow efficiency.

A.2 Fine-tuning Attack and Defense

Alignment of LLM ensures the models behave in a
way that conforms to social values. Recent works
indicate that, whether the user has the intention
or not, fine-tuning can all be an effective attack
method, simply fine-tuning the aligned model on
a few harmful or even benign data can effectively
pass by the carefully designed safety alignment (Qi
et al., 2023; Yang et al., 2023; Huang et al., 2024a;
Liet al., 2024; Ye et al., 2024). A series of works
has been proposed to mitigate the safety degrada-
tion in fine-tuning. Huang et al. (2024¢) and Wang
et al. (2025) apply learnable perturbation on the
model to make the model’s safety more robust to
fine-tuning. Hsu et al. (2024) introduces the pro-

jection of LoRA weights to the safety-aligned sub-
space, reducing the safety risks in LLM fine-tuning.
Lyu et al. (2024) fine-tune models without a safety
prompt, but include it at test time to recover the
safety alignment. Li et al. (2025a) identifies safety-
critical data by safety-sensitive layers, and miti-
gates safety degradation by removing this data in
fine-tuning. Despite effectively mitigating unsafe
behaviors in fine-tuned models, most of the existing
methods are highly coupled with the complex and
resource-intensive fine-tuning process, therefore,
limiting the efficiency of the methods.

B More Details of Experiments

B.1 Experiment Details

Implementation details. In the fine-tuning stage,
the learning rate is set to 2e-5, the batch size is 10,
and the total number of fine-tuning epochs is 10.
In the quantization defense process, following the
setting in Shao et al. (2023), the learning rate of
the learnable equal transformation is set to le-3,
and the learning rate for learnable weight clipping
is le-2. For the training epoch, for the first half of
the layers are set to 5, and for the other layers are
set to 15. The intuition is that the activation from
the layers closer to the output needs to be more
discriminative and safety-sensitive. And the weight
A to balance reconstruction loss and re-separation
loss is set to 1 across all experiments.

For the harmful data used in calibration, we sam-
pled from BeaverTail (Ji et al., 2023). The total
number of harmful samples used in calibration is
150, and the number of benign samples used is 50.

Evaluation metrics. Following Huang et al.
(2024b); Wang et al. (2025), we use harmful score
and fine-tuning accuracy to evaluate the perfor-
mance of the model.

e Harmful Score (HS): It is also known as attack
success rate (ASR), and reflects the frequency
with which the model generates harmful con-
tent when handling a malicious prompt. We
use a trained classifier released by Huang et al.
(2023) to evaluate if the generated response is
harmful or not.

* Fine-tuning Accuracy (FA): It refers to the
downstream accuracy. Fine-tuning on Alpaca
is evaluated on the MMLU benchmark. For
SST2 and GSMB8K, the test set of the corre-
sponding dataset is used for evaluation.
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B.2 Baselines

We compare against five representative methods.
Supervised fine-tuning (SFT) serves as the vanilla
baseline, on which we apply post-training quan-
tization. LISA (Huang et al., 2024b) jointly op-
timizes task performance and safety during fine-
tuning, while PTST (Lyu et al., 2024) removes
safety prompts during fine-tuning and reintroduces
them at inference. Panacea (Wang et al., 2025)
injects perturbations during training to enable post-
fine-tuning alignment recovery. SafeLoRA (Hsu
et al., 2024) performs one-shot post-hoc defense
by projecting LoRA weights onto a safety-aligned
subspace.

B.3 Keyword List for Refusal Answers

“I’'m sorry”, “sorry”, “an AI”,“is illegal and
unethical”, “I’m really sorry”, “My purpose”,
“As a helpful assistant”, “OpenAl”, “unethi-
cal”, “positive and uplifting”, “against ethical
guidelines”, “legally”, “illegal”, “My apolo-
gies”, “legal ways”, “but I cannot”, “If you
have any other non-malicious requests”, “I’'m
not able to provide”, “I cannot engage”, “I can-
not generate”, “I do not generate”, “I cannot
create”, “I do not actually”, “a bit unclear”, “I
can’t create”, “I cannot support”, “I can’t pro-
vide”, “I’m truly sorry”, “I cannot provide”,
“I’d prefer not”, “I do not provide”, “I cannot
recommend”, “I do not recommend”, “I do not
feel comfortable”, “I can’t assist”, “Absolutely
not!”, “here’s an alternative”, “here’s a differ-

ent”, “I cannot assist”, “I will refrain”, “I apol-

LR N3 LT3

ogize”, “I will not”, “awesome coffee”,
29 (13

7, “promote well-being”,

ativity”,
“harm reduction”, “self-care”

cre-
positivity”,

B.4 Prompt Template

We use the prompt template in the following box
for fine-tuning on Alpaca and inference.

Prompt: Below is an instruction that describes
a task. Write a response that appropriately
completes the request.

### Instruction:
{instruction}

### Input:
{input}

#i## Response:
Output: {output}

For fine-tuning on GSM8K and SST-2, please
refer to Wang et al. (2025), and for the safety-aware
prompt used for baseline PTST, following the pa-
per (Lyu et al., 2024), we used the safety prompt
recommended by the Llama 2 paper (Touvron et al.,
2023).

C Details for Quantization

Our quantization includes two learnable compo-
nents to mitigate activation and weight outliers for
precision, adaptive smoothing, and adaptive weight
clipping.

The smoothing operation is proposed by
SmoothQuant (Xiao et al., 2023), which statically
manipulates activation distributions via channel-
wise scaling and shifting. Specifically, we repre-
sent the computation of a linear layer as:

Y =XW+B = [(X —0) 0 s]-[s © W]+[B + dW] (6)
— v v

X W B

where X € RT*P1 the T is the sequence length,
W € RP1xDz jg the weight matrix and B €
RY*D2 g the bias. Here, s and & are learn-
able channel-wise scaling and shifting parameters,
X, W and B represent the smoothed activation,
weight and bias, respectively, © and ® are element-
wise division and multiplication.

The weight clipping operation is proposed
to keep the precision of certain important
weights (Esser et al., 2019; Bhalgat et al., 2020).
We conduct weight quantization with the learn-
able step size and offset. We jointly learn clip-
ping thresholds to adaptively determine the optimal
clipping range for weights. Specifically, consider-
ing asymmetric quantization, the quantization of
weights as formulated by

W:clamp([%J +2z,a-Qp,8-Qp) N

where A and z are learnable step size and zero-
point, respectively, initialized based on the default
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Figure D.1: Layer-wise classification accuracy of the
SLR model across three LLMs.

asymmetric quantization scheme. « and [ are
learnable clipping coefficients (with a < f3), and
@ p denotes the maximum positive quantization
level. Intuitively, for weights with near-uniform
distributions after smoothing, o and 3 converge to
similar values, resulting in a tight clipping range
that preserves precision. In contrast, for biased
weight distributions, « and 5 adapt to asymmetri-
cally clip the dynamic range, thereby mitigating
the impact of outliers.

D Details on the Sparse Logistic
Regression Model

To represent and extract the spatial separability, we
employ sparse logistic regression (SLR) as a lin-
ear probe. We sample 500 benign instances from
Alpaca (?) and 500 harmful instances from Beaver-
Tail (Ji et al., 2023), using an 80/20 split for training
and testing. For each layer, we use the correspond-
ing intermediate activations as input to train an
SLR classifier, and report the resulting layer-wise
classification accuracy in Figure D.1. Across all
layers, the SLR classifiers achieve accuracies ex-
ceeding 90%, indicating that benign and malicious
activations are highly separable in the representa-
tion space. This result validates the use of SLR
decision boundaries as a meaningful geometric ab-
straction of spatial separability.

E Ablation study

We conduct comprehensive ablation studies to ver-
ify the effectiveness of our method under different
settings.

A for balancing two loss terms. To balance the
reconstruction loss and the re-separation loss, we
use a hyperparameter \ for re-separation loss, and
set 1 in our experiments by default. Table E.1 illus-
trates the delicate trade-off between safety recovery

and model utility. As we prioritize the re-separation
objective by increasing A, the Harmful Score con-
sistently decreases, falling from 18.58% at A = 0.5
t0 6.34% at A\ = 2, while downstream task accuracy
simultaneously declines. Conversely, reducing A
preserves higher fine-tuning accuracy but leaves the
model vulnerable to a significantly higher harmful
score, such as 43.12% when A = 0.In the extreme
case where A = oo, the model optimizes solely
for re-separation, leading to a harmful score of 0.0.
However, this is a byproduct of total model col-
lapse; the model loses its ability to generate mean-
ingful language, making the zero harmful score a
result of linguistic degeneration rather than genuine
alignment.

Table E.1: Results of different weights for re-separation
loss. 0 indicates that only the reconstruction loss is
considered (i.e., original quantization), co indicates that
only the re-separation loss is considered.

Value of \ 0 0.5 1.0 2 00

Harmful Score () 43.12 18.58 8.65 6.34 0.0
FT Accuracy (1) 48.13 48.07 47.77 43.41 26.28

Ratio of malicious inputs in calibration data.
During calibration for alignment recovery, we use
a mixed dataset of malicious and benign inputs,
which is distinct from the harmful ratio used in
the fine-tuning process. Malicious samples are op-
timized with the re-separation loss, while benign
samples enforce reconstruction. We set the calibra-
tion malicious ratio to 75% by default to balance
safety recovery and performance preservation.

As shown in Table E.2, setting the calibration
malicious ratio to 100% eliminates the reconstruc-
tion loss and optimizes the model solely with the
safety loss, resulting in a sharp reduction in the
harmful score. However, without reconstruction
loss, this setting induces severe weight shifting,
leading to substantial degradation in language mod-
eling capability. As a consequence, the generated
outputs become incoherent and uninformative, and
the extremely low harmful score should be inter-
preted as a byproduct of model degeneration rather
than genuine safety improvement.

In contrast, reducing the calibration malicious
ratio strengthens reconstruction and improves fine-
tuning accuracy. However, when the ratio drops
below 75%, accuracy gains saturate under W8AS
quantization while safety degrades. We therefore
adopt 75% as the calibration malicious ratio for the
trade-off between accuracy and safety.
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Table E.2: Results of harmful score and fine-tuning
accuracy with different ratios of malicious inputs in the
calibration data.

Malicious (%) 100 75 50 25 0

Harmful Score (1) 0.34 8.65 15.77 24.42 42.11
FT Accuracy (1) 2543 47.77 47.69 47.93 48.12

Quantization to different bit-width. We evalu-
ate the robustness of our method under a range of
quantization bit-widths. As shown in Table E.3, our
approach consistently reduces the harmful score
across different quantization settings, including
both weight-only and weight-activation quantiza-
tion schemes. Under moderate quantization set-
tings (e.g., W8A16, W8AS, and W4A16), this
safety improvement is achieved while largely pre-
serving fine-tuning accuracy.

However, under the aggressive W4A4 setting,
the model exhibits a substantial degradation in ac-
curacy and generation quality. Although the harm-
ful score further decreases in this case, the outputs
become less coherent, indicating severe degrada-
tion in the capability of the model, and the de-
creased harmful score becomes meaningless. We
conjecture that combining our method with a more
advanced quantization technique (Liu et al., 2024b;
Sun et al., 2025) can also achieve promising de-
fense under an aggressive quantization setting.

Table E.3: Results of harmful score and fine-tuning
accuracy under different bit-width.

Bit-width FP16 W8A16 WSA8 W4Al16 W4A4

Harmful Score (|) 44.23 7.31 8.65 13.63 288
FT Accuracy (1) 48.30 48.04 47.77 4536 28.36

F More Visualization

We provide more layer-wise 2D visualization of
harmful and benign activation distribution as shown
in Figure F.1. Each subplot illustrates the distribu-
tion of benign and harmful activations at a given
layer, enabling a qualitative comparison of how
fine-tuning degrades the representational structure
and how quantization defense restores layer-wise
separability.

For the pre-trained aligned model (Figure F.1a)
with zero harmful score, we observe that the acti-
vation is highly separated after a few layers. More-
over, the activation distribution of benign inputs
is more uniform, while the activation distribution
of harmful inputs is more tight, located within a

small ’rejection area’. After benign fine-tuning
(Figure F.1b), the harmful score slightly increases
to 3.07, and we observe that the activations of harm-
ful and benign inputs are getting closer, and the
activation points show a certain degree of overlap.
Moreover, we find that the distribution of harm-
ful samples becomes wider compared to the pre-
trained model.

After fine-tuning with 0.05 as a harmful ratio,
as shown in Figure F.1c, the harmful score signifi-
cantly rose to 40.38, and the activation gets closer,
and the harmful samples distribute more diversely,
far beyond the potential rejection area, resulting
in a significant increase in harmful score. In con-
trast, after quantization defense (Figure F.1d), we
observe that the points of the benign samples do not
move a lot, which illustrates the effect of the recon-
struction loss work, maintaining the downstream
task performance and language ability. Moreover,
the harmful samples are more discriminative from
the benign ones, and there is less overlap in the po-
sition of the points. In addition, the distribution of
the harmful samples is squeezed, and be more sim-
ilar to the pattern in the pre-trained aligned model.
Given the above observation, we verify the effec-
tiveness of our method, and the harmful score is
indeed significantly reduced, from 40.38 to 7.88. A
similar pattern is also observed in the fine-tuning
and quantization defense, with 0.15 as the harmful
ratio, shown in Figure F.1e and Figure F.1f.
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Figure F.1: More 2D visualization of layer-wise activation distribution of harmful and benign inputs.
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