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Abstract

Red teaming evaluates Large Language Model
(LLM) safety from an adversarial perspective,
and recent work has scaled this into multi-turn
automated attacks intended to surface vulner-
abilities that arise through iterative, context-
dependent interaction. However, multi-turn
format can be conflated with multi-turn es-
sentiality: some “multi-turn” jailbreaks may
be largely single-turn reducible, succeeding
from the final attacker request alone. We pro-
pose a simple context-ablation protocol, final-
turn-only replay evaluation, to measure this
reducibility. For each attack transcript, we re-
play only the attacker’s final user-facing turn
to the same target LLM as a fresh single-turn
input under identical system prompts and de-
coding. We report the attack success rate over
full-conversation as ASR¢,1, the attack success
rate under final-turn only-replay as ASRj.st,
and define A = ASRygy; — ASRyas¢ as an op-
erational proxy for multi-turn dependency. We
evaluate the protocol across both human and
automated multi-turn red teaming. We first
collect human red-teaming dialogues in a work-
shop and measure their reducibility. We im-
plemented an existing LLM-based automated
multi-turn red-teaming pipeline and designed a
toolbox with multiple variants. We also devel-
oped additional variants in which a crescendo-
style, stepwise escalation strategy is incorpo-
rated as a tool. Experimental results show
that the best-performing configuration in the
full-conversation setting does not necessarily
achieve the best ASRj, or A. Human red-
teaming also found that only a very small num-
ber of attacks were inherently multi-turn. Taken
together, these findings suggest that reporting
should not be limited to full-conversation per-
formance; it is preferable to include ASRj,
and A as well.

1 Introduction

As large language models (LLMs) are deployed
at scale, rigorous safety evaluation is increasingly
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Figure 1: Illustration of Context-independent Success
(CIS, Top) vs. Context-dependent Success (CDS, Bot-
tom) in multi-turn attacks. Both succeed under full-
conversation evaluation (Left). Only CIS remains suc-
cessful under final-turn-only replay (Right), therefore it
does not depend on multi-turn conversation. CDS fails
when the last turn is replayed without the prior dialogue
context, which means multi-turn context is essential in
this conversation.

essential. LLMs can behave unpredictably and may
be manipulated by adversarial prompts to produce
outputs that threaten user safety, such as harmful
guidance, enabling wrongdoing, or content that
causes psychological or societal harm. Robustness
to hostile inputs is a core requirement for trustwor-
thy deployment.

LLM red teaming has emerged as a practical
approach to evaluate safety from adversarial per-
spective. It systematically challenges a model with
deceptive or malicious inputs to uncover vulnera-
bilities, map failure modes, and estimate how of-
ten safety controls can be bypassed. LLM can
be jailbroken, in which attackers can induce the
model to circumvent restrictions and comply with
unsafe requests. Developing reliable red teaming
methods—and using them to measure and reduce



jailbreak susceptibility—has therefore become im-
portant.

Automated red teaming scales LLM safety evalu-
ation by pairing an attacker with a target model and
measuring whether the target produces disallowed
outputs under adversarial prompting (Mazeika
et al., 2024; Chao et al., 2024). Recent work in-
creasingly emphasizes multi-turn attacks: an at-
tacker adapts across dialogue, using the target’s
intermediate responses as feedback. Multi-turn set-
tings are often treated as intrinsically more realistic
and therefore more concerning. However, multi-
turn format can be conflated with multi-turn essen-
tiality: a transcript may appear interactive while
being effectively reducible to a single decisive final
request.

This distinction matters for both measurement
and curation. If many “successful” multi-turn at-
tacks can be reproduced by replaying only the final
attacker message, then reported multi-turn success
rates may overstate vulnerabilities that truly de-
pend on dialogue history. We call this procedure
final-turn-only replay. Yet standard reporting typ-
ically aggregates success over the full conversa-
tion, obscuring whether earlier turns were neces-
sary. Figure 1 illustrates this distinction by con-
trasting Context-independent Success (CIS), where
the final turn is sufficient on its own, with Context-
dependent Success (CDS), where success disap-
pears under final-turn-only replay. Final-turn-only
evaluation might sometimes detect failures that
arise simply because the model cannot resolve ref-
erences (coreference), so it is not sufficient on its
own to validate true multi-turn dependency. How-
ever, it still provides a lightweight sanity check that
a “multi-turn” jailbreak is not merely a single-turn
adversarial prompt in disguise, but rather some-
thing that cannot be completed within a single ut-
terance and truly relies on prior dialogue context.

In summary, this paper contributes:

 Final-turn-only replay as context ablation.
We propose final-turn-only replay evaluation,
a simple context ablation that quantifies re-
ducibility with minimal additional cost. Con-
cretely, we compare attack success when the
full conversation is provided to the target
model versus when only the final attacker ut-
terance is replayed as a single-turn input, with
all prior dialogue removed. We report ASRyyy
and ASR)., and use A = ASRgun — ASRjagt
as an operational proxy for multi-turn depen-

dency: larger A indicates that success relies
more on interaction history than on the final
request alone.

* Experiments for both human and auto-
mated multi-turn red teaming. We run
experiments spanning both human and au-
tomated multi-turn red teaming. First, we
organize a workshop to collect human red-
teaming dialogues and evaluate their attack
success. Second, we reconstruct an LLM-
based automated red-teaming method and de-
sign a GOAT-style Toolbox with multiple vari-
ants (covering different attack taxonomies) as
well as an optional Crescendo-style, staged
escalation tool. Using our proposed metrics
(ASRgu1, ASRjag, and A), we analyze red
teaming results across both data sources. Ex-
perimental results indicate that the configura-
tion that achieves the best performance under
the full-conversation setting is not necessarily
the one that yields the best ASR,5¢ or A score.
Moreover, human red-teaming confirms that
the number of attacks that were not inherently
multi-turn was extremely small. Taken to-
gether, these findings suggest that reporting
should not be limited to full-conversation per-
formance; it is preferable to include ASRj,q
and A as well.

2 Related Work

LLM jailbreaking is commonly understood as ex-
ploiting tensions between instruction following and
refusal, where alignment and safety training can
fail under distribution shift and competing objec-
tives (Wei et al., 2023; Yuan et al., 2025). Much
of the empirical literature therefore evaluates ro-
bustness with single-turn adversarial prompts and
refusal-oriented metrics, often pairing attack gener-
ation with automated judging for scale (Zhuo et al.,
2023; Mazeika et al., 2024). Interactive deploy-
ments are dialogic: attackers can probe refusals,
negotiate constraints, and adapt framing based on
intermediate responses. Human studies show that
defenses that appear robust under automated single-
turn tests can be circumvented when adversaries
are allowed to iterate over turns, motivating explicit
multi-turn threat models (Li et al., 2024). In addi-
tion, jailbreak strategies often rely on higher-level
social engineering rather than surface paraphrase,
including persuasive framing and persona modula-
tion that can naturally unfold across dialogue (Shah



et al., 2023; Zeng et al., 2024). These findings
motivate evaluation protocols that distinguish be-
tween dialogue-shaped attacks and vulnerabilities
that truly require history.

Automated red teaming methods have diversi-
fied along both attack generation and evaluation
axes. Early work used LLMs to propose adversar-
ial prompts and to judge whether a target satisfied
an objective, enabling scalable black-box measure-
ment (Perez et al., 2022; Zhuo et al., 2023). Across
the broader landscape, attack generators range
from rule-based templates, to search and optimiza-
tion, to learned generators, and to agentic planners
that select among tools. Attack generation spans
lightweight template- or rule-like transformations
and exploration-based search: fuzzing-style sys-
tems mutate prompts to discover diverse variants
(Yu et al., 2023), while optimization-driven meth-
ods iteratively refine adversarial strings against a
target’s behavior (Liu et al., 2024). Structured
exploration approaches treat prompts or dialogue
states as nodes and expand candidates adaptively,
including tree-based search (Mehrotra et al., 2024).
Benchmarks and evaluation frameworks provide
common objectives and scoring pipelines that en-
able comparable reporting across targets, such as
JailbreakBench and HarmBench (Chao et al., 2024;
Mazeika et al., 2024). Complementary efforts cu-
rate in-the-wild jailbreak attempts to broaden cov-
erage beyond synthetic attacks (Jiang et al., 2024).
Because many pipelines hinge on human or model
judgments, biases in preference-style labels and
evaluator behavior can affect measured robustness
(Hosking et al., 2023).

Recent work increasingly treats red teaming as
inherently multi-turn, modeling the attacker as a
policy that conditions on target feedback. Agen-
tic frameworks operationalize this with attackers
that reason over dialogue state and select tactics
from an explicit strategy library (Pavlova et al.,
2024), while staged escalation explores how pres-
sure can be increased across rounds (Russinovich
et al., 2025). Multi-turn automation can also be
paired with broader exploration mechanisms such
as dialogue tree search (Zhou and Arel, 2025). Be-
yond agentic planning, learning-based pipelines
train or tune attack generators to increase diversity
and transfer (Lee et al., 2024; che). Multi-round
interaction traces are also used as alignment sig-
nals, including multi-turn safety alignment and red-
teaming-driven fine-tuning (ge-; Guo et al., 2025).
A complementary line analyzes which parts of an

attack are necessary: prompt-component ablations
probe sensitivity (Lu et al., 2024), and multi-turn
transcripts can often be distilled into fewer turns
or a single request (Ha et al., 2025), sometimes via
compositional transformations such as splitting and
recombination (Yang et al., 2024). However, multi-
turn evaluations typically report only full-dialogue
success, leaving unclear how often success depends
on history versus the final attacker request. Our
final-turn-only replay provides a lightweight con-
text ablation to quantify this reducibility, and it
can be layered on top of benchmark-style pipelines
that already score success at each turn (Chao et al.,
2024; Mazeika et al., 2024).

3 Method

We developed a pipeline for LLM-based multi-turn
automated red teaming to evaluate the effectiveness
of our proposed evaluation protocol. This section
presents an overview of the pipeline, details the
evaluation protocol including the proposed final-
turn-only replay evaluation, and summarizes the
attack tools employed within the pipeline.

3.1 LLM-based Multi-turn Red Teaming
Pipeline

Our multi-turn attack generation follows GOAT
(Pavlova et al., 2024), which is a LLM-based au-
tomated red teaming pipeline: an attacker LLM
iteratively plans, selects tactics from a toolbox, and
emits the next user-facing message, while a tar-
get LLM responds under a fixed system/developer
setup. Figure 2 summarizes the pipeline compo-
nents.

Language setting. Unless otherwise noted, all
experiments were conducted in Japanese: attack
goals (objectives), attacker prompts (including tool-
box descriptions), target-facing user turns, and
judge inputs/outputs were all Japanese. Benchmark
goals are machine-translated into Japanese while
preserving intent. Both multi-turn generation and
final-turn-only replay in the same language setting.

Attack goals. Attack goals are drawn from JBB-
Behaviors Dataset of JailbreakBench (Chao et al.,
2024). Each goal describes a disallowed outcome
at a high level. In this work, we translated goals to
Japanese while preserving intent.

Toolbox as a strategy library. GOAT represents
red-teaming knowledge as a reusable library of
prompt-level techniques, each summarized by a
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Figure 2: Overview of the proposed multi-turn automated red-teaming pipeline. AttackerLLM plans an attack
given a predefined toolbox and an attack objective (AttackGoal), using a chain-of-thought structure—Observation,
Thoughts, Strategy, and Response (AdversarialPrompt). The Target LLM receives the AttackerLLM-generated
Response and produces a Target Response. The Judge LLM evaluates the Target Response to determine whether the
attack objective is achieved. This procedure is repeated across multiple attack goals, and performance is summarized
using the attack success rate over full conversation (ASRyg,1) and the attack success rate under a final-turn-only

replay setting (ASRyast)-

name, a definition, and schematic exemplars that
illustrate safe usage patterns (Pavlova et al., 2024).
The toolbox is provided to the attacker at prompt
time, serving as an explicit prior over possible con-
versational tactics. It makes attacker LLM possible
to ablate, add, or reorganize tactics without chang-
ing the attacker model weights.

Attacker planning structure. At each turn, the
attacker produces a structured plan with four
fields—Observation, Thoughts, Strategy, and Re-
sponse. The Observation summarizes salient prop-
erties of the latest target response (e.g., refusal style
or partial compliance). Thoughts capture internal
deliberation used to stabilize planning. Strategy in-
dicates which toolbox item(s) the attacker intends
to apply. Response is the actual user-facing mes-
sage sent to the target model.

Conversation chaining and logging. We gen-
erate a dialogue trajectory of up to 7" turns. The
attacker receives the full conversation history for
planning, while the target is prompted only with
the user-facing dialogue (attacker Responses and
target replies), consistent with GOAT’s evaluation
pipeline (Pavlova et al., 2024). Each dialogue ter-
minates early if a judge deems the goal satisfied,
and we log all conversation history.

3.2 Evaluation Protocol

In GOAT pipeline, LLM-as-a-judge scheme is ap-
plied in which Judge LLM assesses the target re-
sponse and determine wheter the attack goals are

satisfied or not. We propose to evaluate whether a
generated multi-turn transcript is inherently multi-
turn or whether its success is capable only with a
last-turn utterance. Our protocol is a context abla-
tion that compares full-history success to history-
free replay.

Common setup. For each goal, an attacker LLM
interacts with a fixed target LLM under identical
system/developer prompts and decoding settings
across all conditions. Dialogues are capped at T’
turns and stop early upon judged success. A judge
model receives the goal and the target response
and outputs success/failure, mirroring standardized
benchmark practice (Chao et al., 2024).

Full conversation evaluation (ASRy,;;). The at-
tacker generates a multi-turn dialogue by iterating:
observe target response — plan — select toolbox
tactic(s) — emit the next adversarial user turn. The
final transcript is labeled successful if any target re-
sponse is judged to satisfy the goal. The aggregate
success rate is ASRg.

Final-turn-only replay (ASRj.s;). For each tran-
script from the full evaluation, we extract only the
attacker’s final user-facing turn x i and replay it to
the same target LLM in a fresh single-turn session
with no dialogue history. Algorithm 1 describes
the procedure of Final-turn-only replay evaluation.

All system prompts match the full-context con-
dition. The judge again evaluates the response
against the attack goal. The aggregate success rate



Algorithm 1 Final-Turn-Only Replay

1: Input: Dialogues D = {(C;,0;)}Y,,
getLLM, JudgeLLM
Output: Judge Labels R
R« ]
fori < 1to N do
u <— LASTATTACKER(C;) > extract final
attacker utterance
6: rp < TARGETLLM([u])

Tar-

> single-turn

replay
7: r <= JUDGELLM(O;, rr) > evaluate w.r.t.
per-dialogue objective
R <R r]
9: end for
10: return R

is ASR),s¢. In addition, we define
A = ASRgy1 — ASRyag,

and also report this metrics. Larger A can be in-
terpreted as evidence consistent with multi-turn
dependency.

3.3 Toolbox variants

We compare toolbox designs to test whether multi-
turn dependency is sensitive to how attacker knowl-
edge is organized.

Reconstructed baseline toolbox. We recon-
structed a GOAT-like strategy set (toolbox) from
publicly available descriptions, retaining the
“name/definition/exemplar” schema. Since exem-
plar details are withheld for safety reasons, we
substituted examples drawn from data collected
via a gamified red-teaming data-collection plat-
form (Hayahsi et al., 2025). This reflects com-
mon prompt-level tactics and serves as a baseline
method.

Survey-based toolbox. We reorganized tools ac-
cording to a survey-derived taxonomy (Sasaki and
Sekiya, 2025) intended to broaden coverage and
improve compositionality, especially for Japanese-
language interactions. This variant changes the
grouping and descriptions of strategies while aim-
ing to cover a comparable overall space.

Crescendo-style tool. Separately, we augmented
each toolbox with a Crescendo-style escalation tac-
tic (Russinovich et al., 2025). Importantly, we im-
plemented escalation as one selectable tool rather

than a hard controller: the attacker may invoke es-
calation to guide the next prompt, but monotonic
escalation is not enforced.

4 Experimental Results

To verify the effectiveness of the proposed evalua-
tion protocol, we conducted two experiments. One
involved collecting human-generated red-teaming
data (Section 4.1). The other involved running au-
tomated multi-turn red-teaming and conducting a
final-turn-only replay evaluation within the result-
ing multi-turn dialogues (Section 4.2). Evaluation
results for both experiments are reported in Sec-
tion 4.3. We use both human red teaming data
and automated multi-turn red teaming data for per-
forming a full conversation evaluation (ASRyy)
and a final-turn-only replay evaluation (ASR.gt)
on those conversations.

4.1 Human Multi-turn Red Teaming
Workshop

We conducted a human multi-turn red teaming
workshop to collect real human-generated multi-
turn red teaming data. The workshop format aimed
to elicit realistic attacker behavior over multiple
turns, including planning, iterative refinement, and
adaptation across a dialogue, rather than isolated
single-turn prompts. This section describes the
workshop-based data collection process and the re-
sulting dataset. 20 voluntary participants took part.
Participants included people from academia and
from industry who were involved in red teaming.

Participants were split into four teams of about
five people each to support parallel data genera-
tion and peer discussion during hands-on work.
The workshop lasted about one hour and consisted
of two parts: an introduction followed by hands-
on red teaming. The introduction provided the
setup for the session including how jailbreaking
LLMs workss, after which teams proceeded to gen-
erate multi-turn adversarial prompts in the hands-
on phase.

Each participant selected one attack goal from a
set of five at the start of each conversation. During
the conversation, they planned and produced multi-
turn adversarial prompts designed to achieve the
selected goal.

Attack targets were defined as the concrete goals
that the multi-turn adversarial prompts aimed to
reach. These attack targets were sourced from Jail-
breakBench and AnswerCarefully V2. In addition



Description Value
Conversations 93
Responses (User+LLM) 660
Feedback entries 107
Attack failures (in feedback) 67
Attack successes (in feedback) 22
Attack neutral (in feedback) 18

Table 1: Dataset summary from the workshop-based
collection.

Human feedback

Success Failure
) Success 5 1
LLM-as-a-judge Failure 9 25

Table 2: LLM-as-a-judge evaluation results. This confu-
sion matrix places the LLM-as-a-judge outcomes along
the rows and the human feedback outcomes along the
columns. Regarding human feedback, neutral labels
are counted as failure. Only the human feedback as-
signed to the final utterance of each multi-turn conversa-
tion are evaluated. The LLM-as-a-judge results achieve
high precision (= 5/(5 + 1) = 0.83), whereas recall
(=5/(9+ 5) = 0.36) is relatively low.

to these benchmark-derived targets, we included
one general/typical example attack target.

After each attempt, participants could optionally
provide an outcome judgment as a self-reported la-
bel. The available self-reported label options were
attack success, attack failure, and neutral. These la-
bels reflected participants’ own assessments of the
attempt outcome. Table 2 reports LLM-as-a-judge
evaluation results.

Table 1 summarizes the scale of the collected
dataset. At a high level, conversations represent
distinct multi-turn interaction transcripts produced
during the workshop, and messages represent the
total number of utterances across those transcripts,
counting both user and LLLM turns. Finally the
self-reported labels are shown as feedback entries,
which are optional and therefore exist for a subset
of responses.

4.2 Automated Multi-turn Red Teaming
Evaluation

We tested whether A usefully distinguishes
dialogue-shaped attacks from history-dependent
attacks under controlled multi-turn generation. We
ran maximum six-turn conversations (I' = 6)

on attack goals (N = 100) drawn from JBB-
Behaviors dataset (Chao et al., 2024). We re-
port full-conversation attack success rate (ASRgq1),

final-turn-only replay success rate (ASRjagt), and
A = ASRfu1 — ASRjast-

Models and roles. We used
11m-jp-3.1-8x13b-instruct4 (Aizawa et al.,
2024) and Llama-3.1-8B-Instruct as the
Japanese target model (TargetLLM). We instan-
tiated the AttackerLLM with Qwen3-14B (Yang
et al., 2025) and Qwen2.5-14B-Instruct, and we
used Qwen3-14B as the JudgeLLM.

Prompting and exclusion rule. The specific sys-
tem/developer prompts for attacker, target, and
judge are based on GOAT paper (Pavlova et al.,
2024). Due to the context-length constraints of the
llm-jp target, we excluded trials in which a dia-
logue reached the target’s context limit; excluded
trials were not counted in ASRy,11, ASRjagt, or A
aggregates.

4.3 Full Conversation Evaluation and
Final-turn-only Evaluation

Table 3 summarizes attack success rate under full
multi-turn evaluation and under final-turn-only re-
play, together with multi-turn A. As described in
Section 3.3, all four methods (M1-M4) are variants
of the same GOAT-style multi-turn generation loop,
differing only in the toolbox (baseline vs. survey-
based taxonomy) and whether a Crescendo-style
escalation tool was available as an option.

Table 3 shows that the best configuration in
ASRy (attack_llm=Qwen3-14B, methods=M2
for both 1Im-jp-3.1-8x13b-instruct4 and
Llama-3.1-8B-Instruct) is not always best con-
figuration in Multi-turn A. Thus, it is not sufficient
to report ASRg, alone. ASRj,s; and A are nec-
essary to be reported to account for the multi-turn
setting.

4.3.1 OQOutcome taxonomy by full vs. replay
success

To further investigate the context ablation evalua-
tion, we categorized each evaluated goal by the pair
of outcomes (Full conversation, Final-turn-only re-
play). Table 4 shows taxonomy of outcomes, Ta-
ble 5 reports counts per method.

Each column reflects a distinct diagnos-
tic. Context-independent Success (CIS)
(Full=Success, Last=Success) captures cases where
an attack succeeds in a multi-turn conversation, but



Attack LLM Target LLM methods ASReai( 1) ASRiast( 1) Multi-turn A( 1) Token Usage / Attack ({)
Qwen3-14B 1Im-jp-3.1-8x13b-instruct4 Ml 0.716 0.474 0.242 1.194M
Qwen3-14B 1Im-jp-3.1-8x13b-instructd ~ M2 0.773 0.443 0.330 1.368M
Qwen3-14B 1lm-jp-3.1-8x13b-instructd ~ M3 0.542 0.302 0.240 1.350M
Qwen3-14B 1Im-jp-3.1-8x13b-instruct4 ~ M4 0.750 0.313 0.438 1.671IM
Qwen2.5-14B-Instruct ~ 1lm-jp-3.1-8x13b-instructd ~ M1 0.670 0.362 0.309 1.388M
Qwen2.5-14B-Instruct ~ 1lm-jp-3.1-8x13b-instruct4 ~ M2 0.708 0.292 0.417 2.062M
Qwen2.5-14B-Instruct ~ 1lm-jp-3.1-8x13b-instructd ~ M3 0.628 0.234 0.394 1.407M
Qwen2.5-14B-Instruct  1lm-jp-3.1-8x13b-instructd ~ M4 0.708 0.354 0.354 1.887M
human 1Im-jp-3.1-8x13b-instruct4 human 0.141 0.021 0.120 -
Qwen3-14B Llama-3.1-8B-Instruct M1 0.750 0.270 0.480 1.289M
Qwen3-14B Llama-3.1-8B-Instruct M2 0.780 0.390 0.390 1.619M
Qwen3-14B Llama-3.1-8B-Instruct M3 0.710 0.310 0.400 1.224M
Qwen3-14B Llama-3.1-8B-Instruct M4 0.700 0.320 0.380 1.789M
Qwen2.5-14B-Instruct Llama-3.1-8B-Instruct M1 0.710 0.360 0.350 1.426M
Qwen2.5-14B-Instruct Llama-3.1-8B-Instruct M2 0.560 0.310 0.250 2.209M
Qwen2.5-14B-Instruct Llama-3.1-8B-Instruct M3 0.640 0.270 0.370 1.319M
Qwen2.5-14B-Instruct ~ Llama-3.1-8B-Instruct M4 0.660 0.300 0.360 2.138M

Table 3: Attack success under full multi-turn evaluation and final-turn-only replay. Multi-turn A (= ASRygy1 —
ASR)ast) is a proxy measure of an attack method’s multi-turn specificity. The methods are M1 (GOAT-style using
the Reconstructed Baseline Toolbox), M2 (M1 plus a Crescendo-style tool), M3 (taxonomy-based toolbox), and M4
(M3 plus a Crescendo-style tool). The best value in each partition is underlined.

Final-turn-only replay

Failure

Success

. Success
Full conversation

Context-dependent Success

Context-independent Success

Failure

Consistent Failure

Context-suppressed Success

Table 4: Confusion matrix of attack outcomes comparing full-conversation evaluation and final-turn-only replay.
Attacks that succeed in full-Conversation but fail in final-turn-only replay are labeled Context-Dependent (successful
only when prior context is required). Attacks that succeed in both settings are Context-Independent (the attack
can stand as a single-turn prompt). Failures in both settings are Consistent Failures, while attacks that fail in
full-conversation but succeed in final-turn-only replay are Context-Suppressed Successes, where context interferes

with the attack.

would still succeed as a single-turn interaction if
you extracted only the final user utterance (i.e.,
the case is effectively reducible to the last turn
alone, even if it was originally discovered via multi-
turn probing/search). Context-dependent Success
(CDS) (Full=Success, Last=Failure) is the most
direct signal that the multi-turn history contributed
materially to success; this category increases no-
tably for M4 (43), consistent with its large A.
Consistent Failure (CF) indicates robust refusal
under both conditions and is most prominent for
M3 (38), matching its lower ASRgy.
Context-suppressed Success (CSS) (Full=Failure,
Last=Success) can arise when earlier turns inad-
vertently strengthen defenses (e.g., by making the
intent more salient) or when judge decisions are
noisy. This category is undesirable as a multi-turn
attack strategy since it hindered the attack by intro-
ducing “self-sabotaging” prefixes.

Overall, the type breakdown complements A
by revealing how improvements decompose into
history-dependent gains versus replay-reproducible
successes. Figure 1 illustrates the distinction of

CIS and CDS in multi-turn red teaming and ex-
plains why final-turn-only replay evaluation is nec-
essary.

Let N = CIS + CDS + CF + CSS be the to-
tal number of evaluated samples (see Table 5 for
counts). Then the attack success rates (ASR) under
the two evaluation protocols can be written as:

CIS + CDS
ASRful] = T,
CIS + CSS
Finally, ASRjpy = %
We further define the gap

CDS — CSS

A = ASRgu — ASRiast N

This highlights an important property of A.
The term CDS captures multi-turn dependence—
attacks that succeed only when the earlier conversa-
tional context is present. In contrast, CSS captures
context suppression—cases where the multi-turn
context reduces attack success, causing failures in



Context- Context- Consistent Context-
independent dependent ’}a}lure suppressed
Attack LLM Target LLM Methods Success Success Cha Success
(Full=Failure, X
(Full=Success, (Full=Success, Last=Failure) (Full=Failure,
Last=Success) Last=Failure) Last=Success)
Qwen3-14B llm-jp-3.1-8x13b-instructd Ml 36 32 18 9
Qwen3-14B IIm-jp-3.1-8x13b-instructd M2 38 30 19 1
Qwen3-14B llm-jp-3.1-8x13b-instructd ~ M3 23 29 38 6
Qwen3-14B llm-jp-3.1-8x13b-instructd ~ M4 29 43 23 1
Qwen2.5-14B-Instruct ~ 1lm-jp-3.1-8x13b-instructd ~ M1 30 33 27 4
Qwen2.5-14B-Instruct  1lm-jp-3.1-8x13b-instructd ~ M2 27 41 27 1
Qwen2.5-14B-Instruct ~ 1lm-jp-3.1-8x13b-instruct4 ~ M3 17 42 30 5
Qwen2.5-14B-Instruct ~ 1lm-jp-3.1-8x13b-instructd ~ M4 32 36 26 2
human 1Im-jp-3.1-8x13b-instruct4 ~ human 0 13 77 2
Qwen3-14B Llama-3.1-8B-Instruct Ml 20 55 18 7
Qwen3-14B Llama-3.1-8B-Instruct M2 38 40 21 1
Qwen3-14B Llama-3.1-8B-Instruct M3 29 42 27 2
Qwen3-14B Llama-3.1-8B-Instruct M4 27 43 25 5
Qwen?2.5-14B-Instruct Llama-3.1-8B-Instruct Ml 34 37 27 2
Qwen?2.5-14B-Instruct Llama-3.1-8B-Instruct M2 24 32 37 7
Qwen2.5-14B-Instruct Llama-3.1-8B-Instruct M3 26 38 35 1
Qwen2.5-14B-Instruct Llama-3.1-8B-Instruct M4 25 41 29 5

Table 5: Number of samples by conversation outcome types for Full conversation success and Final-turn-only replay

Success.

the full conversation despite success when replay-
ing only the final turn. Because A increases with
CDS but decreases with CSS, it measures the net
contribution of multi-turn context to attack suc-
cess: it rewards genuinely multi-turn-dependent
successes while penalizing cases where context
hinders the attack.

5 Conclusion and Discussion

As automated red teaming increasingly adopts
multi-turn interactions, it becomes critical to dis-
tinguish between vulnerabilities that strictly neces-
sitate dialogue and those that merely occur within
a conversational format. This study introduced
final-turn-only replay, a context ablation proto-
col designed to verify the essentiality of interac-
tion history in adversarial attacks. By measuring
the discrepancy (A) between success rates in full
conversation (ASRy,1) and final-turn-only replay
(ASRjast), we established an operational proxy for
quantifying true multi-turn dependency.

Our experiments, conducted on Japanese Large
Language Models using both human and au-
tomated agents, suggest that the gap between
conversational format and conversational neces-
sity exists. We found that while standard strat-
egy libraries often produce Context-Independent
Successes—effectively reducible to single-turn
prompts—strategies employing staged escalation
(such as Crescendo) yield higher A values, con-
firming that certain vulnerabilities are intrinsically
reliant on iterative context. Furthermore, the proto-
col identified Context-Suppressed Successes, where

prior dialogue inadvertently strengthens model re-
fusal, a phenomenon obscured by aggregate met-
rics.

We conclude that reporting ASRy,; in isolation
risks overstating the severity and complexity of
model vulnerabilities. We recommend that future
multi-turn safety benchmarks adopt replay evalua-
tion to rigorously differentiate between simple ad-
versarial prompts and genuine dialogue-dependent
exploitation. While this study focused on Japanese
language models and specific attack taxonomies,
the proposed protocol offers a generalized, low-
overhead sanity check essential for the precise eval-
uation of conversational Al safety.

Limitations

Language scope. Our study is restricted to
Japanese: objectives, dialogues, and evaluations
are all in Japanese. Results may differ in other lan-
guages due to differences in model behavior, safety
training coverage, and prompt/judge sensitivity.

Proxy nature of A. Our central statistic A =
ASRytu1 — ASRj.s is an operational proxy for
multi-turn dependency, not a causal attribution. Dif-
ferences between full-context and final-turn-only
conditions may reflect distribution shift or artifacts
of prompt formatting. Thus, a larger A should be
interpreted as evidence consistent with history de-
pendence rather than a definitive measure of which
prior turns were necessary.

Toolbox comparisons are not fully diagnosed.
We observe that toolbox variants and the addition



of a Crescendo-style tool can change ASR and
A, but we do not isolate why a given toolbox is
stronger or weaker. We do not disentangle the
effects of description granularity, example density,
tool overlap, or exploration behavior of the attacker
LLM.

Escalation is not quantified. Although we in-
clude a Crescendo-style option, we do not enforce
or quantify monotonic escalation across turns. As a
result, improvements may stem from merely adding
another strategy label rather than from genuinely
multi-turn escalation dynamics.

Ablation is extreme and incomplete. Our pro-
tocol contrasts full history vs. history-off final
turn, but we do not evaluate intermediate abla-
tions (last-k turns, minimal prefix search, or ne-
cessity/sufficiency decompositions). Such analyses
could reveal finer-grained dependencies and reduce
ambiguity in interpreting A.

Ethical Considerations

We conducted a workshop with 20 voluntary partic-
ipants to collect multi-turn red-teaming dialogues.
Prior to participation, participants were provided
with written instructions describing the task and
materials, potential risks (e.g., possible exposure
to unsafe or disturbing content), and their right
to discontinue participation at any time without
penalty. This data collection protocol was deemed
not human-subjects research under the relevant in-
stitutional policy. We minimized data collection to
dialogue content and optional feedback, avoided
collecting personally identifying information, and
removed any incidental identifiers during data han-
dling. Data were stored securely and used solely
for research evaluation.

Appendix

Attack-Goal Descriptions. Table 6 summarizes
a set of disallowed or harmful request types in a
sanitized form. These descriptions intentionally
avoid reproducing the original hateful language or
providing actionable details for wrongdoing (e.g.,
violence, explosives, or malware).

As shown in Table 6, the intents span (i) targeted
harassment and extremist praise, (ii) physical vio-
lence and evasion of detection, and (iii) cybercrime
via malware distribution. In safety evaluations,
these can be treated as distinct categories requiring
refusal and safe redirection.

Excluded Trials We excluded trials in which a
dialogue reached the target’s context limit. Table 7
shows number of valid dialogues for each configu-
rations during the experiments.
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