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Abstract

Despite extensive safety alignment, Large Lan-
guage Models (LLMs) often fail against jail-
break attacks. While machine unlearning has
emerged as a promising defense by erasing
specific harmful parameters, current methods
remain vulnerable to diverse jailbreaks. We
first conduct an empirical study and discover
that this failure mechanism is caused by jail-
breaks primarily activating non-erased param-
eters in the intermediate layers. Further, by
probing the underlying mechanism through
which these circumvented parameters reassem-
ble into the prohibited output, we verify the per-
sistent existence of dynamic jailbreak paths
and show that the inability to rectify them con-
stitutes the fundamental gap in existing un-
learning defenses. To bridge this gap, we pro-
pose Jailbreak Path Unlearning (JPU), which
is the first to rectify dynamic jailbreak paths
towards safety anchors by dynamically mining
on-policy adversarial samples to expose vulner-
abilities and identify jailbreak paths. Extensive
experiments demonstrate that JPU significantly
enhances jailbreak resistance against dynamic
attacks while preserving the model’s utility.

1 Introduction

The rapid evolution of Large Language Models
(LLMs), exemplified by ChatGPT (OpenAI, 2023),
Gemini (Team et al., 2023), and DeepSeek (Guo
et al., 2025), has contributed significantly to the rise
of Artificial Intelligence. These models demon-
strate exceptional performance across complex
tasks, including content generation, code synthe-
sis, and mathematical reasoning (Ahn et al., 2024;
Hu et al., 2024). However, the deployment of
LLMs exposes significant safety vulnerabilities that
pose substantial risks to modern society (Wang
et al., 2025; Phanireddy, 2025). To alleviate these
risks, significant efforts have focused on advanced
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Figure 1: An illustration of how jailbreak path unlearn-
ing enhances jailbreak defense performance. Compared
to existing unlearning defenses that exhibits the failure
mechanism (a), our proposed method JPU (c) explicitly
targets and rectifies the underlying issue, the existing
jailbreak paths within erased-LLMs (b), achieving supe-
rior defense performance while preserve utility.

alignment strategies to construct safety-aligned
LLMs (Kaneko et al., 2022; Zhao et al., 2024b).

Despite these efforts, recent studies reveal that
aligned LLMs remain brittle against “Jailbreak At-
tacks” (Chu et al., 2024; Xiong et al., 2025), which
manipulate models into generating prohibited con-
tent. To mitigate these risks, researchers have de-
veloped various defenses, including decoding en-
hancement (Xu et al., 2024), model editing (Zhao
et al., 2024a), and machine unlearning (Lu et al.,
2024; Shi et al., 2025). Among these, machine
unlearning has emerged as a promising defense
paradigm aiming to directly remove specific harm-
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ful knowledge from the model parameters and re-
training LLMs to reject malicious requests.

Existing unlearning defenses, which primarily
focus on erasing isolated parameters and static
datasets, remain vulnerable to evolving jailbreak
attacks. To investigate this failure, we analyze the
overlap of activated parameters between success-
ful jailbreak queries and standard harmful queries
on an erased LLM (Lu et al., 2024) using SNIP
importance analysis (Wei et al., 2024), which iden-
tifies the most salient neurons driving specific be-
haviors. As illustrated in Figure 1(a), parameters
activated by diverse attacks in intermediate layers
exhibit minimal overlap with the “erased” regions
associated with harmful queries, contradicting the
high overlap expected for existing unlearning de-
fenses. This suggests that jailbreak behaviors are
not strictly bound to a fixed set of isolated neurons.

While analyzing isolated parameters is a com-
mon practice, it fails to reveal the underlying attack
mechanism by overlooking the inter-layer connec-
tivity essential for orchestrating distributed acti-
vations toward harmful outputs. To address this
gap, we hypothesize that dynamic jailbreak paths
serve as the determinant factor, routing informa-
tion through non-erased parameters across multi-
ple layers to successfully generate unsafe content.
We verify this by tracing the alignment between
jailbreak-induced paths and direct-harm trajecto-
ries using Inter-layer Gradient Integration (IGI) (Li
et al., 2025b). As illustrated in Figure 1(b), diverse
jailbreaks progressively converge with the harmful
pathways from intermediate to final layers, culmi-
nating in the unsafe outputs. This confirms that
dynamic jailbreak paths in supposedly “unlearned”
models underlie persistent vulnerabilities, exposing
a fundamental defense gap: current static parame-
ter unlearning defenses are insufficient to eliminate
dynamic path-based attack mechanisms, leaving
models susceptible to adaptive jailbreaks.

To bridge this gap, we propose Jailbreak Path
Unlearning (JPU) Figure 1(c), a unified unlearn-
ing framework designed to rectify dynamic jail-
break paths towards safety anchors by dynamically
mining on-policy adversarial samples to expose
vulnerabilities and identify jailbreak paths. JPU
comprises three key components: on-policy attack
buffer mining, jailbreak path identification, and
constrained path rectification. Specifically, JPU
first mines vulnerable adversarial samples from an
adaptive attack buffer by estimating the current
model’s refusal tendency. It then retraces critical

jailbreak paths flowing from intermediate layers to
harmful sink nodes in deep layers using a variant
of inter-layer gradient integration. Finally, JPU
performs constrained jailbreak path rectification to
align the retraced paths with safety anchors and
desired behaviors. Meanwhile, a utility preser-
vation constraint is incorporated to maintain the
model’s general capabilities. Experimental results
demonstrate that JPU achieves superior jailbreak
defense performance while preserving utility com-
pared with existing unlearning defense methods.

In summary, our contributions are as follows:

• We conduct progressive empirical analysis to
expose the failure mechanisms and the critical
gap of existing unlearning defenses: jailbreak
activation of non-erased parameters and dy-
namic jailbreak paths exist in erased LLMs.

• We introduce JPU, the first unlearning frame-
work that rectifies dynamic jailbreak paths
toward safety anchors by dynamically min-
ing on-policy adversarial samples to expose
vulnerabilities and identify jailbreak paths.

• Extensive experiments demonstrate that JPU
achieves superior jailbreak defense perfor-
mance compared to existing methods, while
effectively preserving general utility.

2 Related Work

2.1 Jailbreak Attack and Defense

While Large Language Models are aligned with
human values via safety training techniques (Wang
et al., 2024; Dong et al., 2024), recent studies reveal
that these safeguards remain brittle. Adversarial
users can exploit vulnerabilities through jailbreak
attacks to elicit prohibited content. Existing attacks
can generally be categorized by access privileges.
White-box attacks leverage accessible model gradi-
ents and internal states to optimize adversarial suf-
fixes or manipulate decoding distributions (Zhang
et al., 2024a; Zou et al., 2023). Conversely, black-
box attacks rely on designing complex prompt tem-
plates, genetic algorithms, or iterative refinement
via attacker LLMs to probe safety boundaries (Yu
et al., 2023; Chao et al., 2025).

Defense strategies have evolved in response to
these threats, primarily falling into two categories:
input/output filtering and internal alignment. Fil-
tering methods focus on detecting harmful patterns
but often incur significant inference latency and are
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prone to false positives (Hua et al., 2025; Robey
et al., 2023). Internal methods attempt to adjust
model parameters or decoding strategies to steer
generation towards safety (Li et al., 2025c; Xie
et al., 2024; Li et al., 2025a). However, most exist-
ing internal defenses are static, as they lack the dy-
namic adaptability required to counter the evolving
diversity of jailbreak patterns, leaving vulnerability
to adaptive attacks.

2.2 Unlearning against LLM Jailbreak
The harmful capabilities of LLMs source from in-
evitably contained toxic content within vast pre-
training corpora. Machine Unlearning is the
methodology which aims to surgically erase spe-
cific harmful knowledge or capabilities to offer a
promising avenue for safety enforcement. Current
unlearning defenses strive to balance safety era-
sure with utility preservation. These methods can
be broadly classified into global unlearning and
selective unlearning. Global methods update all
model parameters to maximize the loss on harmful
data (Lu et al., 2024; Zhang et al., 2024b). Selec-
tive methods attempt to first localize safety-critical
parameters and then apply targeted updates to min-
imize side effects (Shi et al., 2025; Jia et al., 2024).

Despite progress, our empirical analysis uncov-
ers a critical oversight in this paradigm: erased-
LLMs retain active jailbreak paths, leaving signifi-
cant vulnerabilities to adversarial manipulation. In
contrast, our approach fill this gap by explicitly
identifying and unlearning the dynamic jailbreak
paths exposed by diverse attacks.

3 Preliminary

In this section, we formulate the existing unlearn-
ing defense paradigm and our proposed dynamic
jailbreak path unlearning paradigm.

3.1 Existing Unlearning Defense
Denote a large language model parameterized by
θ, the goal of existing unlearning defense is to up-
date the model parameters to erase specific harmful
knowledge while maintaining general capabilities.
Specifically, given a forget set Df = {(xf , yf )}
containing direct harmful queries and correspond-
ing prohibited responses, and a retain set Dr =
{(xr, yr)} containing general knowledge samples,
the optimization objective of the traditional unlearn-
ing defense can be formulated as:

L(θ) = Lh(Df ) + λLu(Dr), (1)

where λ balances the trade-off between safety and
utility. Typically, Lu minimizes the negative log-
likelihood on Dr to preserve general capabilities,
while Lh suppresses harmful memory of LLM
either by Gradient Ascent on the harmful pairs
(xf , yf ) or by minimizing the likelihood of a prede-
fined refusal target yrefusal (e.g., “I cannot assist”)
given the harmful query xf .

3.2 Problem Formulation
We identify that the persistence of dynamic jail-
break paths constitutes the fundamental gap be-
tween existing static unlearning methods and robust
jailbreak defense. Consequently, we define our re-
search paradigm as follows: given a jailbreak path
Φ(x) triggered by an adversarial input x within
Mθ, the goal is to rectifies the dynamic trajectories
converging to harmful outputs. Considering the
adaptive nature of attack strategies, we formulate
this process as a bi-level optimization problem:

argmin
θ

max
π

Ex∼π[Lp(Φ(x))] + λLu(Dr). (2)

In this paradigm, the inner maximization simulates
an attacker seeking an optimal strategy π to gen-
erate jailbreak samples x that maximally activate
the model’s currently vulnerable paths. The outer
minimization represents the defender updating pa-
rameters θ to suppress these dynamically exposed
pathways via a path constraint loss Lp, while simul-
taneously maintaining general capability using Lu.
Through this formulation, we transform defense
from passive static knowledge deletion into active
path blocking, ensuring that even under an evolved
attack policy π′, the induced internal path Φ(x′)
fails to reach the harmful semantic terminal.

4 Methodology

In this section, we detail JPU, a unified unlearning
framework designed to rectify dynamic jailbreak
paths towards safety anchors by mining on-policy
adversarial samples. As illustrated in Figure 2, JPU
comprises an Iterative three steps. The first step
evolves to mine the most vulnerable adversarial
samples for current model. The second step uses
these samples to retrace jailbreak path from the
intermediate layers to harmful sink nodes in deep
layer. In the final step, JPU executes a constraint
jailbreak path rectification.

4.1 On-Policy Attack Buffer Mining
Aforementioned empirical analysis attributes the
failure of existing unlearning defenses to their in-

7663



Phase 3: Constraint Path Rectification

I cannot...

Utility Constraint

Utility 
Dataset

Global Update 
(        ) 

Initial Batch offspring
 Refusal 
Tendency

  Lazy 
Sample I cannot...

Phase 1:On-Policy Attack Buffer Mining

  Attack Buffer

Phase 2: Jailbreak Path Identification

General NeuronHarmful Sink Neuron Traing Path

: Sparse Mask

Contrastive Filtering

PathutilPathjail

Next Iteration ( ): Facing Evolved Attacks

Refusal Behavior Enforce

Safety Anchor Alignment

Hcurr

Hsafe

0
0
0

0
0

0

0

0
01

1
1

Harmful Sink Locate Jailbreak Path Tracing

Utility Path Neuron 

Sure...

Evolve and Merge

On-Policy 
   Batch

Jailbreak Path Neuron

Sparse Update 
(        ) 

Figure 2: Overview of JPU. It consists of three steps. On-Policy Attack Buffer Mining: We mine adversarial
samples from current model to form on-policy vulnerable attack batch. Jailbreak Path Identification: We trace
critical jailbreak paths flowing from intermediate layers to harmful sink nodes in deep layers. Constraint Path
Rectification: Under three constraints, we perform path rectification to enhance jailbreak defense.

ability to rectify diverse jailbreak paths. This ne-
cessitates an evolving supply of adversarial data to
effectively track and rectify adaptive trajectories.

Drawing inspiration from evolutionary adversar-
ial strategies (Liu et al., 2024b; Doumbouya et al.,
2024) and internal evaluation (Ma et al., 2026),
which demonstrate that attack probes must evolve
alongside the model to expose the latent vulner-
abilities and sensitivity, we propose that the un-
learning data for JPU must be dynamically adapt to
the model’s current state. To this end, we actively
maintain an adaptive jailbreak buffer B to simulate
evolving and dynamic attacks. Formally, each entry
in B is structured as a quadruple:

e = (T,Q, J,H), (3)

where T represents the jailbreak template, Q and
J denotes harmful query and complete jailbreak
prompt, respectively, and H records the mutation
history. Specifically, we initialize B with 200 held-
out templates and strategies instantiated on the
AdvB-Short dataset (Chao et al., 2025) (see Ap-
pendix B.2 for construction details).

In each iteration t, we lazily sample a batch of
seed prompts from B and compute their respective
refusal loss on the current modelMt regarding a
predefined target yref (e.g.,“I cannot assist”). This
loss serves as a proxy for attack success, reflecting
the model’s current vulnerabilities. We then filter
samples using a threshold of 0.5. Samples exceed-
ing a loss of 0.5 are retained as parents, as they fail
to generate the desired refusal and thereby reveal
critical vulnerabilities. Conversely, lower-loss ones

indicate successful defense and are discarded to
improve buffer efficiency.

Subsequently, we randomly apply homologous
mutations H to harmful queries q of parents to gen-
erate offspring, expanding the vulnerability search
space. Finally, the aggregated on-policy batch Bt,
consisting of both parents and offspring, is then
passed to the path identification stage.

4.2 Jailbreak Path identification

In this step, we aim to identify the jailbreak paths
by capturing the critical information trajectory
propagated on the on-policy batch. Inspired by
Inter-layer Gradient Integration (IGI) (Li et al.,
2025b), which offers axiomatic attribution for lo-
cating trajectories through the model’s FFN layers,
it is intuitive to directly employ it in JPU. However,
due to the high computational cost arising from the
integral approximation required for the diverse and
complete model outputs in their specific tasks, it is
prohibitive for JPU’s online training efficiency.

To address this challenge, we strategically target
a specific harmful semantic sink node of the model
output instead of the entire output distribution and
employ a first-order Taylor approximation to re-
duce the computational complexity from O(|V|) to
O(1). Specifically, we first anchor the path identi-
fication to the logits of the token “Sure” at the last
layer. This is grounded in the inherent mechanism
of adversarial attacks where an affirmative prefix
serves as the standard junction convergence for suc-
cessful jailbreaks (Zou et al., 2023). Starting from
this semantic sink, we then retrace the information
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trajectory back to the FFN layers, which are widely
recognized as the key units for knowledge storage
and semantic processing in Transformers, by quan-
tifying the contribution of each neuron i at layer
l using the flow score, derived as the first-order
Taylor proxy of IGI:

Flow(l,i)
jb = |W (l,i)| · |A(l,i) ⊙∇A(l,i)|, (4)

where Ai, Wi, and ∇Ai denote the activation,
weight, and gradient, respectively.

Additionally, to avoid impairing general func-
tions, we compute the differential flow by sub-
tracting the flow associated with a reference utility
batch. Finally, we generate a binary sparse mask
mt by selecting the top-p% connections that exhibit
high jailbreak flow but low utility flow.

4.3 Constraint Path Rectification
Given the jailbreak paths embedded in mt, a naive
defense strategy would be to simply prune them.
However, such modification merely suppresses spe-
cific activations and fails to guide the model toward
generating constructive safety responses and poses
risks of performance degradation, preventing con-
vergence to an optimal defensive state.

In contrast, JPU designs an novel unlearning
paradigm by simultaneously imposing a refusal be-
havior constraint Lh, a safety representation align-
ment Ls, and a utility preservation constraint Lu.
Specifically, Lh enforces the model to generate
standard refusal responses (e.g., “I cannot fulfill
this request”), effectively blocking harmful out-
puts at the token level. Simultaneously, Ls mini-
mizes the distance between the current represen-
tation Hcurr and the centroid of a reference safety
anchor Hsafe inMt, thereby explicitly pulling the
dynamic jailbreak path back into the safe semantic
space. Finally, JPU incorporates a standard Neg-
ative Log-Likelihood loss on a utility dataset Dr

to preserve general performance. The algorithm
formalization of JPU is provided in Appendix 1.
The complete optimization objective for iteration t
is formulated as follows:

Ltotal = Ex∈Bt [Lh(x) + βLs(Hcurr, Hsafe)]︸ ︷︷ ︸
Jailbreak Path Rectification on mt

+ λEx∈Dr [Lu(x)]︸ ︷︷ ︸
Global Utility Preservation

,
(5)

where β balances the explicit refusal behavior with
internal representation alignment, while λ regu-
lates the trade-off between unlearning plasticity and

general utility stability. Through joint unlearning
paradigm, JPU achieves a soft update by effectively
reprogramming the adversarial circuitry rather than
destroying it, allowing the model to converge to an
optimal point where robust jailbreak resistance and
general utility coexist.

5 Experiment

In this section, we perform comprehensive evalua-
tions and analysis to evaluate the performance of
our proposed jailbreak defense method JPU.

5.1 Setup

Data To evaluate jailbreak defense performance,
we adopt four jailbreak datasets following com-
pared method CKU (Shi et al., 2025): Ad-
vBench (Zou et al., 2023), AdvExtent (Lu et al.,
2024), MaliciousInstruct (Huang et al., 2024),
and AdvB-Short, a refined 50 samples subset
of AdvBench introduced by Chao et al. (2025).
For general capability assessment, we utilize
widely employed benchmarks, including MT-
Bench (Zheng et al., 2023), CommonsenseQA (Tal-
mor et al., 2019), HellaSwag (Zellers et al., 2019),
RTE (Wang et al., 2018), WinoGrande (Sakaguchi
et al., 2021), and OpenBookQA (Mihaylov et al.,
2018). Furthermore, to evaluate the exaggerated
safety behaviours of models, we employ the XSTest
dataset (Röttger et al., 2024).
Victim Models In our experiment, we select two
representative open-source safety aligned LLMs,
Llama-2-7B-Chat (Touvron et al., 2023) and Llama-
3-8B-Instruct (Dubey et al., 2024).
Metrics For defense evaluation, we employ the
Attack Success Rate (ASR) follow the CKU. For
general capability evaluation, we conduct a unified
assessment using the llm-eval1 framework.
Baselines We compare JPU against unlearning-
based defense baselines: Eraser (Lu et al., 2024),
Safe Unlearning (Zhang et al., 2024b), and CKU.
And safety alignment methods: RSFT (Deng et al.,
2024) and Circuit Breaker (Zou et al., 2024). The
details are provided in Appendix A.
Attack Methods We employ four jailbreak meth-
ods utilized in CKU: AIM (Lu et al., 2024), Auto-
DAN (Liu et al., 2024b), GCG (Zou et al., 2023),
and Generation Exploitation Attack (Huang et al.,
2024). For more robust evaluation, we construct
MIX-JAIL, a dynamic jailbreak dataset containing

1https://github.com/EleutherAI/
lm-evaluation-harness

7665

https://github.com/EleutherAI/lm-evaluation-harness
https://github.com/EleutherAI/lm-evaluation-harness


Methods
AIM GCG AutoDAN Decoding MIX-JAIL

AdvB AdvE AdvB AdvE AdvB AdvE MaliciousInstruct AdvB-Short

Llama2-7B-Chat

Base model 3.27 10.79 11.54 4.08 20.77 27.10 19.00 21.15

RSFT 0.38 0.48 2.31 0.96 8.85 16.07 9.00 15.20
Eraser 0.77 8.15 4.62 1.44 9.23 17.27 7.00 14.76
Safe Unlearning 0.58 0.72 4.42 1.92 6.92 13.67 8.00 13.45
Circuit Breaker 0.38 0.72 4.81 2.16 7.12 13.19 10.00 11.15
CKU 0.19 0.48 4.23 1.68 6.54 12.71 7.00 8.15
JPU (Ours) 0.00 0.01 0.58 0.24 3.46 11.59 1.00 4.44

Llama3-8B-Instruct

Base model 3.08 9.83 9.04 3.60 18.65 24.46 17.00 16.43

RSFT 0.38 0.24 1.92 0.96 6.54 13.91 7.00 15.10
Eraser 0.38 6.95 3.46 1.44 7.88 15.11 8.00 15.90
Safe Unlearning 0.58 0.72 3.27 1.68 7.12 10.79 7.00 15.65
Circuit Breaker 0.38 0.72 3.65 1.92 7.50 11.51 8.00 14.80
CKU 0.00 0.24 2.69 1.20 5.96 9.83 6.00 14.10
JPU (Ours) 0.00 0.00 0.96 0.48 5.77 11.15 4.00 12.20

Table 1: Comparison of JPU with baselines on Jailbreak attack success rate (ASR). The results show that our method
outperforms previous baselines on nearly all attack scenarios, achieving the best resistance against jailbreak.

70,000 jailbreak prompts derived from six distinct
jailbreak methods. The attack settings and con-
struction details are outlined in Appendix B.1.
Setup of JPU The jailbreak buffer B in JPU cov-
ers three predefined attack types, comprising five
distinct jailbreak methods. Furthermore, there is
no overlap with the evaluation data, as the tested
samples consist of the full jailbreak prompts rather
than standalone harmful questions. This distinction
is explicitly detailed in Appendix B.2. Additional
experimental details are provided in Appendix B.

5.2 Main Results

Defense Effectiveness As detailed in Table 1, JPU
consistently outperforms baselines, achieving the
lowest ASR in nearly all settings. This validates the
efficacy of our proposed jailbreak path unlearning
paradigm. For instance, JPU surpassess the best
method, CKU, by imporving ASR nearly×2 times
when employ against Llama-2-7B-Chat. Moreover,
it is notable that JPU achieves defense performance
only utilizing the small subset of randomly selected
queries from AdvB-Short for optimization, sug-
gesting that targeting jailbreak paths within LLMs
offers superior defense generalization compared to
existing knowledge unlearning.

To verify that JPU indeed rectifies the underly-
ing adversarial circuitry rather than target output
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Figure 3: Comparison of underlying adversarial cir-
cuitry with the baseline (identified by IGI within LLMs).
Shaded regions denote the variability across different
attack methods, while solid lines represent the averaged
layer-wise IOU. The results reveal that our method, JPU,
rectifies these jailbreak paths more effectively.

patterns, we follow the same methodology in our
empirical analysis to track the overlap of identi-
fied harmful and jailbreak path. As illustrated in
Figure 3, JPU demonstrates a significant and consis-
tent reduction in path overlap across critical layers
for attack methods within MIX-JAIL compared to
the baseline (Lu et al., 2024). This quantitatively
confirms that JPU successfully mitigating dynamic
jailbreak paths at the structural level.

General Effectiveness. Table 2 represents JPU
consistently matches model on NLP tasks, preserv-
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Methods MT Bench RTE Op QA HellaSwag Co QA XSTest (FRR)

LLama2-7B-Chat

Base model 6.31 71.08 33.60 57.40 58.67 28.80

RSFT 5.97 70.38 33.40 56.62 57.40 36.42
Eraser 5.84 70.86 33.20 57.22 58.61 33.33
Safe Unlearning 6.22 71.02 33.40 57.26 58.55 27.78
Circuit Break 6.25 71.04 33.60 57.36 58.65 29.78
CKU 6.24 71.08 33.40 57.34 59.01 25.56
JPU (Ours) 6.24 71.08 33.60 57.36 58.92 22.40

LLama3-8B-Instruct

Base model 8.10 67.41 33.40 57.82 75.80 3.20

RSFT 7.51 66.04 32.60 56.73 74.85 6.00
Eraser 7.86 66.94 33.00 57.04 75.48 5.22
Safe Unlearning 7.82 67.25 32.80 57.28 75.26 5.44
Circuit Break 8.06 67.26 33.60 57.59 75.70 5.56
CKU 7.96 67.32 33.20 57.62 75.70 5.11
JPU (Ours) 7.98 67.39 33.20 57.68 75.70 1.60

Table 2: Comparison of JPU with baselines on general utility. The evaluation metric for MT-Bench is the average
score across two turns and the except NLP tasks is accuracy. The XSTest (FRR) reports the False Refusal Rate on
benign prompts (lower is better). The results show that JPU preserves model’s utility and reduces the over-refuse.
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Figure 4: Ablation experiments illustrating the impact
of different components of JPU. Each part of JPU plays
a vital role in enhancing jailbreak resistance ability and
maintaining general ability.

ing utility. Moreover, regarding the False Refusal
Rate on XSTest, JPU outperforms baselines and
even reduces the over-sensitivity of the original
model. For instance, JPU reduces FRR by ×2
times on Llama3, indicating that it successfully dis-
entangles adversarial inputs from benign semantics
rather than relying on indiscriminate refusal.

5.3 Ablation Studies

We conduct a series of experiments to comprehen-
sively evaluate the effectiveness of components and
key hyperparameters within JPU. For fair compari-

Model Name GPTFuzzer ReNeLLM Jailbroken Avg.

JPUshallow 10.51% 36.67% 4.17% 23.05%
JPUmiddle 1.22% 24.92% 15.97% 13.08%
JPUlast 3.58% 17.66% 18.75% 10.78%
JPU 0.08% 12.51% 3.19% 6.54%

Table 3: Results of attack success rate (ASR) on JPU
with different unlearning layer selection strategies. The
results show that the original strategy (from intermediate
to the last layers) is the most effective for identifying
the comprehensive jailbreak path.

son, all experiments are performed on Llama-2-7B-
Chat using the MIX-JAIL dataset.
Impact of Components. To evaluate the contribu-
tion of each JPU component, we construct five vari-
ants: (1) JPrandom: JPU randomly masks an equal
number of parameters; (2) JPpolicy: JPU utilizes a
fixed buffer without adversarial mining; (3) JPsnip:
JPU forms a path using the top-p neurons ranked by
SNIP; (4) JPrep: JPU without safety anchor align-
ment; (5) JPutil: JPU without utility preservation
constraint. As illustrated in Figure 4, removing
any component degrades either defense robustness
or general utility. Specifically, replacing jailbreak
path localization with random masking JPrandom
substantially weakens defense performance, caus-
ing ASR to approach that of the base model, which
confirms the effectiveness of our path localization.
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of the jailbreak path influences JPU achieves balance
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Moreover, JPsnip slightly outperforms CKU which
adopts SNIP localization, indicating that the re-
maining components further rectifies latent attack
pathways beyond parameter selection alone.
Impact of Layer Selection To assess JPU’s layer
selection strategy for identifying path, we compare
three selection variants, including: JPUshallow (lay-
ers 0–10), JPUmiddle (layers 11–20), and JPUlast
(the last four layers), with original strategy from
intermediate to the last layer.

Table 3 presents the results against attack meth-
ods sampled from MIX-JAIL. Our analysis yields
two findings. First, intervening at the shallow and
middle layers leads to a significant degradation in
defense, revealing jailbreak semantics and paths
have not ye fully formed in these layers. Second,
JPUlast achieves closest performance to the full
method, showing that disrupting the harmful aggre-
gation of jailbreak paths and guiding them toward
safe regions plays a vital role in JPU. However,
it neglects signals propagated from intermediate
layers, thereby narrowing the scope of defense and
resulting in compromised performance.
Impact of Path Sparsity To examine the
impact of path sparsity (defined as the top-
p% masked neurons) on JPU, we evaluate its
performance on Mix-JailExpert across p ∈
{0.01, 0.03, 0.05, 0.1, 0.2, 1.0}. Figure 5 high-
lights a utility-safety trade-off: extremely small
p compromises defense effectiveness, while exces-
sively large p degrades utility. Therefore, we adopt
p = 0.05 as our standard configuration, as it strikes
the optimal balance in our experiments.

5.4 Necessity of On-Policy Mining Strategy

To empirically validate the essential necessity of
the on-policy mining for capturing dynamic at-
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Figure 6: The results are visualized as overlapping bars,
where the static and dynamic results are plotted against
the original model’s baseline (Dashed Line). A lower
bar height indicates a more effective reduction in ASR.

tack features, we conduct ablation studies com-
paring training strategies: Static (Off-Policy) and
Dynamic (On-Policy). Specifically, the static strat-
egy relies on a fixed buffer without on-policy attack
buffer mining component, while the dynamic strat-
egy corresponds to the full JPU framework.

To ensure comprehensive robustness against vari-
ations in data scale and diversity, we evaluate both
strategies under three progressive buffer initializa-
tion settings: Type ∈ {A, A+B, A+B+C (full)}.
We assess the overall defense performance against
three representative attack methods (M1-M3) from
MIX-JAIL dataset on Llama-2-7B-Chat. More
information is detailed in C. As illustrated in Fig-
ure 6, the dynamic strategy consistently achieves
a substantially lower ASR than the static baseline
across all buffer settings. Even with the full diver-
sity buffer, the static variant remains inferior to the
on-policy strategy, indicating that simply scaling
static data is insufficient for addressing dynamic
threats. Instead, achieving an effective defense per-
formance depends on on-policy adversarial mining,
which actively identifies and mitigates evolving
vulnerabilities that static datasets fail to capture.

6 Conclusion

In this paper, we introduce JPU, a novel frame-
work designed to rectify dynamic jailbreak paths
via on-policy rectification. Our research reveals a
critical limitation in existing static unlearning de-
fenses: adaptive attacks can activate the non-erased
parameters in intermediate layers and eventually
align with harmful semantics paths to trigger un-
safe outputs. Our experimental results demonstrate
that JPU not only achieves superior defense per-
formance against diverse and dynamic jailbreak
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attacks but also effectively preserves the general
utility of LLMs. Moreover, post-hoc mechanism
analysis confirms that our method successfully rec-
tifies dynamic jailbreak paths and redirects these
malicious paths toward safety regions. We hope
that our work provides valuable insights into the
dynamics of jailbreak attacks and inspires future
research on robust unlearning-based defenses.

7 Limitations

The current implementation of our Attack Buffer
within JPU is primarily designed to encompass
prompt-based injection strategies. While JPU ex-
hibits strong generalization capabilities against
decoding-based attacks, exploring the integration
of attack vectors beyond the prompt space—such
as parameter-level manipulation or optimization-
based attacks—could potentially yield even more
robust defense performance. Integrating a broader
spectrum of adversarial methodologies remains a
promising direction to provide deeper insights and
guidance for the design of future safety alignment
strategies.
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A Details of Baselines

In this section, we provide detailed descriptions of
the baseline defense methods employed in our com-
parative experiments. These baselines encompass
two primary categories: Unlearning-based defenses
and Representation-based defenses.

A.1 Unlearning-based Defenses

• Eraser (Lu et al., 2024): It operates on the
principle of Gradient Ascent. Specifically,
Eraser maximizes the loss on harmful queries
to decrease the likelihood of generating haz-
ardous tokens, while simultaneously employ-
ing a retain loss on general domain datasets
to prevent catastrophic forgetting. The op-
timization objective is to push the model’s
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distribution away from the harmful target se-
quences, erasing the knowledge required to
answer malicious queries.

• Safe Unlearning (Zhang et al., 2024b): It
treats safety training as a negative preference
optimization problem. It constructs pairs of
harmful query and response and minimizes
the probability of generating the harmful re-
sponse while steering the model towards a
safe distribution or a specific refusal target.
It emphasizes minimizing the side effects of
unlearning, aiming to maintain the model’s
helpfulness on benign instructions while re-
moving unsafe behaviors.

• CKU (Confused Knowledge Unlearn-
ing) (Shi et al., 2025): It represents a state-
of-the-art approach to knowledge unlearn-
ing. Specifically, CKU first identifies safety-
critical neurons in the multi-layer perceptron
(MLP) components of LLMs that are strongly
associated with safeguard knowledge. It then
performs targeted unlearning by selectively
modifying except these identified neurons,
aiming to suppress unsafe behaviors while
preserving the model’s safety.

A.2 Representation-based Defenses

• RSFT (Deng et al., 2024): It implements
an iterative fine-tuning strategy designed
to harden Large Language Models (LLMs)
against adversarial prompts. By simulating dy-
namic interactions between the attacker and
the target model, RSFT progressively iden-
tifies safety vulnerabilities and refines the
model’s refusal boundaries, significantly en-
hancing its resilience to complex, multi-turn
harmful instruction attacks.

• Circuit Breaker (Representation Engineer-
ing) (Zou et al., 2024): This is a
representation-level defense that utilizes “cir-
cuit breakers” to reroute harmful internal ac-
tivations. By intervening at the hidden state
level rather than the output level, it provides
a generalized defense against diverse attack
vectors while preserving the model’s original
utility on benign tasks.

B Preparation of Experiments

B.1 Construction of MIX-JAIL

In this section, we present the construction
details of our proposed challenging jailbreak
dataset, MIX-JAIL. Specifically, we first collect
six representative jailbreak attack methods that
have emerged recently, covering diverse attack
paradigms. These include Type A attacks such
as CodeChameleon (4 jailbreak prompts); Type
B attacks including GPTFuzzer (481 jailbreak
prompts), ReNeLLM (475 jailbreak prompts),
AutoDAN-Turbo (9 jailbreak prompts), and Jail-
Broken (24 jailbreak prompts); as well as Type C
attacks such as AmpleGCG (488 adversarial suf-
fixes).

We then apply all collected jailbreak prompts
and adversarial suffixes to the AdvB-Short dataset.
After data filtering and separation, we construct a
mixed jailbreak dataset consisting of approximately
70,000 jailbreak instances, which we refer to as
MIX-JAIL.

B.2 Details of Attack Buffer Construction

The adversarial buffer B employed in our method
integrates a diverse spectrum of existing prompt-
based jailbreak methodologies. To ensure compre-
hensive coverage of the attack surface, we catego-
rize these methods into three distinct types:

• Type A (Code-based Encapsulation): At-
tacks that utilize coding scenarios or nested
formats to bypass safety filters, represented
by CodeChameleon (Lv et al., 2024) and Rm-
cBench (Chen et al., 2024).

• Type B (Mutation-based Optimization):
Methods that employ fuzzing or evolution-
ary strategies to generate complex, evolv-
ing attack templates. Representative meth-
ods include GPTFuzzer (Yu et al., 2023),
ReNeLLM (Ding et al., 2024), and AutoDAN-
Turbo (Liu et al., 2024a).

• Type C (Adversarial Suffix Optimization):
Approaches that optimize fixed adversarial
character sequences (suffixes) to induce affir-
mative responses, such as GCG (Zou et al.,
2023) and AmpleGCG (Liao and Sun, 2024).

Buffer Instantiation. The collection process for
our 200-sample buffer follows a protocol similar
to the construction of the MIX-JAIL benchmark.
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Specifically, we initialize the buffer by curating
distinct jailbreak templates and mutation strategies
from the aforementioned categories. We collect 66
templates for Type A (from CodeChameleon and
RmcBench), 66 seeds for Type B (aggregated from
GPTFuzzer, ReNeLLM, and AutoDAN-Turbo),
and 66 suffixes for Type C (from AmpleGCG). Fi-
nally, these curated seeds are instantiated by ap-
plying them to harmful intents sampled from the
AdvB-Short dataset, thereby forming the complete
adversarial queries for the buffer B.

B.3 Hyperparameter Settings
Regarding the critical coefficients in our joint un-
learning objective, we empirically set the represen-
tation alignment weight β = 4.0 and the utility
preservation weight λ = 1.0. Specifically, the
value of β = 4.0 is chosen to prioritize the recti-
fication of internal adversarial circuitry, enforcing
a strong alignment between the model’s hidden
states and the safety direction. The utility coeffi-
cient λ = 1.0 is selected to maintain a balanced
trade-off, providing sufficient regularization to pre-
serve general language capabilities without overly
constraining the plasticity required for unlearning
jailbreak paths. These hyperparameters were deter-
mined based on a grid search on a held-out valida-
tion set.

C On-Policy Mining Ablation Details

We selected codeChameleon, AutoDAN-Turbo,
and GPTFuzzer from the MIX-JAIL attack dataset
to represent models M1, M2, M3, respectively.
Subsequently, we conducted ablation experiments
on the On-Policy module.
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Algorithm 1 Training Procedure of JPU

Require: Initial LLMMθ; Initial Jailbreak Buffer B (containing templates & mutation strategies); Utility
Dataset Dr; Reference Safety Anchor Hsafe; Refusal Target yref (e.g., “I cannot assist”); Semantic
Sink Node ysink (e.g., token “Sure”). Jailbreak threshold τ ; Masking ratio p; Loss weights β, λ;
Learning rate η.

Output: Defended ModelM∗
θ.

1: while not converged do
2: // Stage 1: On-Policy Attack Buffer Mining
3: Sample a batch of seed prompts Sseed from Buffer B.
4: Compute refusal loss Lref(x) on currentMθ for x ∈ Sseed w.r.t yref.
5: Identify Parents (High-loss samples): P ← {x ∈ Sseed | Lref(x) > τ}.
6: Discard low-loss samples Sseed \ P .
7: Generate Offspring O by applying homologous mutations to P .
8: Aggregate On-Policy Adversarial Batch: Bt ← P ∪O.
9: Update Buffer B with new effective samples from Bt.

10: // Stage 2: Jailbreak Path Identification
11: For Bt, target the semantic sink node ysink at the last layer.
12: Compute Jailbreak Flow Score via first-order Taylor approximation:

Flow(l,i)
jb = |W (l,i)| · |A(l,i) ⊙∇A(l,i)|

13: Compute Utility Flow Score Flowutil on a batch from Dr.
14: Calculate Differential Flow: S(l,i) = Flow(l,i)

jb − Flow(l,i)
util .

15: Generate Sparse MaskMt: Set top-p% connections with highest S(l,i) to 1, others to 0.
16: // Stage 3: Constraint Path Rectification
17: Compute Rectification Loss on Bt:

Lrect = Ex∈Bt [Lh(x) + βLs(Hcurr, Hsafe)]

18: Compute Utility Loss on Dr: Lutil = Ex∈Dr [Lu(x)].
19: Compute Gradients and Apply Soft Update:

θ ← θ − η ((∇θLrect ⊙Mt) + λ∇θLutil)

20: end whilereturnMθ
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