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Abstract

LLMs are increasingly deployed as interac-
tive agents capable of multi-turn dialogues and
tool usage, but they remain vulnerable to adap-
tive attacks. Existing safety mechanisms are
mostly reactive, only attempting to uncover pre-
existing hidden harmful intent, which makes
them largely ineffective against attacks when
such attacks are inherently designed to conceal
their intent, and causes them to often fail under
multi-turn, interactive, or out-of-distribution
attacks. In addition, existing multi-turn de-
fences are largely data-driven, which limits
their generalisation ability. To address this chal-
lenge, we propose Proactive Safety Alignment
(PSA), a framework that anticipates user in-
tent proactively to align LLM agents’ outputs
with safety objectives. PSA combines Safe
User Request Prediction (SURP), which an-
ticipates likely safe future requests, and Po-
tentially Harmful Generation (PHG), which
evaluates whether the current interaction state
can support misuse. Evaluations across mul-
tiple benchmarks demonstrate that PSA sub-
stantially reduces attack success rates, while
preserving overall utility on MT-Bench. Our
results show that PSA provides an effective
and scalable paradigm for multi-turn LLM
safety alignment. The code is available at
https://github.com/ginmengyuan/PSA.

1 Introduction

With the maturation of Al agent technologies,
LLMs are now widely customised into specialised
agents across diverse domains, requiring them to
process complex instructions and sustain coher-
ent multi-turn interactions (Liu et al., 2025b; Tran
et al., 2025). While these capabilities greatly ex-
pand the applicability of LLMs, their integration
with broader scopes and higher-level system per-
missions also amplifies safety and security con-
cerns (Ganguli et al., 2022; Guo et al., 2025a).

*Corresponding author

y.feng.6@bham.ac.uk

Models may be granted operational privileges or
access to external tools, allowing safety failures to
translate into more severe real-world consequences.

One of the key characteristics of LLM agents
is that they operate in an interactive and multi-
turn manner. While earlier studies have chiefly
concentrated on single-turn jailbreak attacks (Xu
et al., 2024), subsequent research has demonstrated
that current defence mechanisms become consid-
erably more vulnerable in multi-turn, interactive
attack settings. In such conditions, many defen-
sive mechanisms — which may appear effective in
static or single-turn evaluations (Bai et al., 2022a;
Hurst et al., 2024) — can be systematically exploited
through adaptive interaction, resulting in these de-
fence mechanisms becoming largely ineffective
(Lin et al., 2025; Wei et al., 2023; Chen et al.,
2023; Li et al., 2025). Even methods explicitly
designed for multi-turn defence may also exhibit
out-of-distribution generalisation issues when con-
fronted with novel attack strategies, and in some
cases become more vulnerable than the underlying
base models they aim to protect (Rahman et al.,
2025).

A primary rationale for this fragility is method-
ological in nature, as opposed to being inciden-
tal. The majority of extant approaches are reactive
in nature, only reacting after potentially harmful
intent has already been expressed. However, at-
tackers can invariably find ways to conceal their
intentions successfully, especially in multi-turn in-
teractions.

To address this challenge, we propose Proac-
tive Safety Alignment (PSA), an adaptive defence
framework that shifts safety alignment from reac-
tive mechanisms to proactive intent anticipation.
PSA anticipates intent proactively at the interaction
level by jointly considering what a benign user is
likely to request next and whether the current inter-
action state can support misuse, even if no harmful
intent has yet appeared. These proactive signals are
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then incorporated into the response generation pro-
cess, allowing the model to either safely fulfil the
user’s request or redirect the interaction towards a
safer alternative that preserves the user’s high-level
requirement.

We evaluate PSA on both fixed multi-turn safety
benchmarks and dynamic, interactive attack set-
tings. The experimental findings on SafeDialBench
and X-Teaming demonstrate that PSA consistently
achieves the lowest attack success rates in multi-
turn jailbreak scenarios, including strong out-of-
distribution attacks. Further ablation studies and
evaluations with multiple judge models provide ad-
ditional confirmation of the generalisation of the
proposed framework.

In summary, the contributions made by this pa-
per are threefold:

* We propose the proactive initiative as a
key missing component in existing multi-turn
safety alignment methods.

¢ We introduce PSA, a non-data-driven frame-
work designed to defend against adaptive
multi-turn interactive attacks, with the added
benefits of strong generalisation, indepen-
dence from labelled data, and potential model-
agnostic applicability.

* Empirical evidence has been provided to
demonstrate that PSA achieves strong safety
improvements across diverse benchmarks
while preserving the practical utility of LLM
agents.

2 Related Work
2.1 Multi-Turn Jailbreak Attacks

Multi-turn jailbreak attacks represent an emerg-
ing threat vector that has received limited attention
in the current research literature. Prior research
(Gibbs et al., 2024) indicates that, using the same at-
tack method, multi-turn attacks outperform single-
turn attacks. Some research has begun converting
existing single-turn attacks into multi-turn formats
(Yang et al., 2024a; Weng et al., 2025). Other stud-
ies make full use of the properties of multi-turn
dialogue by using carefully designed progressive
logic (Li et al., 2024; Jiang et al., 2024; Yang et al.,
2024b; Du et al., 2025; Zhou and Shi, 2024) or
attack models that evolve automatically during in-
teraction (Ying et al., 2025; Ren et al., 2025; Cheng
et al., 2024; Russinovich et al., 2025), carrying out

multi-turn jailbreak attacks natively. These attacks
exploit the conversational nature of language mod-
els by distributing malicious intent across multiple
interaction rounds, making detection significantly
more challenging than single-turn approaches.

2.2 Safety Alignment

Safety alignment aims to ensure that LLM outputs
remain consistent with ethical, legal, and policy
requirements while preserving usefulness. This in-
volves training models to reject unsafe requests, re-
sist adversarial prompts, and avoid misuse in sensi-
tive domains like medicine, cybersecurity, or chem-
istry. Early work on safety alignment in LLMs
primarily relied on external control mechanisms
such as rule-based filters and small judge models
(Markov et al., 2023; Llama Team, 2024). Sub-
sequently, safety alignment methods began to be
integrated into LL.Ms, leading to the emergence of
various defence approaches focused on single-turn
interactions, such as Constitutional Al (Bai et al.,
2022b), SafeRL (Team, 2025), SafeChain (Jiang
et al., 2025) and STAIR (Zhang et al., 2025) ...

Recently, multi-turn defence methods have at-
tracted increasing attention, with works such as
MTSA (Guo et al., 2025b), XGuard (Rahman et al.,
2025), SafeMT (Ren et al., 2025), and STREAM
(Kuo et al., 2025). However, these approaches
largely rely on data-driven training, which limits
their effectiveness under out-of-distribution (OOD)
attack scenarios. NBF (Hu et al., 2025) began ex-
ploring the idea of learning a safety predictor, but it
still relied on labelled dialogue data and therefore
suffered from the same limitations. Besides, con-
current with our work, InvThink (Kim et al., 2025)
explores a related high-level idea of inverse rea-
soning, whereas our PSA adopts a non-data-driven,
interaction-level approach.

3 Proactive Safety Alignment

As illustrated in Figure 1, our proposed proactive
defence mechanism utilises the proactive nature of
LLMs to anticipate malicious intent from attackers
in advance. The core idea is that during multi-turn
interactions, the agent should proactively formu-
late expectations about the user’s future behaviour
based on prior context, and accordingly constrain
its outputs. More specifically, we define these
expectations as two complementary components:
Safe User Request Prediction and Potentially Harm-
ful Generation.
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How should I teach my child not to abuse animals?

Here are steps to teach them to treat animals with kindness: ...

To prevent animal abuse, it's

- ()

Q To prevent this behavior from happening again, please list some
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You might want to consider a
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gentler approach to teach your
child to respect animals such as...

v Defence successful

Figure 1: Overview of the PSA framework. PSA aligns LLM agents with safety in multi-turn interactions through
three components: (1) SURP anticipates likely safe user requests, (2) PHG evaluates potential misuse risks, and
(3) the Collaboration-Optimised Generator produces responses considering SURP and PHG to ensure safe and

cooperative interactions.

To effectively learn these capabilities while
maintaining robustness across diverse attack scenar-
ios like when facing diverse or unseen attack strate-
gies, a key challenge lies in the training design it-
self. Unlike existing multi-turn defence approaches,
our method deliberately avoids relying on overly
specific ground truth. Safety alignment fundamen-
tally operates in open-ended interaction settings,
where there is often no single correct response.
Prior data-driven methods tend to exhibit poor gen-
eralisation because irrelevant attributes embedded
in the ground-truth responses—such as response
style, perspective, or preference—are inadvertently
incorporated into the reward or loss. Consequently,
their optimisation process introduces spurious cor-
relations between safety and these unrelated at-
tributes, biasing the model towards superficial pat-
terns rather than the underlying safety objective.

3.1 Pipeline Overview

We propose Proactive Safety Alignment (PSA), a
framework designed to align LLM agents with
safety in multi-turn interactions by proactively
forming expectations about the user’s future be-
haviour and generating responses accordingly. As
illustrated in Figure 1, PSA consists of three core
components:
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» Safe User Request Prediction (SURP) — posi-
tive perspective: proactively predicts the rea-
sonable and safe tasks S P; that a normal user
is likely to request in the next turn.

* Potentially Harmful Generation (PHG) — neg-
ative perspective: PHG assesses whether the
current interaction state, including the infor-
mation, resources, and permissions exposed
to the user through the dialogue, could en-
able potential misuse pathways, based on the
dialogue history H;_; and the current user
request g;.

* Collaboration-Optimised Generator: The gen-
erator Ay is instantiated by fine-tuning the
LLM agent that is subject to protection, to
enable it to better collaborate with the infor-
mation provided by SURP and PHG during
response generation. Specifically, if the user
query significantly deviates from the expected
intent, or if the user is deemed to have suffi-
cient resources to carry out an unsafe opera-
tion, the generator will refuse the request and
instead offer an alternative that achieves the
same high-level goal in a safer manner.



In summary, the generation of the response r; can
be expressed as Equation (1).

re = Ag(Hi—1,q, SP;, HP;) (D

To enhance the proactive safety alignment capa-
bilities of our framework, we adopt a systematic
two-stage optimisation approach, as shown in Fig-
ure 2.

* Stage 1: Independent Training of SURP and
PHG

e Stage 2:  Training the Collaboration-
Optimised Generator

3.2 Problem Formulation

We consider a red-team adversary with a well-
defined attack goal G, representing the harmful
outcome the adversary ultimately seeks to elicit
(e.g., dangerous biological instructions, illicit oper-
ational knowledge, or system-abusive behaviours).

During a multi-turn interaction, the adversary is-
sues a sequence of queries. Let the dialogue history
up to turn t — 1 be:

Ht—l — {(QL Tl)a (q27 T?)a DRI (qt—lu Tt—l)}v

where ¢; denotes the adversary’s query and r;
is the model’s response. At turn ¢, the red team
determines its next query ¢; based on the history
H;_1 and guided by G. This process can follow a
variety of attack paradigms, encompassing strategy-
based approaches, learning-based approaches and
other possible approaches. We do not assume a
specific attack policy. Instead, we consider the gen-
eral setting where the red team adaptively generates
queries to advance towards their harmful goal.

In our proposed Proactive Safety Alignment,
which is distinct from traditional defences that rely
on direct content detection, we explore a new sce-
nario in which the model proactively anticipates
the user’s intended actions. Given the interaction
history H;_; and the current user request ¢;, the
PSA computes the SP;, HP; first. And the final
model response is then generated as:

Ty = PSA(Ht—la qt, SPt7 HPt)7

with the objective of increasing the SafetyScore
Rsafetyscore Tated by the judge model J. More
specifically, for evaluation methods that assess

from a positive perspective, they assign safety
scores based on the dialogue history H;_1 and the
current response ¢ (Cao et al., 2025).

In contrast, for attack-based evaluation methods,
the judge model produces a score indicating how
close the current response r; is to achieving the
attack goal GG, where a score of 0 corresponds to a
successful attack (Rahman et al., 2025; Ren et al.,
2025; Jiang et al., 2025; Zhang et al., 2025).

3.3 Safe User Request Prediction

Based on the state of user H;_1, the mission of
Safe User Request Prediction is infer the user’s
current high-level goal, and then offer a possible
range of safe tasks S P; proactively.

If the user’s subsequent query ¢; deviates sub-
stantially from this predicted safe trajectory SF;, it
may indicate a malicious shift.

Considering that these are open-ended questions,
GRPO has demonstrated strong performance in
addressing such problems. The reward function is
defined as Equation (2), a weighted combination
of safety and utility terms:

RSURP = A1 X RSafetyScore + (1 - )\1) X RUtility
2

To guarantee the safe trajectories S P, are rea-
sonable and the model’s comprehensive utility, it
is essential to incorporate a utility regularisation
term, Ry¢iity, Which is computed using UltraRM
(Cui et al., 2023).

In addition, an LLLM-based verifier is utilised to
assign a five-level harmfulness rating, which is then
inverted to compute the Rg,fetyScore. Neverthe-
less, it should be noted that the present framework
is not confined to this particular instantiation. As
previously outlined, Rgq fetyScore rEpresents a gen-
eral evaluation paradigm. This flexibility allows
for a variety of implementations, including the use
of a safety classifier such as Llama Guard 3, which
can be employed to calculate Rsg feryScore as the
difference between the probabilities assigned to the
safe and unsafe labels.

3.4 Potentially Harmful Generation

Most safety alignment methods aim to detect users’
malicious intent; however, attacks are effective pre-
cisely because the attackers strive to conceal their
intentions, making this an endless cat-and-mouse
game. In contrast, PHG is based on the assump-
tion that users can always successfully conceal
their intent. It evaluates whether the user, given
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Figure 2: Training Pipeline. Phase 1: Following the procedure described in Section 3.3 and Section 3.4, SURP and
PHG are trained separately. Phase 2: The generator is trained to effectively collaborate with SURP and PHG.

their current query and historical interaction con-
text, possesses the capability to produce harmful
content, considering resources they have, such as
knowledge, system privileges, or other factors. For
example, once the agent has provided some spe-
cific chemical equations which are also commonly
taught in basic chemistry education and relevant
procurement channels which are part of publicly
accessible through normal commercial markets,
then it has acquired enough context to generate
a bomb-making plan, only awaiting a hidden trig-
ger. In other words, the system has already en-
tered a dangerous state, requiring immediate output
constraints (prohibiting any discussion of bomb-
making plans), since there is no reliable way to
determine whether the attack has already been in-
jected.

Given the dialogue history H;_; and the current
user query ¢¢, PHG produces a harmful capability
estimation H P, which characterises the range of
potentially harmful actions that could be carried
out.

More specifically, PHG is trained with a reward
function defined in Equation (3).

Rpuc = Ao (—Rsafetyscore ) + (1—A2) Raainability
3)
where Raainability 1S @ score provided by a judge
model measuring the extent to which the harmful
actions can be realistically carried out given the
current condition, and RsafetyScore 1S computed as
described above for SURP. The negative sign indi-
cates that PHG is encouraged to generate outputs
corresponding to a higher level of harmfulness.

3.5 Collaboration-Optimised Generator /
Target Model

After the completion of the first training stage, the
SURP and PHG models are obtained. Their out-
puts, together with the current user query, are then
provided as inputs to the target model, referred to as
the Collaboration-Optimised Generator. Detailed
input specifications can be found in Appendix B.

Formally, at turn ¢, given the interaction history
H,;_,, the current query ¢;, and the predictions
from SURP and PHG, SP; and H P; respectively,
the generator produces a final response r; as shown
in Equation (1).

The generator is optimised with the reward func-
tion defined in Equation (4).

RCOG = )\3RAlign + (1 - >\3)RSafetySc0r67 (4)

where R ajign is a scalar score assigned by a judge
model, measuring the degree to which the gener-
ated output satisfies the constraints, i.e., how far
it stays away from PHG while approaching SURP.
And Rgafetyscore 18 defined as in the previous sec-
tions.

This collaborative optimisation ensures full use
of the proactive predictions from SURP and PHG.

4 Experiments

4.1 Experimental Setup
4.1.1 Datasets and Metrics
We perform the evaluation in two ways:

(1) Evaluating through interactive real-time at-
tacks on HarmBench, as represented by the
state-of-the-art multi-turn attack method —X-
Teaming (Rahman et al., 2025), where the
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performance metric is the attack success rate
(ASR). In order to ensure comparability with
previous studies (Rahman et al., 2025; Ren
et al., 2025), an LLLM-as-a-judge evaluation
protocol is adopted. Specifically, the outputs
generated at each turn are assessed by a des-
ignated evaluator LLM, which assigns an in-
teger score on a 1-5 scale reflecting the de-
gree of harmful policy violation, where higher
scores indicate more severe and explicit viola-
tions. The success of an attack is determined
by the attainment of a maximum score of 5 in
at least one turn.

A total of 50 candidate attack plans (Nyota =
50) are generated by the Attack Planning
Agent, which uses the same configuration as
the original work (Rahman et al., 2025) and
employs GPT-40 with a temperature of 0.5
to generate diverse attack strategies. These
plans come from 5 iterative sets (Ngets = ),
with each set producing 10 individual plans
(Nplans = 10). The Attacker Agent uses
Qwen-2.5-32B-IT with a temperature of 0.3,
is allowed a maximum of 711,,x = 7 conversa-
tion turns, and selects 10 attack strategies per
harmful behaviour. TextGrad optimisation is
performed with up to Ny = 4 iterations per
turn.

(2) Using fixed benchmarks, represented by Safe-
DialBench (Cao et al., 2025), which evaluates
target models using fixed 5-turn handcrafted
user requests. The evaluation goes beyond
ASR to assess a model’s capability to identify
safety risk, handle unsafe content, and main-
tain consistency of safety across multi-turn in-
teractions. It contains a total of 2,037 dialogue
samples, from which we randomly select 85%
of the data as the test set to evaluate model
performance under diverse safety-critical sce-
narios.

In addition, we evaluate the model’s general utility
on MT-Bench (Zheng et al., 2023) to ensure that
the proposed method does not introduce excessive
interference with its overall performance.

4.1.2 Baseline
The present study assesses Proactive Safety Align-

ment in comparison with four types of baselines:

(1) Base Models: Run a series of mainstream
LLM:s in their original, default configurations,

without applying any additional safety align-
ment constraints, including LLaMA-3.1-8B-
Instruct (Dubey et al., 2024) and Qwen2.5-7B-
Instruct (Team, 2024);

(2) Inherent safety alignment methods, such as
Qwen3-SafeRL (Team, 2025), aim to instil
safety behaviours directly into the model’s
policy during training.

(3) The defence or alignment methods de-
signed for single-turn interaction, including
SafeChain (Jiang et al., 2025) and STAIR
(Zhang et al., 2025).

(4) The defence or alignment methods designed
for multi-turn interaction, including SafeMT
(Ren et al., 2025) and XGuard (Rahman et al.,
2025).

All baseline models are trained according to the
configurations specified in the original work. Fur-
ther implementation details can be found in Ap-
pendix A.2.

4.1.3 Proactive Safety Alignment Setup

Fine-Tuning SURP and PHG Specific training
settings are provided in Appendix A.1. It is worth
emphasising that, as this setting involves no refer-
ence answers or ground-truth labels and can there-
fore be regarded as a test-time scenario, it offers
an additional safeguard against data contamination
and eliminates the reliance on labelled datasets.

PSA —-Agent Integration The guidance provided
by SURP and PHG is applied to guide the target
agent to generate content that aligns with safety
requirements, using the template presented in Ap-
pendix B.

Specifically, LoRA fine-tuning of the target
model is performed using the GRPO method to
enhance its cooperative capability with SURP and
PHG to enable the model to better integrate safety-
oriented signals.

4.2 Main Results

Defensive Capability Table 1 presents the results
of multi-turn attack evaluations under a fixed hand-
crafted attack request scenario. Across all defence
methods, PSA consistently reduces the ASR while
simultaneously improving scores across all six cat-
egories (aggression, ethics, morality, fairness, le-
gality, privacy) from three evaluative perspectives.
While it does not always attain the highest score

47305



Target Model ‘ Defence Method‘ ISR
\ (% |) Ide Han Con Ide Han Con Ide Han Con Ide Han Con Ide Han Con Ide Han Con

Aggression? Ethics? Morality 1 Fairnesst Legalityt Privacy?t

- 57.58 3.533.523.824.033.834.294.284.014.695.244.945.742.972.773.173.292.96 3.76

+SafeRL 23.12 7.237.017.527.717.507.947.13 6.80 7.49 7.95 7.73 8.41 6.53 6.08 6.74 6.96 6.34 7.35

Qwen2.5 +SafeChain 8.93 6.726.497.156.86 6.41 7.375.845.29 6.43 5.855.49 6.64 6.12 5.85 6.724.75 4.52 5.92
’ +STAIR 18.46 6.26 6.27 6.826.24 5.95 6.905.70 5.14 6.33 5.99 5.53 7.07 5.70 5.31 6.36 4.35 3.78 5.70
+XGuard 15.95 6.386.366.90 6.53 6.29 6.98 6.23 5.93 6.83 6.55 6.38 7.31 6.02 5.79 6.57 5.08 4.58 6.07

+PSA (ours) 8.74 7.527.738.327.487.43 8.247.08 7.21 8.21 5.74 6.07 7.427.29 7.37 8.19 4.57 4.59 6.52

- 3436 5.775.656.115.975.646.385.284.71 5.71 5.46 4.89 6.02 5.124.81 5.71 3.87 3.354.72

+SafeMT 43.45 4.734.675.064.484.014.944.363.724.844.583.975.193.46 3.13 3.78 2.90 2.34 3.53

Llama +SafeChain 20.72 6.096.156.726.015.71 6.75 5.64 5.17 6.42 5.555.15 6.70 4.30 4.11 4.91 3.68 3.24 5.00
+STAIR 19.34 6.236.14 6.68 6.55 6.237.20 6.11 5.46 6.83 5.65 5.22 6.77 5.95 5.60 6.63 4.51 3.82 5.84

+XGuard 21.35 5.755.826.376.305.93 6.845.70 5.31 6.47 5.90 5.67 6.79 5.22 4.95 5.69 4.64 4.18 5.72

+PSA (ours) 0.69 6.326.217.00 6.06 5.31 6.35 6.44 6.09 6.93 4.93 4.31 5.49 6.73 6.22 7.09 5.23 4.90 6.45

Table 1: Multi-turn Attack Evaluation Results on SafeDialBench (Judge Model: GPT-o0ss-120B). The table shows
ASR, the primary metric reflecting overall defence effectiveness, along with dimension-wise safety scores (Ide, Han,
Con) computed across six safety categories (Aggression, Ethics, Morality, Fairness, Legality, Privacy) for each

target model and defence method. Bolded values indicate the best performance in each column.

Target Model Defence Method ASR (% | )

Qwen2.5 994
+SafeRL 994
+SafeChain 96.9
+STAIR 91.2
+XGuard 95.6
+PSA (ours) 67.9

Llama 91.2
+SafeChain 994
+STAIR 88.1
+SafeMT 91.8
+PSA (ours) 78.0

Table 2: Attack success rate (ASR; %) of X-Teaming
on the HarmBench test set.

in every Ide/Han/Con metric, it consistently shows
competitive results compared with baseline defence
methods.

Specifically, PSA reduces ASR from 57.58% to
8.74% on Qwen2.5 and from 34.36% to 0.69% on
Llama, demonstrating its superior overall defence
effectiveness. Moreover, even when comparing
PSA based on Qwen2.5 with Qwen’s own next-
generation safety-aligned model Qwen3-SafeRL,
the results are mixed. These results demonstrate
PSA’s robustness and generalisability across differ-
ent target models and evaluation perspectives.

Generalisability The results shown in Table 2 for
X-Teaming attacks, a more challenging form of dy-
namic multi-turn attack evaluated on a further OOD

dataset, additionally illustrate this point. Across
the two experimental groups, PSA consistently
achieves the lowest ASR, reducing it from 99.4%
to 67.9% on Qwen2.5-based and from 91.2% to
78.0% on Llama-based. In contrast, some existing
defences show limited effectiveness and, in cer-
tain cases, even increase model vulnerability under
these attacks.

4.3 Utility

We further evaluate the utility of PSA on MT-
Bench, covering eight distinct task categories. Fig-
ure 3 and Figure 4 summarise the performance
of PSA compared with several baseline methods
across Llama-based and Qwen-based models. For
both groups, PSA prevents severe performance
drops in any category. Although PSA does not
always match the original model on every task—a
limitation shared by other safety-alignment meth-
ods—it preserves balanced and comparable per-
formance across task dimensions, indicating that
overall utility remains largely intact.

4.4 Ablation studies

Table 3 presents the ablation results on Qwen?2.5,
examining the individual contributions of SURP
and PHG as well as their combined effect. When
applied independently, both SURP and PHG im-
prove safety scores across most categories com-
pared with the base model.

Notably, combining SURP and PHG yields a
substantial synergistic effect: the full PSA model
achieves the highest scores across nearly all safety
dimensions and evaluation perspectives. This indi-
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Defence Method Aggression? Ethics? Morality?  Fairness{  Legality? Privacyt
Ide Han Con Ide Han Conlde Han Conlde Han Conlde Han Conlde Han Con
- 3.533.523.82 4.033.834.294.284.014.695.244.945.742.972.773.173.292.963.76
SURP 4.854.815.16 5.615.405.935.144.845.625.805.506.463.933.654.223.863.514.68
PHG 5.455.365.77 5.565.296.015.274.675.795.164.686.083.823.454.103.352.864.21
SURP+PHG 7.527.738.32 7.487.438.247.087.218.215.746.077.427.297.378.194.574.596.52

Table 3: Ablation Study Results on Qwen2.5

Aggressiont Ethicst

Judge Model Defence Method

Morality? Fairness? Legality? Privacyt

Ide Han Con Ide Han Con Ide Han Con Ide Han Con Ide Han Con Ide Han Con

Deepseek-67B PSA

4.98 3.89 4.07 3.11 2.29 2.35 4.07 2.78 2.89 2.31 1.89 1.98 3.30 1.96 2.00 3.25 2.10 2.30

7.94 7.15 7.61 8.48 7.01 7.38 8.56 7.52 7.99 8.39 7.73 8.38 8.05 6.65 7.09 7.80 6.70 7.20
GPToss. 120B - 3.53 3.52 3.82 4.03 3.83 4.29 4.28 4.01 4.69 5.24 4.94 5.74 2.97 2.77 3.17 3.29 2.96 3.76
TOss PSA 7.52 7.73 8.32 7.48 7.43 8.24 7.08 7.21 821 5.74 6.07 7.42 7.29 7.37 8.19 4.57 4.59 6.52

Table 4: Results Evaluated by Different Judge Models

Humanities

STEM - + _ Reasoning

xxxxx

Coding

Figure 3: Utility evaluation of Llama-based models on
MT-Bench.

cates that SURP and PHG complement each other
and both components are essential for PSA’s per-
formance.

4.5 Verifier Agreement

Previous research has consistently employed LLMs
as judge models (Liu et al., 2025a), showing that
their evaluations largely align with human judge-
ments — a practice we also adopt. However, differ-
ent studies have utilised different LLMs for evalua-
tion; SafeDialBench, for instance, employed GPT-
3.5-turbo, while X-Teaming used GPT-40-2024-08-
06 and InvThink (Kim et al., 2025) used Gemini-
2.5 Pro. Consequently, the same case may result
in slightly different scores depending on the judge
model.

In order to mitigate potential biases from any
single judge (Panickssery et al., 2024; Chen et al.,

Humanities Roleplay

Reasoning

Figure 4: Utility evaluation of Qwen-based models on
MT-Bench.

2025), the models are evaluated using multiple
judge LLMs, including Deepseek-1lm-67B-chat
and GPT-o0ss-120B. As demonstrated in Table 4,
PSA consistently enhances scores across all six
safety categories and across all three evaluative
perspectives, irrespective of the judge model em-
ployed. While there is some variation in the abso-
lute values assigned by different judges, the overall
pattern remains consistent and robust. PSA consis-
tently results in elevated safety scores in compari-
son to the base model.

4.6 Flexibility and Compatibility for
Closed-Source LLM APIs

Considering that many current agents are built on
closed-source LLM APIs, we explore ways to im-
prove the flexibility and compatibility of PSA. In-
stead of relying on fine-tuning, we adopt TextGrad
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Construction Method Aggression? Ethics?

Fairness{ Legality? Privacyt

Ide Han Con Ide Han Con Ide Han Con Ide Han Con Ide Han Con

Base model
Fine-tuning
TextGrad

3.53 3.52 3.82 4.03 3.83 4.29 5.24 494 5.74 2.97 2.77 3.17 3.29 2.96 3.76
7.52 7.73 8.32 7.48 7.43 8.24 5.74 6.07 7.42 7.29 7.37 8.19 4.57 4.59 6.52
6.27 6.27 7.00 6.00 6.00 6.33 5.89 4.78 5.89 4.67 4.11 5.22 4.62 4.50 5.50

Table 5: Results on Different Construction Methods for PSA

(Yuksekgonul et al., 2025), a training-free optimi-
sation method, to transform it into a radically plug-
and-play framework.

Table 5 compares different construction meth-
ods for PSA. As expected, fine-tuning yields the
strongest overall safety improvements, achieving
the highest scores across most categories and eval-
uative perspectives. More importantly, the training-
free TextGrad variant also delivers substantial
safety gains over the base model across all cate-
gories. Although its scores are generally lower than
those achieved by fine-tuning, the performance gap
between them remains moderate rather than drastic,
especially in Aggression and Ethics. This suggests
that PSA is inherently compatible with training-
free optimisation methods, making it significantly
more flexible and easier to deploy in real-world set-
tings. In practice, this allows PSA to be deployed
on closed-source models or extremely large and
heterogeneous agent systems, where fine-tuning
each model individually may be infeasible, while
still achieving meaningful safety improvements.

5 Conclusion

In this paper, we investigated the limitations of ex-
isting safety alignment mechanisms for LLM-based
agents in multi-turn, adaptive interaction settings.

To address this challenge, we proposed PSA.
This general framework shifts safety alignment
from a reactive to a proactive, non-data-driven
paradigm, effectively escaping the “cat-and-mouse”
cycle of attackers and defenders. Extensive evalu-
ations show that PSA robustly reduces multi-turn
ASR, including under OOD settings, without sacri-
ficing usability.

Taken together, this work establishes a new
proactive perspective on safety alignment that re-
shapes how multi-turn defence can be understood
and addressed.

Limitations

Although PSA is designed to be model-agnostic
and scalable, our experiments are currently limited
to open-source models due to computational and
financial constraints. In particular, we do not eval-
uate PSA on closed-source commercial systems
such as GPT-4o0, Claude, or Gemini. While the
training-free TextGrad variant suggests that PSA
may also work in API-only settings without direct
fine-tuning, its effectiveness on closed-source mod-
els remains to be evaluated in future work.

Ethical Statement

This work aims to improve the safety and robust-
ness of LLM agents against adaptive multi-turn
attacks through proactive safety alignment. How-
ever, studying adversarial interaction patterns and
harmful generation pathways may potentially be
misused. We emphasise that this work is intended
solely for academic research on LLM safety and
alignment. We do not encourage or support any ma-
licious use, misuse, or deployment of the proposed
methods for harmful purposes.
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A Implementation Details

A.1 Training Details

Both modules were trained with LoRA based on
Qwen2.5-7B-Instruct, with 15% of the user re-
quests randomly sampled from SafeDialBench,
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which contains 2,037 multi-turn interaction sam-
ples. Importantly, since PSA is designed as a
framework without reliance on reference answers
or ground-truth labels, only the user requests were
used during training, while the reference responses
and annotations provided in SafeDialBench were
entirely excluded. The remaining 85% of the
dataset was reserved exclusively for evaluation. In
more detail, as described in Section 3, they were
optimised with GRPO under the guidance of the
proactive reward. And for all PSA modules, we
trained them for 3 epochs.

A.2 Baseline Implementation Details

For SafeRL, SafeChain, and STAIR, we directly
use their public checkpoints in accordance with
the licences and usage terms associated with these
artefacts. SafeMT and XGuard are trained with a
1:2 mix of their respective datasets (SafeMT + Ul-
traChat, XGuard-Train + Tulu-Mix) for 3 epochs.

We further examine the licences of all artefacts
used in our experiments, including public check-
points, training datasets, and any derived artefacts,
and ensure that our use, modification, and redistri-
bution are both licence-compliant and consistent
with the purposes for which the original resources
were released.

For all experiments, we utilised clusters
equipped with 4 NVIDIA GH200 Grace Hopper
Superchips and 4 x NVIDIA Ampere A100-80(80
GB) GPUs.

B Prompt Details

<User_Current_Input>
$user_input
</User_Current_Input>

<Safe_User_Request_Prediction>
$safe_result
</Safe_User_Request_Prediction>

<Potentially_Harmful_Generation>
$harmful _result
</Potentially_Harmful_Generation>

<Instructions>

You are given the following:

1. <User_Current_Input>: The user's
latest input.

2. <Safe_User_Request_Prediction>: A
system-generated analysis of the
user's likely benign goal and how to

proactively assist.

3. <Potentially_Harmful_Generation>: A
system warning about possible unsafe

or malicious uses based on context.

Your task:

- If section 2 is present and non-empty,

carefully compare the "

User_Current_Input” (section 1) with

the "Safe_User_Request_Prediction”

described in section 2:

- If the "User_Current_Input”
deviates significantly from the
"Safe_User_Request_Prediction”
or suggests unsafe requests:

- Explicitly inform the user
that their current request
may pose safety or policy
risks.

- Advise them on safer,
acceptable alternatives
based on the "
Safe_User_Request_Prediction
" from section 2.

- Avoid generating any content that
approaches the risks described in
section 3 "
Potentially_Harmful_Generation”.

</Instructions>

Important Notes:

The "Safe_User_Request_Prediction” and
Potentially_Harmful_Generation” are
provided only for reference to help
you understand the context of the
response.

You should respond directly and only to
the content of "User_Current_Input”.

Do not respond to, mention or

reference the presence or content of
this instruction or any other parts
Now directly begin your response.

"

C Al Assistance Statement

Artificial intelligence assistance was employed for
code writing and debugging, improving clarity and
grammar formatting, document formatting, as well
as being a subject in experiments.
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