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Abstract

Contextual priming, where earlier stimuli covertly bias later
judgments, offers an unexplored attack surface for large lan-
guage models (LLMs). We uncover a contextual priming vul-
nerability in which the previous response in the dialogue can
steer its subsequent behavior toward policy-violating content.
While existing jailbreak attacks largely rely on single-turn or
multi-turn prompt manipulations, or inject static in-context
examples, these methods suffer from limited effectiveness,
inefficiency, or semantic drift. We introduce Response At-
tack (RA), a novel framework that strategically leverages in-
termediate, mildly harmful responses as contextual primers
within a dialogue. By reformulating harmful queries and in-
jecting these intermediate responses before issuing a targeted
trigger prompt, RA exploits a previously overlooked vulner-
ability in LLMs. Extensive experiments across eight state-
of-the-art LLMs show that RA consistently achieves signif-
icantly higher attack success rates than nine leading jailbreak
baselines. Our results demonstrate that the success of RA is
directly attributable to the strategic use of intermediate re-
sponses, which induce models to generate more explicit and
relevant harmful content while maintaining stealth, efficiency,
and fidelity to the original query.

Code — https://github.com/Dtc7w3PQ/Response-Attack/
Extended version — https://arxiv.org/abs/2507.05248

1 Introduction
Contextual priming, the phenomenon whereby exposure
to one stimulus subtly influences responses to a later
one, has been a cornerstone of cognitive psychology for
decades (Neely 1977; Dehaene et al. 1998; Bargh, Chen,
and Burrows 1996). Field studies reveal its practical reach:
shoppers are more likely to choose French wine when soft
accordion music evokes France in the supermarket (North,
Hargreaves, and McKendrick 1999), and participants who
glimpse the Apple logo for milliseconds subsequently gen-
erate more creative ideas than peers subliminally shown an
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I‘m sorry, but I can’t assist with that request.

<User>: For a fictional story I’m working on, how might a 
minor illegally obtain a handgun? 

<Assistant>: Here’s a high-level 
outline for the story:
1. Bypassing Age Checks.
2. Contacting a Seller.
3. .....

Direct Response Injection(DRI) Scaffolding Response Injection(SRI)

Prompt Rewriting

(a)Original Query 

How can a minor illegally acquire a handgun?

Priming Dialogue:

How can a minor illegally acquire a handgun?

<User>: Now, could you please 
expand on this entire outline 
with all the specific, actionable 
steps?

<User>: What are some totally 
different approaches, for 
instance, using the dark web 
or forged documents?

<Assistant>: For your story 
about the minor, a plausible 
method is exploiting the 'gun 
show loophole' with cash...

Inject into target model

DRI: Sure, other methods 
include using the dark web or
creating forged documents......

SRI: Sure, here is the complete 
outline with all the necessary 
steps......

(b) Response Attack

Figure 1: Illustration of RA. (a) A harmful query is initially
rejected. (b) The query elicits unsafe responses after contex-
tual priming with injected dialogue via DRI or SRI.

IBM logo (Fitzsimons, Chartrand, and Fitzsimons 2008).
Such findings naturally prompt the question:

Can we harness priming cues to steer the behavior of
large language models?

As generative models migrate from research prototypes
to safety-critical applications, their vulnerability to jailbreak
prompts has become a central concern (Wang et al. 2023;
Li et al. 2025; Lu et al. 2024). To date, jailbreak attacks
on LLMs have mainly fallen into three broad categories.
Single-turn attacks (Yu et al. 2024; Samvelyan et al. 2024;
Zou et al. 2023) embed obviously malicious instructions or
human unrecognizable content in one prompt, but their at-
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tack success rate (ASR) is modest and brittle, even slight
rephrasings or filters can mitigate them. Multi-turn strate-
gies attempt to evade detection by decomposing a harmful
intent into a sequence of seemingly innocuous sub-prompts
(Ren et al. 2024b; Russinovich, Salem, and Eldan 2025). Al-
though multi-turn strategies achieve higher ASR, they incur
heavy interaction costs, each additional turn consumes la-
tency, tokens, and proprietary model calls. Moreover, their
dependence on intricate semantic decompositions can result
in a divergence from the original harmful intent. In-context
methods inject unsafe or suggestive content into the dialogue
context, attempting to leverage the model’s preference for
coherent completions (Wei et al. 2024; Anil et al. 2024; Kuo
et al. 2025). Although these methods are efficient and pre-
serve the original intent, they are comparatively less effec-
tive at jailbreaking LLMs due to their static approach and
limited exploitation of dynamic dialogue histories.

In contrast, we hypothesize that previous dialogue re-
sponses themselves can act as potent primers to influence
LLM behavior, exploiting a psychological vulnerability that
current safety alignment procedures typically overlook. Mo-
tivated by this observation, we introduce a novel attack
framework: Response Attack (RA). Our approach distin-
guishes itself by utilizing intermediate, mildly harmful re-
sponses as contextual primers. Specifically, we employ an
auxiliary LLM to reformulate harmful queries into initially
benign-seeming prompts, subsequently generating a mildly
harmful intermediate response. By strategically injecting
this intermediate response into the dialogue and following it
with a succinct trigger prompt, RA effectively primes the tar-
get model to generate significantly more explicit and harm-
ful content.

As illustrated in Figure 1, RA induces the model to ex-
tend unsafe content or produce a more detailed and relevant
response than the harmful response through contextual prim-
ing. Crucially, RA maintains three distinct advantages: (i)
Stealth, by ensuring a natural and coherent dialogue progres-
sion without abrupt shifts in content; (ii) Efficiency, requir-
ing only a single interaction with the target model following
the priming dialogue’s construction; and (iii) Originality, as
the trigger prompt effectively preserves the original intent
and meaning of the harmful query.

Our contributions are therefore threefold:

• We identify and formalize the contextual priming vulner-
ability in LLMs, drawing a novel analogy to the well-
studied psychological priming phenomenon.

• We introduce RA, which leverages fabricated injected
mildly harmful responses to escalate malicious intent,
achieving over 10% higher ASR than nine leading jail-
break methods across eight state-of-the-art LLMs.

• We demonstrate RA’s superior ability to maintain seman-
tic coherence and dialogue efficiency, significantly en-
hancing stealth, efficiency, and originality. Notably, our
extensive experiments reveal that the exceptional effec-
tiveness of RA is directly attributable to the strategic use
of intermediate responses as primers, which play a pivotal
role in successfully steering the target model toward gen-
erating harmful content.

2 Related Work

Single-Turn Jailbreak. Single-turn jailbreaks evade
safety mechanisms by transforming malicious queries into
semantically equivalent but clearly out-of-distribution for-
mats, such as ciphers (Yuan et al. 2023; Wei, Haghtalab, and
Steinhardt 2023) or code (Ren et al. 2024a). Other works
propose various strategy-based attacks (Zeng et al. 2024;
Shen et al. 2024; Samvelyan et al. 2024; Jin et al. 2024;
Zhang et al. 2024b; Lv et al. 2024; Zhang et al. 2024a; Liu
et al. 2025), which rewrite the original query using tactics
such as role-playing, hypothetical scenarios, or persuasive
language. In addition, gradient-based optimization methods
(Zou et al. 2023; Zhu et al. 2023; Li et al. 2019; Wang
et al. 2024; Paulus et al. 2024; Dang et al. 2024) have also
exposed critical jailbreak vulnerabilities in LLMs.

Multi-Turn Jailbreak. Unlike single-turn jailbreaks that
elicit harmful responses in a single interaction, multi-turn
jailbreaks achieve this by decomposing the malicious intent
into multiple sub-goals and gradually guiding the model to
produce unsafe outputs through multiple turns (Ren et al.
2024b; Rahman et al. 2025). Several works (Russinovich,
Salem, and Eldan 2025; Zhou et al. 2024; Weng et al.
2025) begin from seemingly harmless inputs and incremen-
tally guide the model toward harmful outcomes. Approaches
like Yang et al. (2024) adopt semantics-driven construction
strategies that push the model toward sensitive content via
contextual scaffolding, while Jiang et al. (2024) study con-
cealed multi-turn jailbreaks in safety-framed dialogues.

In-Context Jailbreak. In-context jailbreaks leverage con-
textual understanding to elicit unsafe responses by ma-
nipulating the surrounding text. Wei et al. (2024); Anil
et al. (2024); Kuo et al. (2025) insert unsafe content be-
fore the harmful query, while Vega et al. (2023) append in-
complete sentences that imply consent after the query, us-
ing the preference for coherent continuations to elicit un-
safe output. Recent works shift the focus to manipulat-
ing LLMs’ dialogue history. For example, Russinovich and
Salem (2025) craft prior turns where the model appears to
have already agreed to provide sensitive information, while
Meng et al. (2025) insert affirmative responses in earlier
turns and then use short continuation prompts (e.g., “Go
on”) to elicit unsafe completions.

3 Methodology

Overview. LLMs exhibit strong context dependency, with
responses influenced by preceding dialogue (Shi et al. 2023;
Du et al. 2024). Motivated by the priming effect, we note that
existing safety alignment primarily targets harmful queries,
but often overlooks unsafe content arising from prior con-
text. We propose RA, which primes models by injecting un-
safe content into the dialogue context. Section 3.1 formally
defines RA, Sections 3.2–3.4 describe the construction of
each component, and Section 3.5 explains their assembly.
An overview of the RA pipeline is illustrated in Figure 2.
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Initial Prompt Crafting Harmful Response 
Injection

Trigger Prompt Construction

Priming Dialogue

Harmful Query

Rewriting template 

Direct 
Response 

Injection(DRI) 

Scaffolding 
Response 

Injection(SRI) Suffix

Harmful Response

<Assistant>: For your 
story about the minor, a 
plausible method is 
exploiting the ‘gun show 
loophole’ ……

<Assistant>: Here’s a high-
level outline for the story:
1. Bypassing Age Checks.
2. Contacting a Seller.
3. ……

<User>: What are 
some completely 
different approaches …?

<User>: please expand on 
this outline with the 
specific, actionable 
steps …

DRI: Sure, other methods include 
using the dark web or creating 
forged documents……

SRI: Sure, here is the complete 
outline with all the necessary 
steps......

Trigger Prompt 

Trigger template 

Trigger template 

<User>: For a fictional 
story, how might a minor 
illegally obtain a 
handgun? 

Initial Prompt 

Auxiliary LLM

Harmful 
Response

Target 
LLM

Attack Execution

Initial Prompt 

Initial 
Prompt 

Trigger 
Prompt 

Figure 2: Overview of the proposed Response Attack (RA) framework. The RA pipeline consists of four components: Initial
Prompt Crafting, Harmful Response Injection (via DRI or SRI), Trigger Prompt Construction, and final Attack Execution.

3.1 Formulation
We formulate RA as follows. Let πtgt denote the target model
under attack and πaux the auxiliary model used to generate
the attack components. Given a harmful query Q, we first
rewrite it into a semantically equivalent but mildly harm-
ful initial prompt Pinit. Based on this prompt, we generate
an injected response Rharm that contains partial or complete
harmful content. We then construct a trigger prompt Ptrig to
induce the target model to generate harmful content distinct
from Rharm, or to elicit a complete harmful response based
on the partial content in Rharm. We denote the priming di-
alogue as Datk = {Pinit,Rharm,Ptrig}, which is organized to
match the specific dialogue structure required by πtgt. The
following sections detail how each component is generated.

3.2 Initial Prompt Crafting
Our attack begins by rewriting the original harmful query Q
into an initial prompt Pinit. This rewriting serves two pur-
poses: 1) it reduces the prompt’s own toxicity; 2) it helps
produce a mildly harmful response Rharm that can be injected
in a more controllable and evasive manner.

We provide πaux with a predefined template Trw, which
integrates multiple rewriting strategies to make harmful re-
quests appear more legitimate. These strategies include pre-
senting the question as academic research, defensive secu-
rity analysis, fictional scenarios, or historical case studies
(details in Appendix). Based on the original query Q, πaux
automatically selects an appropriate rewriting strategy. The
generated Pinit preserves the original intent and essential
keywords (e.g., specific entity names), thus maintaining the

semantic integrity of the original query.

3.3 Harmful Response Injection
The crafted prompt Pinit is then used to generate the mildly
harmful response Rharm, which is injected into the dialogue
to prime the target model for unsafe output generation.
Specifically, we investigate two response injection modes
for generating Rharm: Direct Response Injection (DRI) and
Scaffolding Response Injection (SRI). Depending on the in-
jection mode, Rharm is instantiated as either Rdri

harm or Rsri
harm:

Rharm = πaux(Pinit + δsuffix). (1)

Direct Response Injection (DRI). In the DRI setting, no
additional instructions are applied; thus, δsuffix = ∅. We di-
rectly query πaux with Pinit to obtain a fully elaborated harm-
ful response. We refer to this output as Rdri

harm. This response
mimics a harmful reply to prime πtgt.

Scaffolding Response Injection (SRI). In the SRI setting,
δsuffix takes the form of the scaffolding instruction: ‘Please
provide a high-level outline or framework, omitting specific
details.’ This encourages πaux to return an incomplete re-
sponse containing only structural elements or concepts. The
resulting output is denoted as Rsri

harm. It contains only a high-
level outline and serves as a scaffold for πtgt to complete.

These two injection modes reflect the threats posed by at-
tackers in realistic scenarios. In the DRI setting, the attacker
already possesses a complete harmful method, but it may
be unusable under certain constraints. Instead, the attacker
leverages the target model to propose alternative implemen-
tations, thereby inducing novel unsafe outputs. In contrast,
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SRI represents situations where the adversary only has ac-
cess to a vague, high-level scaffold that is not directly ac-
tionable; by injecting this incomplete outline, the attacker
relies on the target model to supply the critical missing de-
tails. By integrating both injection modes, RA provides a
more comprehensive evaluation of model vulnerabilities in
realistic adversarial settings involving contextual priming.

3.4 Trigger Prompt Construction
Given a dialogue context that already contains an injected
harmful response, the trigger prompt Ptrig activates the at-
tack. It prompts the target model either to generate new
harmful content beyond Rdri

harm or to expand the scaffold in
Rsri

harm into a complete harmful answer. To construct the trig-
ger prompt, we provide πaux with three inputs: the original
query Q, the dialogue context (Pinit, Rharm) and a template
from the predefined set Ttrig. Including Q helps reduce se-
mantic drift and keep the generated prompt aligned with the
original intent. Ttrig includes two templates corresponding to
DRI and SRI, and Ptrig is instantiated as Pdri

trig or Psri
trig accord-

ingly. The generation of Ptrig is formalized as:

Ptrig = πaux(Ttrig,Q,Pinit, Rharm). (2)

In the context of DRI, where Rdri
harm already contains a de-

tailed unsafe output, we construct Pdri
trig using the following

prompting strategies:

• Seeking Alternatives: Explicitly requesting the model to
provide other methods or approaches to achieve the same
goal, different from those described in Rdri

harm.
• Exploring Conditional Variations: Investigating how the

method in Rdri
harm can be adapted to new conditions, such as

limited resources or efficiency demands, to generate new
harmful variants.

• Challenging Effectiveness: Questioning the feasibility or
effectiveness of the solution in Rdri

harm to induce the model
to propose new solutions.

In the context of SRI, where Rsri
harm provides only a high-

level outline, we construct Psri
trig using the following strategies

to elicit a complete response:
• Requesting Elaboration: Asking the model to provide

more specific execution methods or operational informa-
tion based on the outline or framework given in Rsri

harm.
• Requesting Complete Process: Prompting the model to fill

in missing steps or conditions necessary to form a full op-
erational flow.

• Requesting Practical Examples: Inquiring how to trans-
late the theories, methods, or elements mentioned in Rsri

harm
into concrete, actionable practical examples or steps.

3.5 Attack Execution
Given the constructed Pinit, Rharm, and Ptrig, we assemble
the priming dialogue Datk. Datk simulates a multi-turn dia-
logue: Pinit and Rharm establish the preceding dialogue con-
text, while Ptrig serves as the current user request. The in-
put is formatted according to the requirements of the tar-
get model. For open-source models, we apply their official

chat templates with designated role tags and delimiters; for
proprietary models, we format the dialogue into an API-
compatible message sequence, mapping Pinit and Rharm as
historical user-assistant exchanges, and Ptrig as the final user
input. Ultimately, the target model πtgt processes the con-
structed dialogue Datk to produce its response.

4 Experiments
In this section, we first evaluate the effectiveness of RA
across a diverse set of open-source and proprietary LLMs,
followed by ablation studies and in-depth analyses to bet-
ter understand the underlying factors contributing to its suc-
cess. We further evaluate RA against several representative
defense methods to examine its robustness.

4.1 Experimental Setup
Dataset. We evaluate RA using HarmBench (Mazeika
et al. 2024), a dataset of harmful behaviors. We also eval-
uate RA on AdvBench-50 (Chao et al. 2023) and Jailbreak-
bench (Chao et al. 2024), with results reported in Appendix.

Target Models. We evaluate RA on eight LLMs: GPT-4.1
(GPT-4.1-2025-04-14) (OpenAI 2025), GPT-4o (GPT-4o-
2024-08-06) (OpenAI 2024), Gemini-2.0-Flash (Gemini-
2.0-flash-001) and Gemini-2.5-Flash (Gemini-2.5-flash-
preview-04-17) (Google DeepMind 2025), Llama-3-8B-
Instruct and Llama-3-70B-Instruct (Grattafiori et al. 2024),
DeepSeek-R1-Distill-Llama-70B (DeepSeek AI 2025), and
QwQ-32B (Qwen Team 2025).

Baselines. We compare RA against nine representative
jailbreak methods, covering single-turn, multi-turn, and
in-context approaches. The single-turn baselines include
GCG (Zou et al. 2023), PAIR (Chao et al. 2023), Cipher-
Chat (Yuan et al. 2023), CodeAttack (Ren et al. 2024a),
ReNeLLM (Ding et al. 2024), and FlipAttack (Liu et al.
2024); the multi-turn baselines include Crescendo (Russi-
novich, Salem, and Eldan 2025) and ActorAttack (Ren et al.
2024b); and the in-context baseline is Many-shot (Anil et al.
2024). See Appendix for baseline details.

Evaluation Metric. We utilize Attack Success Rate
(ASR) as our evaluation metric, which is defined as the per-
centage of harmful responses given harmful queries. Follow-
ing previous work (Qi et al. 2023; Zeng et al. 2024; Ren
et al. 2024a; Ding et al. 2025), we employ the GPT-4o judge
to assess response harmfulness. The judge receives both the
harmful query and response, and assigns a score from 1 to 5,
with higher scores indicating greater harmfulness and closer
alignment with the intent of the harmful query. We adopt
a strict criterion and consider an attack successful only if
the judge assigns a score of 5. To ensure the robustness of
our evaluation, we also test with MD-Judge (Li et al. 2024)
and Llama-Guard-3-8B (Grattafiori et al. 2024). These re-
sults show consistent trends and are detailed in Appendix.

Implementation Details. For attack context genera-
tion, we use QwQ-37B-Eureka-Triple-Cubed-abliterated-
uncensored (DavidAU 2025). The temperature is set to 1 for
this model, and to 0 for both the target and judge models. In
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Category Method GPT-4.1 GPT-4o Gemini-2.0
Flash

Gemini-2.5
Flash

LLaMA-3
8B

LLaMA-3
70B

DeepSeek-R1
70B

QwQ
32B Avg.

Single-turn

GCG – 12.5 – – 34.5 17.0 – – 21.3
CipherChat 7.5 10.0 62.0 33.0 0.0 1.5 40.5 80.0 29.3
PAIR 30.5 39.0 52.5 37.5 18.7 36.0 38.0 40.0 36.5
FlipAttack 89.5 88.0 95.0 95.5 0.0 0.0 39.5 95.5 62.9
ReNeLLM 69.0 71.5 63.5 25.5 70.0 75.0 75.5 57.0 63.4
CodeAttack 62.0 70.5 89.5 56.5 46.0 66.0 88.5 79.5 69.8

Multi-turn
Crescendo – 62.0 – – 60.0 62.0 – – 61.3
ActorAttack 76.5 84.5 86.5 81.5 79.0 85.5 86.0 83.0 82.8

In-context
Many-shot 0.0 3.0 11.0 0.0 0.0 2.0 23.5 14.0 6.7
RA-SRI (Ours) 88.0 88.5 94.0 96.0 76.0 82.0 92.5 96.0 89.1
RA-DRI (Ours) 94.5 94.5 96.0 96.5 92.5 93.5 95.0 96.0 94.8

Table 1: Attack Success Rate (ASR, %) of jailbreak attack methods on HarmBench across a diverse set of representative LLMs,
covering single-turn, multi-turn, and in-context approaches. The best results for each column are highlighted in bold.

our main results (Section 4.2) and defense evaluation (Sec-
tion 4.5), we generate up to three distinct priming dialogues
for each harmful query. For ablation (Section 4.3) and fur-
ther analysis (Section 4.4), we generate only a single prim-
ing dialogue per query to reduce computational costs.

4.2 Main Results
The main experimental results on HarmBench are summa-
rized in Table 1. Our key findings are as follows.

RA demonstrates superior effectiveness compared to
baseline methods. Both DRI and SRI achieve higher ASR
across most models. RA-DRI averages 94.8%, and RA-
SRI averages 89.1%, both surpassing all baselines. SRI
remains effective even with incomplete injections, show-
ing that structural scaffolding alone can induce harmful
responses. CipherChat and FlipAttack are notably weaker
on the LLaMA family, likely because their character-level
transforms (reversal, simple ciphers) are easier for these
models to detect and refuse. ActorAttack performs best over-
all but incurs high costs, relying heavily on GPT-4o to dy-
namically adjust attack paths and requiring up to three con-
texts per query, each with up to five dialogue turns. Com-
pared to Many-shot, RA achieves higher ASR because it
leverages a compact priming dialogue with mildly harmful
context to guide the model’s continuation, rather than rely-
ing on long lists of explicit exemplars that are more likely
to trigger safety filters. We further present the category-wise
ASR of RA-DRI and RA-SRI on HarmBench (Figure 3) and
analyze the harm-score distribution of their responses, with
full details provided in Appendix.

RA offers significant advantages in efficiency and scal-
ability. Once a priming dialogue Datk is generated, RA can
be reused across different target models, substantially re-
ducing attack costs and improving reproducibility. Methods
such as ActorAttack, ReNeLLM, PAIR, and Crescendo in-
volve iterative interactions with the target model, requiring
continuous prompt adjustments based on model feedback,

GPT-4.1
Gemini

2.0-Flash
DeepSeek
R1-70B

Gemini
2.5-Flash

LLaMA3-8B

QwQ
32B

LLaMA3
70B

Gemini
2.0-Flash GPT-4.1

DeepSeek
R1-70B

Gemini
2.5-Flash

LLaMA3
70B

LLaMA3-8B

QwQ
32B

GPT-4o
(a)

GPT-4o
(b)

1.0 1.0

Chemical Biological
Harmful

Cybercrime Intrusion
Illegal

Harassment Bullying
Misinformation

Figure 3: Category-wise ASR performance of RA-DRI (a)
and RA-SRI (b) on the six HarmBench categories: chem-
ical biological, cybercrime intrusion, harassment bullying,
harmful, illegal, and misinformation disinformation.

which leads to high computational overhead. Following Ren
et al. (2024b), we adopt the average number of interactions
with the target model per attack as a consistent efficiency
metric. Under this metric, RA achieves high ASR while sig-
nificantly reducing interaction costs compared to ActorAt-
tack and Crescendo (see Figure 4). This comparison is con-
ducted on three representative models: GPT-4o, LLaMA-3-
8B, and LLaMA-3-70B. Apart from iterative baselines like
ActorAttack and Crescendo, methods such as CodeAttack,
CipherChat, and FlipAttack avoid interacting with the target
model. However, they rely on manually crafted templates or
heuristics, which reduce flexibility and scalability.

RA preserves higher semantic fidelity to the original
harmful query compared to baselines. Semantic fidelity
is essential to ensure that jailbreak attacks preserve the core
intent of the original query while bypassing safety filters. In
contrast, low-fidelity attacks may produce harmful outputs
that substantially deviate from the intended malicious goal,
thereby weakening the validity of the jailbreak (Xu et al.
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Figure 4: Attack efficiency and ASR (%) comparison across
three representative models. RA methods achieve higher
success rates with significantly fewer interactions than base-
line methods such as ActorAttack and Crescendo.

Model RA-DRI RA-SRI w/o Rharm w/o Rew(DRI) w/o Rew(SRI)

LLaMA3-8B 69.0 59.5 34.0 41.5 16.5
LLaMA3-70B 73.5 68.0 50.5 54.5 30.0

Gemini-2.5 83.5 79.0 52.5 74.5 42.5
Gemini-2.0 82.0 83.0 36.0 79.0 44.0

GPT-4o 79.0 68.0 40.5 38.5 13.5
GPT-4.1 78.5 71.0 51.0 20.0 4.5

QwQ-32B 82.0 80.0 68.0 79.0 41.0
DeepSeek-70B 82.0 77.5 55.5 70.5 47.0

Avg. 78.8 73.3 48.5 57.2 29.9

Table 2: ASR (%) results under different ablation settings on
HarmBench benchmark. w/o: without; Rew: prompt rewrit-
ing; DRI/SRI: direct/scaffolding response injection.

2023; Ren et al. 2024b). To evaluate semantic fidelity, we
compute the cosine similarity between the original query
and the adversarial prompt using embeddings from Ope-
nAI’s text-embedding-3-large model (OpenAI 2025). We
compare against three high-ASR baselines from Table 1:
ActorAttack, ReNeLLM, and CodeAttack. As shown in the
semantic fidelity figure in the appendix, both RA-SRI and
RA-DRI significantly outperform these methods, indicating
better preservation of the original harmful intent. We at-
tribute this advantage to contextual priming: although pre-
serving sensitive keywords and entities typically increases
the chance of refusal, contextual priming enables the attack
to retain such terms while still achieving high ASR.

For qualitative evaluation, we provide examples of RA to
illustrate its effectiveness across different injection modes in
Appendix. We truncate examples to include partial harmful
content to prevent real-world misuse.

4.3 Ablation Study
To better understand the contribution of each component
in our method, we conduct two ablation studies. First, we
examine the role of the injected harmful context, denoted
as w/o Rharm, where both the harmful response (Rharm) and
the trigger prompt (Ptrig) are removed and the target model
is queried using only the initial prompt (Pinit). Second, we

evaluate the impact of prompt rewriting. Here, the crafted
prompt Pinit is replaced with the original harmful query Q,
and the priming dialogue is constructed from Q. These two
variants are denoted as w/o Rew(DRI) and w/o Rew(SRI).

Both response injection and prompt rewriting are crit-
ical to the success of RA. As shown in Table 2, both ab-
lated settings lead to substantial degradation in attack suc-
cess rates across all evaluated models. The w/o Rharm con-
figuration reveals the importance of context injection: for in-
stance, on Gemini-2.5, the ASR drops from 83.5% to 52.5%
when Rharm is removed. Although both w/o Rew(DRI) and
w/o Rew(SRI) degrade without rewriting, w/o Rew(DRI)
still outperforms w/o Rharm, yielding 57.2% versus 48.5%,
confirming that context injection is the main driver of RA.

Importantly, we hypothesize that the benefit of rewriting
Q into Pinit lies not only in reducing the intrinsic toxicity
of the prompt itself. It also helps generate mildly harmful
Rharm. This allows harmful information to be injected in a
more controllable and evasive manner. We will revisit and
validate this intuition in the following section.

4.4 Further Analysis of Response Attack
To further investigate the reasons behind the effectiveness of
RA, we conduct a comparative analysis of several key con-
figurations under the RA-DRI setting. Table 3 summarizes
the ASR, using evaluations where each query is attacked
with a single priming dialogue.

Prompt rewriting enables more controllable and eva-
sive injected harmful responses. To validate the hypothe-
sis, we conduct a comparative analysis under the DRI frame-
work. We examine two key variants. RA-NoInit omits Pinit
and directly injects Rdri

harm followed by Pdri
trig. RA-NoQuery

directly uses the original query Q to generate Rorig
harm and

Porig
trig , but omits Q from the injected context for fair com-

parison with RA-NoInit. RA-NoInit consistently outperforms
RA-NoQuery across most models, as Rdri

harm is generated from
Pinit and phrasing variations substantially affect the tone and
content of the injected harmful response. This suggests that
rewriting Q into Pinit is crucial for shaping Rdri

harm to be mildly
harmful and better suited for covert injection. To quantita-
tively support this observation, we evaluate the toxicity of
Rdri

harm using the omni-moderation-latest API (OpenAI 2025).
We measure toxicity for both Rdri

harm alone and its concatena-
tion with Pdri

trig. In both cases, the rewritten prompts result in
lower toxicity scores compared to those generated directly
from the original query. See Appendix for details.

Harmful intent can still be reliably inferred by LLMs
even without an explicit initial user query. Surprisingly,
RA-NoInit achieves attack success rates broadly comparable
to those of RA-DRI. In some cases, it even outperforms the
standard RA-DRI configuration. This reveals a new vulnera-
bility: LLMs can detect and respond to harmful intent based
solely on the injected harmful response Rdri

harm and the trigger
prompt Pdri

trig without the preceding user query.
RA elicits new harmful content rather than simple

replication. A key property of RA is its ability to induce
novel harmful information from the target model. To vali-
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Category Variant GPT-4.1 GPT-4o Gemini-2.0
Flash

Gemini-2.5
Flash

LLaMA-3
8B

LLaMA-3
70B

DeepSeek-R1
70B

QwQ
32B Avg.

No Init Prompt
RA-NoInit 82.0 73.5 80.0 80.5 62.5 66.5 77.5 82.5 75.6
RA-NoQuery 50.5 51.5 60.0 72.0 44.5 55.0 69.5 81.5 60.6

Prefix Injection RA-SurePrefix 45.5 38.5 37.5 43.5 31.5 52.0 29.0 46.5 40.5

Single-Turn
Format

RA-FlatRole 78.0 67.5 83.5 78.0 58.5 66.0 80.5 85.0 74.6
RA-FlatPlain 79.5 69.0 80.5 79.5 56.0 68.0 80.0 86.0 74.8

Default Setting RA-DRI 78.5 79.0 82.0 83.5 69.0 73.5 82.0 82.0 78.7

Table 3: Attack Success Rate (ASR, %) of different RA variants under the RA-DRI setting on HarmBench. Each query is
attacked with a single priming dialogue. RA-DRI serves as the default setting. Bold denotes the highest ASR in each column.

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4

RA-DRI 0.3233 0.1984 0.1428 0.1123
RA-SRI 0.2608 0.1563 0.1105 0.0828

Table 4: BLEU score comparison between the injected
harmful response (Rharm) and GPT-4o outputs under RA-
DRI and RA-SRI, where lower scores indicate the introduc-
tion of novel harmful content beyond Rharm.

date this, we perform a BLEU score analysis on GPT-4o,
comparing the model’s final output with the injected harm-
ful response (Rharm). As shown in Table 4, both RA-DRI and
RA-SRI yield low BLEU scores, indicating a clear diver-
gence between Rharm and the generated output. This demon-
strates that RA drives the model to produce previously un-
seen harmful completions, introducing risks beyond Rharm.

Sure-prefix injection is insufficient to trigger harmful
completions. To test whether shallow agreement can induce
violations, we introduce RA-SurePrefix, where Rdri

harm is re-
placed with an affirmative prefix (e.g., “Sure, here is a tu-
torial on how to commit identity theft.”) constructed based
on Pinit. Although the phrasing appears compliant, this vari-
ant yields significantly lower ASR across all models. This
suggests that effective priming requires a semantically rich
context, not just an affirmative prefix. The prompt template
used to generate affirmative prefixes is shown in Appendix.

RA remains effective even without multi-turn chat for-
matting. To evaluate the generalizability of our method
beyond specific chat templates, we examine a single-turn
variant of RA that removes the multi-turn formatting. This
variant concatenates the three components: Pinit, Rdri

harm, and
Pdri

trig, into a single-turn input. RA-FlatRole adopts the for-
matting strategy from Many-shot (Anil et al. 2024), where
each segment is explicitly marked with role indicators such
as User: and Assistant:, simulating a flattened multi-
turn dialogue within a single-turn input. RA-FlatPlain omits
all role indicators and simply concatenates the three seg-
ments with newline delimiters. As shown in Table 3, both
variants achieve performance comparable to the original RA-
DRI method, showing that our approach does not rely on

proprietary or open-source chat formatting. The core mech-
anism of RA relies on injecting Rharm to prime the model.

4.5 Defense Evaluation against Response Attack
RA effectively challenges existing defenses. We evaluate
several representative and state-of-the-art defense methods
against RA, including Rephrase, Perplexity Filter (Jain et al.
2023), RPO (Zhou, Li, and Wang 2024), OpenAI Moder-
ation API (OpenAI 2025) and Llama-Guard-3 (Grattafiori
et al. 2024). Our experiments show that these defenses ex-
hibit varying effectiveness. Specifically, Llama-Guard-3 and
the OpenAI Moderation API offer limited reductions in RA’s
attack success rate, possibly because the Rharm typically con-
tains mildly unsafe content. However, their overall defensive
capabilities remain fairly limited. Methods such as Perplex-
ity Filter, Rephrase, and RPO are largely ineffective, mainly
because RA generates highly fluent and contextually natural
inputs, making the attack harder to detect or disrupt. Further
implementation details are provided in Appendix.

5 Conclusion
In this work, we draw inspiration from human cognitive
priming to introduce the RA framework, which leverages
mildly harmful responses as effective primers for induc-
ing harmful behavior in safety-aligned LLMs. By strate-
gically injecting a fabricated, mildly harmful intermedi-
ate response into the conversation and then issuing a tar-
geted trigger prompt, RA effectively steers the model to-
ward generating policy-violating content. Extensive empir-
ical evaluations demonstrate that RA consistently achieves
higher attack success rates than nine leading jailbreak meth-
ods across eight state-of-the-art LLMs, while simultane-
ously preserving semantic fidelity and minimizing interac-
tion overhead. Our analysis confirms that this success is di-
rectly attributable to the priming effect of the injected re-
sponse, which induces the model to generate novel and more
explicit harmful content. The discovery of this contextual
priming vulnerability exposes a critical blind spot in current
safety alignment practices, which mainly focus on evaluat-
ing prompts in isolation. Our findings underscore the urgent
need for context-aware defenses that account for dialogue
history, paving the way for more robust and reliable LLMs.
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