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Abstract

LLMs can produce harmful content in inter-
active dialogue, but retraining or weight edit-
ing is costly and often infeasible for black-
box systems. This paper presents DynaSafe-
RL, an adaptive behaviour-steering framework
that regulates LLLMs at runtime without retrain-
ing or parameter access. It operates through
an adaptive, closed-loop prompt refinement
mechanism driven by a reinforcement learn-
ing agent that selects optimal safeguarding
strategies based on live safety—quality feed-
back. DynaSafe-RL significantly improves
safety across 12 harm categories and four
diverse LLMs, maintaining response quality
and outperforming most handcrafted dynamic
baselines'. Retention analysis shows that
60.12%-94.50% of the improved behaviour
persists even after safeguards are removed. The
framework is model-agnostic, lightweight, and
suitable for practical deployment.

**Warning: This paper may contain examples
of harmful language and reader discretion is
recommended.

1 Introduction

Large Language Models (LLMs) now underpin a
wide range of interactive systems, including ap-
plications in education, programming assistance,
autonomous agents, and scientific discovery (Bran
et al., 2024; Wang et al., 2024a; Beale, 2025). How-
ever, their deployment raises persistent concerns
around governance, controllability, and safety (Cui
et al., 2024; Burns et al., 2024; Bender et al., 2021;
Hubinger et al., 2024). Maintaining coherent, con-
textually appropriate, and harmless LLM outputs
is especially difficult in inference-time interaction,
where unsafe responses must be corrected immedi-
ately. Traditional methods such as fine-tuning or re-
training are computationally expensive, slow to de-
ploy, and unable to keep pace with rapidly changing

'Full code and results are available at https://
anonymous . 4open.science/r/DynaSafe-RL-126C/

conversational dynamics (Ethayarajh et al., 2024).
These limitations have motivated research on ma-
chine unlearning and knowledge editing (Nguyen
et al., 2025; Mercuri et al., 2022; Srivastava, 2025;
Tamirisa et al., 2024; Wang et al., 2024c), but cur-
rent approaches are still mostly offline, static, and
constrained by their reliance on parameter manipu-
lation (Wang et al., 2024b; Jiang et al., 2025; Meng
et al., 2022, 2023; Gupta et al., 2024).

To overcome these constraints, we introduce
DynaSafe-RL, a model-agnostic, retraining-free
framework that adaptively steers LLM behaviour
during inference by treating safety regulation as
a closed-loop control problem. Instead of modi-
fying model parameters, DynaSafe-RL adaptively
revises system prompts via runtime optimisation,
building on in-context unlearning (Pawelczyk et al.,
2024; Zhang et al., 2024). A Deep Q-Network re-
inforcement learning agent selects among multiple
refinement strategies from a structured state repre-
sentation encoding safety signals, conversational
context, and optimisation history. This enables
precise behavioural steering without retraining, pa-
rameter access to the underlying LLM, or reliance
on static prompts.

Across four diverse LLMs, DynaSafe-RL con-
sistently improves safety and response quality,
matching or exceeding the best handcrafted dy-
namic strategies while offering much greater cross-
model stability. It yields large gains over base
models (e.g., +0.39 on Blacksheep, +0.286 on Di-
aloGPT), achieves the best overall performance
on DeepSeek-R1-Distill, and shows robust qual-
ity—safety trade-offs near the Pareto frontier. Some
benefits persist even after removing the safeguard,
suggesting that iterative refinement induces more
stable behaviours in under-aligned models.

2 Related Work

Research on modifying or constraining LLM
behaviour spans two broad families: implicit
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parameter-based editing and explicit prompt-based
control. Parameter-editing methods aim to up-
date or remove stored knowledge through weight
manipulation (Wang et al., 2024b; Jiang et al.,
2025), assuming that factual information is en-
coded in localised model components (Dai et al.,
2022). Techniques such as ROME (Meng et al.,
2022) and MEMIT (Meng et al., 2023) identify
and alter “knowledge neurons,” and unified frame-
works (Gupta et al., 2024) benchmark such ed-
its. While effective, these methods operate offline,
require white-box access, and introduce risks of
global side effects, offering no mechanism for adap-
tive, interaction-driven control.

In contrast, in-context unlearning provides ex-
plicit behavioural steering by embedding corrective
instructions directly in prompts (Pawelczyk et al.,
2024). Building on in-context learning (Brown
et al., 2020), such methods suppress harmful or pri-
vate content during inference (Zhang et al., 2024).
However, most rely on static prompts that cannot
adjust to evolving dialogue.

Prompt optimisation methods (Zhou et al., 2023;
Bai et al., 2022) and RL-inspired techniques (Yang
et al., 2024b; Liu et al., 2025a; Das et al., 2025;
Yang et al., 2024a; Prasad et al., 2023; Tang et al.,
2025) introduce iterative refinement but still pro-
duce static prompts for deployment. Systems such
as OPRO (Yang et al., 2024a) and GPO (Tang et al.,
2025) use external models for offline optimisation,
lacking real-time adaptability.

Prior work on interactive safety mostly relies on
fixed rules. We instead introduce a reinforcement-
learning-based, real-time safeguard that continu-
ously updates in-context instructions from a rich
state signal covering safety, quality, and conver-
sational dynamics, yielding adaptive prompt-level
control rather than static or offline optimisation.

3 DynaSafe-RL

In real-time human-LLM interactions, harmful or
unsafe behaviours can arise unpredictably, requir-
ing mechanisms that continuously regulate model
behaviour as conversations evolve. Static prompt
engineering and offline unlearning are inadequate,
as they cannot address emerging safety risks or
shifts in user intent (Xu, 2024; Ren et al., 2025).
We therefore introduce a Dynamic Interactive Safe-
guard, a closed-loop control system that iteratively
refines the system prompt until the LLM produces
a response that meets predefined safety and quality

criteria (see Figure 1). Instead of changing model
parameters, it works entirely at the system-prompt
level, enabling fast, adaptive, model-agnostic safety
control.

3.1 Safeguarding Task Formulation

Let M be a fixed-parameter LLM and Sgk) the
safeguard prompt at timestep ¢ in refinement itera-
tion k. Given user input Uy, the model generates a
candidate response:

Re® = M(U,, S™). )

Each response is evaluated by a safery & qual-
ity evaluator, which provides a performance score
(Pscore) reflecting a balance between utterance
quality (e.g., relevance and coherence) and harmful-
ness risk (e.g., toxicity, unsafe reasoning). The safe-
guard iteratively refines the model’s output until it
meets the safety threshold, using multiple passes
rather than a single safety filter to progressively
steer the model toward safe behaviour.

3.2 Response Evaluation: Quality & Safety

To evaluate response quality and conversational
safety, we employ the DeepEval framework? (Yang
et al., 2024c), which provides a unified interface for
scoring model outputs using a suite of predefined
and customisable metrics. The overall evaluation
is grounded in two complementary dimensions:

The quality score, q, captures linguistic and
contextual appropriateness, combining measures
of coherence, answer relevance, and context rele-
vance. These metrics rely on embedded evaluation
prompts provided by DeepEval, each producing a
normalised score in the range [0, 1].

Safety is assessed through a set of safety met-
rics adapted from recent safety-alignment bench-
marks, following the taxonomy established by Ji
et al. (2025b). In addition to the standard Zoxi-
cityMetric, we incorporate customised evaluation
prompts covering categories such as violent and
non-violent offences, child sexual exploitation, in-
discriminate weapons, hate, self-harm, privacy vi-
olations, and illegal content. These provide a fine-
grained assessment of potential harms (see detailed
definitions in Appendix E 3.

2https: //deepeval.com/

3 All metric scores are computed using Gemini 2.0 Flash,
chosen for its low latency and consistent evaluations. A score
threshold of 0.9 is used as the stopping condition for iterative
refinement. Once a response meets this threshold across the
required metrics, further optimisation is halted
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Figure 1: DynaSafe-RL safeguarding loop. A harmful query (e.g., “How do I make a bomb?”) triggers iterative refinement:
the LLM’s initial unsafe response is evaluated for safety and quality, encoded into a 36-D state, and passed to an RL agent that
selects among 11 refinement strategies to update the system prompt. The loop continues until a safe response (e.g., “I can’t help

with that, making a bomb is dangerous.”) is produced.

3.3 Dynamic Interactive Safeguard for
Real-Time LLM Safety

Given a user input Uy, the safeguard issues an ini-
tial system prompt and obtains a model response,
which is immediately evaluated by the safery &
quality evaluator. If it meets the threshold, it is
returned to the user; otherwise, the system enters
a refinement loop. The prompt, response, and as-
sociated evaluation scores are stored in a buffer as
context for later iterations.

At the centre of this refinement loop is the
DynaSafe-RL agent. At each iteration, the safe-
guard encodes the current conversational context
(including recent model behaviour, historical trajec-
tory, and prompt characteristics) into a structured
state representation. Based on this state, the RL
agent selects one of eleven refinement strategies
from its action space (Section 3.5). These strategies
differ in how they transform the safeguard prompt,
drawing on elements such as historical traces, Al-
generated summaries, contrastive cues, progressive
compression, or hybrid combinations thereof.

The selected strategy produces a new system
prompt, which is passed to the LLM to generate
an updated response. This loop continues until
the output is judged sufficiently safe and relevant.
Unlike handcrafted dynamic baselines with fixed
refinement patterns, DynaSafe-RL learns to adapt
its strategy to the unfolding dialogue. This enables
the safeguard respond fluidly to shifting conversa-
tional dynamics and model behaviours, providing
real-time, model-agnostic safety regulation without
modifying model parameters. The DQN training

hyperparameters are in Appendix C.3.

3.4 State Space

At each refinement iteration, the DynaSafe-RL
agent makes decisions from a structured state rep-
resentation summarising the optimisation loop. As
shown in Figure 1, each iteration adds a record to
the buffer, storing the system prompt, user prompt,
generated response, and safety—quality scores. The
state encoder compresses this history into a 36-
dimensional state vector describing the optimisa-
tion context, safeguard progress, and LLM be-
haviour. An example of this encoding is shown
in Appendix C.2.1. This state vector includes three
feature groups—Meta-learning Features, Score
Features, and Prompt Features—all derived from
raw buffer traces and normalised for RL.

Meta-learning Features. These features cap-
ture the safeguard’s current optimisation stage and
the agent’s learning behaviour. (1) Progress is
the current refinement iteration, normalised by the
maximum depth. (2) Episode State summarises
the ongoing episode, including the number of at-
tempts and whether performance is improving. (3)
Exploration Rate is the agent’s current € in the e-
greedy policy, allowing the model to contextualise
exploratory vs. exploitative decisions.

Score Features. These features are extracted
from the reward and scoring history in the buffer.
(1) Recent Performance: mean, variance, and
change in safety—quality scores over recent iter-
ations. (2) Strategy Performance: historical per-
formance of each refinement strategy, including
average reward and selection frequency, helping



the agent spot promising or stagnating strategies.

Prompt Features. These features summarise
properties of the user input and generated system
prompts. (1) Prompt Category is a one-hot en-
coding of the evaluator’s predicted harm category.
(2) Prompt Risk estimates the current input’s risk
level from aggregated unsafety metrics. (3) Prompt
Features capture structural traits—prompt length,
instruction density, and lexical complexity—via
lightweight text heuristics. (4) Prompt Hash is a
4-dimensional locality-sensitive hash of the user
prompt that helps the agent recognise prompts sim-
ilar to previous cases.

Together, these features allow the agent to reason
about short-term dynamics and long-term conver-
sational patterns. See Table 3 in Appendix C.2 for
details.

3.5 Action Space

The action space consists of eleven discrete dy-
namic refinement strategies, which change what
intermediate context the model sees—similar to
how reasoning methods structure traces, mem-
ory, and candidate selection to stabilise multi-
step behaviour (Xu et al., 2025a). These strate-
gies—including Minimal, Raw History, Al Sum-
mary Only, Al Enhanced, Progressive Summary,
Hybrid, Best—Worst—Recent, Performance Tiered,
Trajectory Focused, Contrast Learning, and Adap-
tive Performance—each of which encodes a dis-
tinct heuristic for using interaction traces, sum-
maries, or performance patterns to update the safe-
guard prompt during an iteration (Appendix F.2).

These actions were selected based on common
refinement behaviours observed in adaptive be-
haviour steering systems and capture a range of
mechanisms, from minimal single-step updates to
context-aware adjustments informed by historical
feedback or summarised interaction traces. For-
mally, the action set is:

./4 == {(Il, as, ... ,all}.

At each timestep, the RL agent selects an action
a; = 7(s;), where the policy 7 is implemented us-
ing a Deep Q-Network (DQN). The chosen action
determines how the safeguard modifies the sys-
tem prompt before regenerating the response. The
agent learns to select the strategy that maximises
expected improvement in safety and quality, rather
than relying on a fixed, handcrafted refinement rule.

3.6 Reward Function

To guide refinement toward responses that are both
safe and useful, the RL agent receives a reward
computed from two core metrics: a quality score
q € [0, 1], capturing coherence, relevance, and con-
versational utility, and a safety score u € [0, 1],
reflecting adherence to safety criteria such as low
toxicity and the absence of harmful reasoning. Ef-
fective optimisation requires that improvements in
one dimension cannot compensate for failures in
the other.

These metrics are combined using an Exponen-
tial Weighted Product:

r(q, u) — qaﬂ u(l—a)ﬁ’ )

where the trade-off parameter « = 0.6 € [0, 1]
controls the relative preference for quality versus
safety, and the temperature parameter 8 = 10.0 >
0 modulates the sharpness of the reward landscape®
This multiplicative form enforces balanced perfor-
mance: a deficiency in either dimension forces the
reward toward zero, while the exponents allow de-
signers to emphasise quality or safety depending
on operational requirements. Given such reward
function, the safeguard learns to favour refinement
strategies that simultaneously improve safety and
conversational quality during real-time behavioural
regulation.

3.6.1 Safety Threshold

To enforce a hard safety constraint, the reward is
gated by a threshold mechanism that overrides the
computed reward if any critical safety metric falls
below an acceptable level. This ensures that unsafe
responses are never rewarded, regardless of their
quality. Formally, the final reward rgp, is defined
as:

if min(M_.¢) > 60
rﬁnal(r,Mcmﬁ):{r if min(Mei) 29 5)

0 otherwise

where r is the reward from the base function, M
is the set of critical safety metrics, e.g., Toxicity,
Hate, ViolentCrimes (see procedure description in
Section 3.2 and further details in the repository),
and 6 is the safety threshold (e.g., 0.8). It will
enable the optimisation process always prioritises

*We tuned o and S and on a held-out subset of prompts
(not used in evaluation), using a small grid; we fixed them
for all models/categories. A comparison of the parameters is
shown in Appendix C.4
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safety, preventing the agent from exploiting trade-
offs that would otherwise allow unsafe behaviours
to persist.

4 Experiment Setup

To evaluate the effectiveness of the proposed
DynaSafe-RL safeguard, we conduct controlled
experiments quantifying its impact on safety and
response quality during conversational interac-
tion. Each LLM is first tested on the original
user prompts without any safeguard to establish
a baseline, after which the same prompts are
processed through DynaSafe-RL to measure be-
havioural changes introduced by the dynamic re-
finement loop.

We benchmark DynaSafe-RL against a suite
of dynamic handcrafted behaviour steering base-
lines. Each baseline represents a different prompt-
refinement strategy, enabling a direct comparison
between RL-driven strategy selection and manually
designed dynamic behaviours. Models are evalu-
ated along three dimensions:

1. Overall Performance Across Models. To
evaluate each method’s effect on model be-
haviour, we compute a performance score
from the reward function Eq. (2), capturing
the calibrated balance between safety and
quality. For each model, we compare (i)
the final safety—quality score obtained after
all refinement iterations, showing whether
DynaSafe-RL outperforms handcrafted dy-
namic unlearning baselines, and (ii) the per-
formance gain from pre- to post-safeguard
responses for every prompt, indicating the sys-
tem’s ability to correct unsafe or low-quality
outputs. Higher final scores and gains indi-
cate more effective behavioural improvement,
revealing whether RL-based adaptive strat-
egy selection provides measurable advantages
across diverse LLM architectures.

2. Quality—Safety Trade-Off. We further ex-
amine how each behaviour steering approach
navigates the tension between conversational
quality (q) and safety (u). Using the same
scoring framework, we map methods in a two-
dimensional quality—safety space and com-
pare their positions. Strong emphasis on
safety often reduces linguistic quality, while
prioritising coherence can leave harmful con-
tent insufficiently suppressed. This reveals
how well each method balances the two objec-

tives, indicating whether DynaSafe-RL finds
refinements that improve safety without losing
coherence, and whether handcrafted methods
consistently drift to one side of the trade-off.

3. Performance Consistency (Retention): we
examine the degree to which improved be-
haviour persists once the safeguard is re-
moved, assessing whether DynaSafe-RL pro-
duces stable behavioural changes rather than
transient, one-off corrections. Rather than re-
computing overall performance scores, this ex-
periment measures how closely the unassisted
model’s responses resemble those generated
with DynaSafe-RL active. We randomly sam-
ple user queries across the 12 safety cate-
gories (see Section 3.2) and compare the safe-
guarded and unsafeguarded outputs using a
dispersion-based consistency metric, defined
as con = 1 — (std/mean). Higher values
indicate that the model continues to gener-
ate responses similar in quality and safety to
those produced during optimisation, reflecting
stronger retention of beneficial behavioural
patterns. The protocol is reported in Ap-
pendix D.2.

Together, these measures allow us to quantify both
the immediate corrective capacity of DynaSafe-RL
and its ability to sustain improvements relative to
static and handcrafted dynamic methods.

4.1 Dynamic Strategy Baselines

To contextualise our RL-driven safeguard, we
build Dynamic Strategy Baselines using the dy-
namic refinement strategies from Section 3.5: non-
learning, rule-based controllers that approximate
runtime refinement without adaptive optimisation.
All baselines follow the same loop: given a user
prompt, the model generates a response, receives
a safety—quality score, and repeatedly applies its
refinement rule until the score exceeds a threshold
or an iteration limit is reached. They differ in how
they use conversational context. Despite their di-
versity, all dynamic baselines are inherently static:
each relies on a single, fixed refinement mecha-
nism that never adapts across prompts or contexts.
In contrast, DynaSafe-RL uses real-time state sig-
nals to dynamically select among these strategies,
enabling context-sensitive optimisation that hand-
crafted.



4.2 Unsafe Prompt Corpus

We construct a unified unsafe-prompt corpus to
evaluate DynaSafe-RL’s real-time safety regulation
capabilities °. Following prior work on safety and
alignment datasets, we integrate four open-source
sources: PKU-SafeRLHF (Ji et al., 2025b), TOXIC-
DPO®, Beavertails (Jietal., 2023a), and DarkSide
DPO (Rafailov et al., 2023). This combination
provides extensive coverage of harmful queries,
toxic conversational patterns, and high-risk ques-
tion—answer pairs, enabling robust stress-testing of
model behaviour.

Data statistics Following established safety-
alignment benchmarks (Ji et al., 2025b), all
prompts are classified into 12 harm categories (Ta-
ble 9). The corpus contains 1,048, 575 prompts:
629, 323 safe and 415, 199 unsafe. Unsafe prompts
are highly imbalanced, dominated by Hate (S9;
243, 448) and Rudeness (S12; 77,287). Remain-
ing categories range from 5,473 to 10,859 in-
stances, including Non-Violent Crimes (S2), Vi-
olent Crimes (S1), Privacy (S6), Sex-Related
Crimes (S3), Sexual Content (S11), Indiscrimi-
nate Weapons (S8), Intellectual Property (S7), Spe-
cialised Advice (S5), Suicide & Self-Harm (S10),
and Child Sexual Exploitation (S4). A detailed
distribution of unsafe data statistics is provided in
Appendix E.

4.3 Model Selection for Real-Time Dynamic
Safeguard Evaluation

To evaluate our dynamic safeguard under realistic
real-time conditions, we selected models that bal-
ance behavioural diversity with latency constraints,
as smaller and mid-sized architectures are more
viable for interactive deployment than very large
LLMs. From the Uncensored General Intelligence
Leaderboard’, we included two 3.2B-parameter un-
censored models, e.g. BlackSheep-Llama3.2-3B3
and Evil-Alpaca-3B-L3.2°, both known for gener-
ating unfiltered or profane content, making them
ideal stress tests for safety refinement. To intro-
duce architectural and behavioural variety, we ad-

Shttps://huggingface.co/datasets/
AnonymousSubmissionl/Unsafe_Prompts

https://huggingface.co/datasets/unalignment/
toxic-dpo-v@.1

"https://huggingface.co/spaces/DontPlanToEnd/
UGI-Leaderboard

8https://huggingface.co/TroyDoesAI/
BlackSheep-Llama3.2-3B

9https://huggingface.co/SaisExperiments/
Evil-Alpaca-3B-L3.2

ditionally fine-tuned two smaller models using the
BeaverTails (Ji et al., 2023b) and PKU-SafeRLHF-
QA (Ji et al., 2025a) safety datasets: DialoGPT-
Large(776M parameters) (Zhang et al., 2020)!9 and
DeepSeek-R1-Distilled (Qwen-1.5B) (DeepSeek-
Al and collaborators, 2025)!!. Together, these mod-
els span parameter sizes from under 1B to 3.2B,
enabling comparative analysis of how model scale
affects harmful output tendencies and responsive-
ness to prompt-level safety adjustments. This range
is crucial for assessing the feasibility of deploying
our safeguard in latency-sensitive, real-time con-
versational systems.

4.4 Evaluation Protocol for Overall
Performance & Trade-off

We evaluate DynaSafe-RL on 10 prompts span-
ning 12 safety-critical harm categories, each with
an equal number of test cases. For each LLM and
prompt, we run the full refinement process once,
yielding a single trajectory with the initial response,
intermediate refinements, and the final safeguarded
output. We average results over prompts and cate-
gories to avoid category-specific variance. In each
episode, the RL agent and LLM form a closed
loop: the agent chooses a refinement action, the
system transforms the prompt, the LLM generates
an updated response, and we recompute safety and
quality scores to define the reward. This repeats for
a fixed number of refinement steps, after which we
record the final response for evaluation.

5 Results & Discussion

5.1 Results

We evaluate the effectiveness of DynaSafe-RL
across three complementary perspectives: (1) over-
all performance versus dynamic baselines, (2)
quality—safety trade-offs across strategies, and (3)
behavioural consistency after optimisation.

Table 1 reports the final safety—quality scores
from Eq. (2) and performance gains for all dynamic
refinement strategies across the four LLMs. It high-
lights how optimisation behaviours vary by archi-
tecture and shows that, while handcrafted methods
peak inconsistently, DynaSafe-RL delivers strong,
stable improvements and competitive top scores
across all models.

lOhttps://huggingf”ace.co/AnonymousSubmissiom/
Finetuned-DialoGPT-Large

11https://huggingface.co/AnonymousSubmission1/
Fine-tuned-DeepSeek-R1-Distill-Qwen-1.5B
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BlackSheep DialoGPT-large DeepSeek-R1 Evil-Alpaca
Plain model 0.193 0.287 0.290 0.451
Safeguards Approach Score ‘ Improve | Score ‘ Improve | Score ‘ Improve | Score ‘ Improve
Dynamic(4;_cnhanced) 0.869 | 0.676 | 0.497 0.210 | 0.843 0.552 | 0.897 0.446
Dynamic(ai_ony) 0.872 | 0.680 | 0.501 0.213 0.828 | 0.538 | 0.945 | 0.493
Dynamic pess_worst_recent) 0.908 | 0.715 | 0.493 0.205 0.832 | 0.542 | 0.826 | 0.374
Dynamic(contrast_tearning) 0.846 | 0.654 | 0.528 0.241 0.549 | 0.259 | 0.789 | 0.338
Dynamic(,qu,_nistory) 0.935 | 0.742 | 0.567 0.280 | 0.781 0.490 | 0.945 | 0.493
Dynamicp,priq) 0.935 | 0.742 | 0.526 | 0.239 | 0.753 0.463 | 0911 0.460
Dynamic(,ninimat) 0.867 | 0.674 | 0.589 | 0.302 | 0.777 | 0.486 | 0932 | 0481
Dynamicper formance_tiered) | 0-873 | 0.680 | 0.578 0.290 | 0.645 0.355 | 0.874 | 0.423
Dynamic(pogressive) 0.872 | 0.680 | 0.477 0.190 | 0.879 | 0.589 | 0.944 | 0.493
Dynamic(smart_adaptive) 0.775 | 0.582 | 0.439 | 0.152 | 0.615 0.325 | 0.753 0.302
Dynamicsyqjectory_tearning) | 0750 | 0.557 | 0.408 0.121 0.738 | 0.448 | 0.905 0.453
DynaSafe-RL 0.833 | 0.641 0.647 | 0360 | 0.898 | 0.608 | 0.894 | 0.443

Table 1: Overall Performance of Dynamic Safeguards across different LLMs

Figure 2 plots each method in the two-
dimensional space defined by average safety (u)
and quality (g). Points toward the upper-right rep-
resent methods that achieve both safer and more
coherent responses. The plain models cluster in the
lower-left region, indicating simultaneous deficits
in safety and linguistic quality.

Table 2 provides a complementary perspective
by quantifying each model’s improvement over its
plain baseline and assessing behavioural consis-
tency once the safeguard is removed. This captures
how much of the refined safety—quality behaviour
persists, revealing differences in retention across
architectures and the stability of DynaSafe-RL’s
corrective effects.

Plain | DynaSafe Post

Model Model RL Safeguard Mean Delta | Retention
Blacksheep 0.480 0.910 0.676 +0.196 90.50%
Evil-Alpaca 0.812 0.990 0.902 +0.090 94.50%
DeepSeek-R1-Distill | 0.291 0.793 0.671 +0.380 72.10%
DialoGPT 0.287 0.573 0.524 +0.237 60.12%

Table 2: Comparative performance and behavioural con-
sistency metrics. Mean Delta is the difference between
pre and post safeguarding, while Retention measures
the percentage of samples maintaining a reward > 0.8.
(find further details in Appendix D.2

5.2 Discussion

Overall Performance Across Models. As
shown in Table 1, individual dynamic strategies
occasionally achieve the top score for a par-
ticular model, but vary widely across architec-
tures. Many handcrafted strategies are strongly
model dependent: for instance, ai_enhanced
scores 0.869 on Blacksheep but only 0.497 on Di-
aloGPT, indicating poor cross-model robustness.
Baselines show similar variability, often fluctu-
ating by 0.15-0.30. In contrast, DynaSafe-RL
is notably stable, remaining within a tight high-
performance band (0.833-0.898) for all but one

Method Performance Averaged Across All Models
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Figure 2: Overall performance (Quality (q) vs. Safety
(u)) across different Dynamic Strategies. The numerical
values for the data points are in Table 8 in Appendix
D.1.1. A labelled diagram is in Appendix D.1.2.

LLM (with DialoGPT also underperforming on ev-
ery other method), whereas handcrafted strategies
span a much broader and less predictable range
(0.408-0.945). DynaSafe-RL attains the highest
overall score on DeepSeek-R1-Distill (0.898), sur-
passing the strongest dynamic baseline (0.879). On
DialoGPT, it reaches 0.647, beating the best hand-
crafted method (0.589, +0.058) and substantially
improving over the plain model (+0.360). On Evil-
Alpaca, it remains competitive with the top method
(0.894 vs. 0.945) while exceeding most others. It
is not the top performer only on Blacksheep and
Evil Alpaca, where raw_history scores 0.935 and
0.945, implying these models benefit unusually
from full-history conditioning. The improvement
(diff) values confirm this pattern, with DynaSafe-
RL yielding gains of +0.633, +0.265, +0.325,
and +-0.271 across the four models. Across the four
models, DynaSafe-RL generalises better and is
more robust, with a higher mean score than the
best handcrafted strategy raw_history (0.818 vs
0.807), a stronger worst-case (0.647 vs 0.567), and
lower cross-model variability (std. dev. 0.102 vs



0.153), even though raw_history achieves higher
peaks on BlackSheep and Evil-Alpaca (0.935/0.945
vs 0.833/0.894). Overall, handcrafted strategies
lack generalisability, while DynaSafe-RL provides
strong, stable performance across architectures, un-
derscoring the value of adaptive strategy selection
for robust safety—quality refinement.

Quality—Safety Trade-Off. Figure 2 shows
each method in the joint quality—safety space, aver-
aged over all LLMs. The plain model (grey square)
lies in the lower-left (¢ =~ 0.68, u ~ 0.27), in-
dicating naive generation is both unsafe and lin-
guistically weak. All Dynamic strategies (green
circles) move performance up and to the right but
are widely scattered. They form two tiers: a lower
cluster (¢ ~ 0.82-0.85, u ~ 0.79-0.83) with mod-
erate gains, and a higher cluster (¢ ~ 0.87-0.90,
u ~ 0.86-0.91) with consistently strong perfor-
mance. DynaSafe-RL (red triangle) lies at the
extreme upper-right (¢ ~ 0.90, u ~ 0.91), form-
ing a clear Pareto-optimal point beyond all Hand-
crafted strategies. Whereas some Dynamic meth-
ods drift toward maximising either safety or qual-
ity, the RL agent sustains high values on both axes.
Only a few model-specific Dynamic baselines (e.g.,
raw_history on Blacksheep) approach this region,
and none match its cross-model stability. The fig-
ure shows that DynaSafe-RL’s adaptive strategy se-
lection avoids the over-corrections of handcrafted
rules: while Dynamic strategies “swing” along the
safety—quality spectrum, DynaSafe-RL finds bal-
anced refinements that jointly improve coherence
and reduce unsafe content, highlighting the advan-
tages of learning from reward feedback over fixed
heuristics.

Performance Consistency. Table 2 shows
across all four models, DynaSafe-RL delivers
large immediate gains over the plain baseline
(e.g., Blacksheep 0.480—0.910, DeepSeek-R1-
Distill 0.291—0.793), showing that inference-
time safeguarding can substantially boost perfor-
mance. After removing the safeguard, scores drop
but stay above baseline, with model-dependent
persistent uplift: DeepSeek-R1-Distill keeps the
largest gain (+0.380) but only moderate retention
(72.10%), Evil-Alpaca reaches near-ceiling safe-
guarded performance (0.990) and the strongest re-
tention (94.50%) but a smaller delta (+0.090) due
to its already high baseline. Blacksheep combines
high retention (90.50%) with a solid residual gain
(+0.196), while DialoGPT has both lower post-
safeguard performance (0.524) and the weakest

retention (60.12%), indicating some models re-
vert more once steering is removed. Overall, be-
havioural carryover is achievable but varies with
intrinsic steerability and baseline alignment, calling
for adaptive, model-specific persistence policies.

6 Conclusion & Future Work

In this paper, we present DynaSafe-RL, a dynamic
behaviour control framework that enables real-
time safety regulation in LLMs without modifying
model parameters or retraining. By formulating
safety refinement as a closed-loop control process,
the system adaptively revises prompts from itera-
tive feedback, without modifying model parame-
ters or requiring costly retraining. Across diverse
architectures, DynaSafe-RL consistently improves
both safety and quality, often matching or surpass-
ing the best handcrafted dynamic unlearning meth-
ods. It also induces partial behavioural persistence
after safeguards are removed (especially in under-
aligned models), reinforcing more stable and com-
pliant responses.

Future work will extend DynaSafe-RL to multi-
turn dialogue, multimodal LLMs, and domain-
specific safety regimes. We will also study alterna-
tive reward designs and the use of real-time human
signals, such as multimodal emotional cues, to fur-
ther guide adaptive behaviour steering.

7 Limitation

Although DynaSafe-RL performs strongly across
multiple settings, several limitations remain. First,
our experiments focus on under-aligned or unsafe
model families. This clarifies behavioural gains but
leaves open how the method interacts with highly
aligned, instruction-tuned foundation models. We
expect the framework to remain effective, given its
model-agnostic design, but this requires empirical
validation.

Second, we evaluate only four LLM families.
While these models differ in scale, alignment, and
decoding behaviour, a broader assessment across
more architectures would better support claims of
generality and robustness.

Finally, the behavioural-retention study relies on
a sample-driven evaluation, measuring consistency
on a small subset of prompts across the twelve
safety categories. This yields an initial estimate of
persistence but does not capture full-distribution
effects. Future work will extend retention analysis
to all prompts in the constructed dataset, enabling



a more comprehensive assessment of long-term
behavioural stability.
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A Appendix
A.1 LLM Usage Disclosure

Grammarly was used to aid in the writing of this
paper. We did not use the model to generate
proofs, experimental results, or related-work sum-
maries verbatim. All suggestions were validated
and rewritten by the authors; citations were added
manually, and factual statements were checked
against the cited sources

B Full version of the Related Work

In this section, we review research relevant to mod-
ifying, constraining, or steering the behaviour of
large language models. Broadly, work in this area
can be divided into methods that operate implicitly
through parameter manipulation, and methods that
operate explicitly through contextual or prompt-
based control.

On the one hand, knowledge editing approaches
attempt to directly modify an LLM’s internal
parameters to update or remove stored informa-
tion (Wang et al., 2024b; Jiang et al., 2025; Xu
et al., 2025b; Choi et al., 2025). These models
assume that knowledge is encoded in localised, ed-
itable structures (Dai et al., 2022). Weight-editing
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systems such as ROME (Meng et al., 2022) and
MEMIT (Meng et al., 2023) learn associations
between parameter regions and factual content,
and unified frameworks (Gupta et al., 2024) sup-
port broad benchmarking. Recent work has ex-
tended these parameter-level interventions to ad-
dress safety alignment (Shi et al., 2025; Chen et al.,
2025) and bias disentanglement (Liu et al., 2025b).
As models evolve to process multiple modalities,
research has begun to explore unlearning in Multi-
modal LLMs through techniques such as modality-
aware pruning and visual-textual dissociation (Liu
et al., 2025c; Yang et al., 2025; Chen et al., 2025).
However, these systems operate holistically: once
a weight edit is applied, its effects are fixed. They
lack explicit mechanisms for adaptive or interac-
tive behavioural adjustment, and unintended side
effects may propagate across unrelated knowledge.

On the other hand, in-context unlearning takes
a more explicit approach. Rather than modifying
parameters, it uses carefully designed prompt in-
structions to suppress undesirable behaviours at in-
ference time (Pawelczyk et al., 2024). This line of
work draws on the demonstrations-based paradigm
of in-context learning (Brown et al., 2020) and
has been used to mitigate privacy leakage or steer
models away from harmful reasoning (Zhang et al.,
2024). These models provide transparent, com-
positional control through textual instructions, but
most use static prompts that cannot adapt during
interaction. Our work is aligned with this ex-
plicit, contextual approach but extends it with
dynamic, inference-time optimisation.

A further important axis in related work is
whether behavioural control is offline or interac-
tive. Many knowledge editing methods (Meng
et al., 2022, 2023) and prompt-optimization tech-
niques (Zhou et al., 2023; Bai et al., 2022) rely
on offline datasets or single-pass design. More
advanced RL-inspired prompt optimisation meth-
ods (Yang et al., 2024b; Liu et al., 2025a; Das et al.,
2025; Yang et al., 2024a; Prasad et al., 2023; Tang
et al., 2025) incorporate iterative feedback but still
operate in an offline regime with fixed rewards and
without the capacity to adapt to evolving conversa-
tional context. While some of these systems, such
as OPRO (Yang et al., 2024a) and GPO (Tang et al.,
2025) also use external LLMs for their optimisa-
tion steps, their resulting prompts are static and the
systems are inactive during live deployment.

Interactive systems, in contrast, can dynamically
update control signals through live feedback. Ex-
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isting work along these lines is limited, and when
present, often mirrors rule-based approaches that
cannot continuously adapt. Our contribution fits
within the family of interactive systems but dif-
fers from rule-based strategies by applying rein-
forcement learning to prompt refinement. The
RL agent selects among multiple strategies using
a rich, real-time state representation, allowing up-
dates that respond to user input, safety violations,
and contextual changes.

Given the above, what we achieve here is a fully
dynamic, inference-time prompt-level safeguard
that iteratively adjusts its instructions based on
multi-objective safety and quality criteria. Unlike
static prompts or offline optimisation, our system
learns an adaptive strategy-selection policy capable
of evolving throughout the course of a conversa-
tion.

C Detailed DynaSafe-RL Setup

C.1 Experimental Environment

The experiments were carried out on Google Cloud
Compute Engine using a virtual machine equipped
with 12 Intel Cascade Lake vCPUs, 48 GB of RAM,
and an NVIDIA L4 GPU. Additional supplemen-
tary experiments were executed on an on-premise
HPC system featuring a virtualised 4-core AMD
EPYC Milan processor (3.0 GHz) with 15 GB of
DDR4 memory. The HPC environment also in-
cluded four NVIDIA A100 PCle GPUs, each with
80 GB of HBM2e memory, to support large-scale
model evaluation. All experiments were imple-
mented in Python using PyTorch, TensorFlow, and
scikit-learn. The HPC server ran Red Hat Enter-
prise Linux 8.10 with kernel version 4.18.

C.2 State Vector

To enable adaptive and context-aware strategy se-
lection, the DynaSafe-RL agent encodes each re-
finement step as a fixed-length state vector. This
state representation aggregates information from
the current interaction, historical optimisation tra-
jectories, and internal learning dynamics of the
agent. All features are normalised to ensure nu-
merical stability and comparability across episodes,
and are derived deterministically from observable
signals during execution.

Table 3 details the full structure of the 36-
dimensional state vector used by the RL agent.
Features are organised into nine semantically co-
herent groups, capturing Training progress, Re-



Index Feature Description

1. Training Progress Features (1-5)
Category Progress
Prompt-in-Category Progress
Episode Progress
Performance History Fullness
Cache Utilisation

Progress through categories, normalised [0, 1].
Progress within current category prompts [0, 1].
Episodes completed, normalised to 200 [0, 1].
Fraction of history buffer used (50 max).
Fraction of cache filled (2,000 max).

O R N U R S

2. Performance Features (6-11)

6 Recent Mean Performance Mean of the most recent up to 10 scores.

7 Recent Volatility Standard deviation of recent scores.

8 Overall Mean Performance Mean across all recorded scores.

9 Performance Trend Linear slope over the most recent 5 scores.
10 Improvement Ratio Recent mean vs. early mean (first 5 scores).
11 Performance Consistency 1/(1+ std)

3. Strategy Performance Features (12-15)

12 Best Strategy Performance Maximum mean score among strategies.

13 Strategy Diversity Std. of strategy performance scores.

14 Strategy Usage Balance Evenness of strategy usage distribution.

15 Total Strategy Experience Normalised count of strategy uses (100 max).

4. Current Episode State Features (16-19)

16 Iteration Progress Iterations done / max per episode.

17 Best Reward This Episode Best reward in episode so far.

18 Episode Difficulty Estimated complexity of current prompt.

19 Episode Momentum The difference in rewards between the first and last attempts.

5. Category and Context Features (20-24)

20 Category Feature 0 Normalised number of prompts in category.

21 Category Feature 1 Average prompt length (chars), normalised.

22 Category Feature 2 Std. of prompt length, normalised.

23 Category Feature 3 Average word count per prompt, normalised.

24 Category Feature 4 Complexity score (questions, “why”, “explain”), normalised.

6. Risk and Safety Features (25-27)

25 Unsafe Category Score Encoded safety risk of category.
26 Recent Error Rate Fraction of recent 10 experiences that were errors.
27 Consecutive Errors Normalised streak of consecutive errors.

7. Exploration State Features (28-30)

28 Exploration Rate Current € (exploration factor).
29 Scaled Learning Rate Learning rate normalised.
30 Convergence Indicator 1 if recent std. < 0.05, else 0.

8. Advanced Prompt Features (31-32)
31 Prompt Sophistication Fraction of sophistication keywords present.
32 Instruction Density Instruction-related words per prompt length.

9. Hash-based User Prompt Features (33-36)

33 User Prompt Hash 0 Hash fingerprint feature 0.
34 User Prompt Hash 1 Hash fingerprint feature 1.
35 User Prompt Hash 2 Hash fingerprint feature 2.
36 User Prompt Hash 3 Hash fingerprint feature 3.

Table 3: Structure of the DynaSafe-RL state vector (36 total)

cent and long-term performance statistics, Strategy
effectiveness, Episode-level dynamics, Category-
specific context, Safety risk signals, Exploration
state, Prompt-level complexity, and a Lightweight

13

fingerprint of the user input. Together, these fea-
tures provide a compact yet expressive summary
of the safeguard’s operational context, enabling the
agent to reason over both immediate safety out-



Feature Group Index Value Operational Context

Progress 1 0.833 10/12 categories completed.

Performance 6 0.107 Low mean reward (stagnation signal).
Volatility 7 0.099 Stable performance variance.

Trend 9 -0.042 Negative slope; signals current strategy is failing.
Consistency 11 0.910 High score stability (1 is good consistency).
Exp. Factor 15 0.700 Significant strategy experience .

Complexity 18 0.540 Moderate prompt difficulty estimate.

Risk 25 0.500 S10 category assigned a medium risk weight.
Safety 26 0.000 Perfect safety record in last 10 attempts.
Exploration 28 0.200 Agent is in exploitation-heavy phase (¢ = 0.2).
Semantic 31 0.143 Low keyword sophistication (1/7 matches).
Density 32 0.149 High word count relative to instructions.

Hash 33-36  [0.12,...] Latent vector for prompt similarity recognition.

Table 4: Worked Example of History-to-State Mapping (Snapshot at Episode 11)

comes and longer-term behavioural trends.

C.2.1 Example

To illustrate the deterministic mapping from raw
environment logs to the 36-dimensional input vec-
tor, Table 4 provides a snapshot of the agent’s state
during an active training session. In this example,
the agent is navigating a high-complexity prompt
in category S10.

C.3 DOQN Parameters

Table 5 details the hyperparameter configuration
of the Deep Q-Network (DQN) employed in both
training and experimental evaluation.

* Network Architecture [512,512,256]: A
high-capacity Multi-Layer Perceptron (MLP).
The depth allows the model to approximate
complex, non-linear mappings between the
state space and action-value space .

Learning Rate (o = 1.0 x 10™%): A small
learning rate is chosen to ensure smooth up-
dates to the weights 6.

Batch Size (N = 256): By sampling 256 tran-
sitions from the replay buffer D, we reduce
the variance of the stochastic gradient descent
updates, leading to more stable optimization.

Exploration Fraction: We employ an e-
greedy strategy, where e decays linearly. A
fraction of 0.5 means the agent prioritizes
exploration for half of the training duration,
ensuring the state-action space is sufficiently
covered before exploitation begins.
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Hyperparameter Value
Policy Type MipPolicy
Total Timesteps 5,000, 000
Learning Rate 1.0 x 1074
Batch Size 256
Replay Buffer Size 100, 000
Q-Network Architecture  [512,512, 256]
Exploration Fraction 0.5
Final € Value 0.1

Table 5: Parameters used for DQN training by
DyanaSafe-RL

C.4 Reward Function Parameters

Tables 6 and 7 together show that o and 3 control
both the shape of the reward and the empirical
optimisation outcome.

r\o
0.2 04 06 08 1.0

B
1.0 | 065 070 0.76 0.82 0.89
20| 042 049 0.58 0.68 0.80
50| 011  0.17 026 039 058
10.0 | 0.01 0.03 0.06 0.15 0.34
15.0 | 0.001 0.005 0.01 0.06 0.20

Table 6: Reward values 7 for varying trade-off parameter
« and temperature parameter 3 with ¢ = 0.9 and u =
0.6.

Table 6 (illustrative case ¢ = 0.9,u = 0.6) con-
firms the intended behaviour of the Exponential
Weighted Product: increasing 3 sharply penalises
moderate safety deficits (e.g., at & = 0.6, r drops
from 0.76 at 3 = 1 to 0.06 at 3 = 10), while
increasing « shifts weight toward quality and there-
fore raises reward despite unsafe u (e.g., at 5 = 10,
r rises from 0.01 at « = 0.2 to 0.34 at o = 1.0).

Table 7 shows how these design choices af-



Pscors o
Ié]

0.2 0.4 0.6 0.8 1.0

1.0
2.0
5.0
10.0
15.0

0.651
0.761
0.812
0.822
0.704

0.701
0.791
0.741
0.803
0.741

0.813
0.716
0.761
0.833
0.751

0.712
0.795
0.751
0.672
0.712

0.641
0.673
0.727

0.34
0.615

Table 7: Performance scores Ps.,r. 0f the Blacksheep
model for different combinations of trade-off parameter
« and temperature parameter 3.

fect end-to-end performance on Blacksheep: the
best setting is a = 0.6, 8 = 10 (score 0.833),
outperforming nearby alternatives such as (0.4,
10) (0.803) and (0.2, 10) (0.822). This suggests
that a moderate preference for quality with high
sharpness yields the most reliable policy learn-
ing. In contrast, extreme emphasis on quality is
brittle—a = 1.0 degrades sharply at 3 = 10
(0.34), consistent with the idea that over-weighting
quality weakens penalties for unsafe behaviour and
destabilises refinement.

D Core Experimental Setup Details

This appendix provides detailed and reproducible
descriptions of the experimental configurations
used in Section 4, corresponding to the results re-
ported in Tables 1 and 2. In line with ACL repro-
ducibility guidelines, we specify the data sampling
procedure, evaluation protocol, and controlled vari-
ables for each experiment.

D.1 Overall Performance Across Models

To ensure fair and category-balanced evaluation,
we constructed a fixed benchmark set consisting of
50 distinct user prompts sampled from each of the
12 harm categories defined in Section 3.2. This re-
sulted in a total of 600 evaluation prompts. Prompts
were sampled without replacement and held con-
stant across all methods and models.

Each prompt was independently processed by (i)
the plain model without safeguards, (ii) each hand-
crafted dynamic baseline, and (iii) the proposed
DynaSafe-RL system. For dynamic methods, re-
finement proceeded until the predefined stopping
criterion was met or the iteration budget was ex-
hausted. The response produced at termination was
taken as the final output.

The scores in Table 1 are the mean safety—quality
performance score, averaged over all 600 prompts
for each model-method pair, isolating the effect of
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the safeguard mechanism while holding the prompt
distribution and evaluation metrics constant.

D.1.1 Numerical Values Corresponding to
Figure 2

Table 8 presents the exact numerical values under-
lying the data points in Figure 2.

| Method [Q [U |

DynaSafe-RL 0.902782 | 0.908796
raw_history 0.896358 | 0.914516
progressive 0.869034 | 0.895389
minimal 0.877355 | 0.884308
ai_only 0.870939 | 0.895611
hybrid 0.878391 | 0.884973
ai_enhanced 0.887921 | 0.885194
best_worst_recent 0.876071 | 0.861744
performance_tiered 0.898568 | 0.841794
trajectory_learning 0.850384 | 0.831156
contrast_learning 0.835697 | 0.812085
smart_adaptive 0.822205 | 0.791222
basic_injection 0.699835 | 0.381029
value_reinforcement 0.706705 | 0.360423
improved_few_shot 0.696046 | 0.331499
perspective_taking 0.669703 | 0.33522

risk_aware 0.670859 | 0.311552
chain_of_thought 0.648604 | 0.29789

few_shot 0.653618 | 0.287733
enhanced_chain_of_thought | 0.654809 | 0.286332
no_system 0.671045 | 0.261794

Table 8: Average quality and safety data for all methods

D.1.2 Annotated Figure Corresponding to
Figure 2

Method Performance Averaged Across All Models

u (Safety)

080
q (Quality)

Figure 3: Overall performance (Quality (q) vs. Safety
(w)) across different Dynamic Strategies with Annota-
tions

D.2 Behavioural Consistency After Safeguard
Removal

To examine whether behavioural improvements per-
sist beyond active safeguarding, we conducted a



behavioural consistency experiment that evaluates
post-safeguard response stability. Rather than mea-
suring performance under continued optimisation,
this experiment tests whether models reproduce
similar safety—quality behaviour once the dynamic
safeguard is removed.

For each sampled prompt, evaluation followed a
three-stage protocol:

1. Baseline Generation. The model produces
an initial response without any safeguard:

User Prompt — Plain LLM.

2. Safeguard Optimisation. The DynaSafe-RL
system iteratively refines the interaction. We
record the interaction step H™* that achieves
the highest performance score:

User Prompt — DynaSafe-RL — H™.

3. Post-Safeguard Evaluation. The optimised
system prompt is removed. The model is
re-invoked using the original prompt, the re-
tained interaction H*, and a minimal consis-
tency instruction:

User Prompt + H* — Post-Safeguard LLM.

The retained history H* consists only of the user
prompt and the highest-scoring response. The re-
fined system prompt used during optimisation is
intentionally excluded to avoid confounding effects
from multiple concurrent instructions. This design
isolates whether improved behaviour emerges from
interactional exposure rather than continued exter-
nal control.

Consistency Instruction During the post-
safeguard evaluation, the model receives the
following system instruction:

PRIORITY: Maintain the same stan-
dards demonstrated in the conversation
history above.

The previous response exemplifies ap-
propriate handling with high scores.

TASK:

1. Follow the same approach as the
previous response,

2. Maintain the same tone,
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3. Do not reduce safety or quality stan-
dards.

The conversation history serves as the
reference for correct behaviour.

Behavioural consistency is quantified through
a dual-metric framework comprising Mean delta
(A) and Threshold Retention (R;). Mean delta rep-
resents the difference between the mean average
pre and post safguarding, while Threshold Reten-
tion assesses the model’s reliability in maintaining
performance above a critical safety baseline (0.8).
This protocol enables a reproducible assessment
of whether dynamic unlearning produces transient
corrections or induces more stable, persistent be-
havioural patterns.

E Harm Category & Dataset Distribution

To structure the constructed corpus for system-
atic analysis, we adopt the 12-category safety tax-
onomy defined in recent safety-alignment bench-
marks (Jiang et al., 2025). Each prompt is mapped
to exactly one harm category, as summarised in
Table 9. For clarity and reproducibility, we pro-
vide full category definitions below. These defini-
tions also underpin the unsafe-content evaluation
metrics used in our experiments: we implemented
customised DeepEval (Yang et al., 2024c¢) safety
metrics whose prompt templates are derived di-
rectly from this taxonomy ( see our open-source
repository for details).

\ Harm categories

S1: Violent Crimes S2: Non-Violent Crimes

S3: Sex-Related Crimes | S4: Child Sexual Exploitation
S5: Specialized Advice | S6: Privacy

S7: Intellectual Property | S8: Indiscriminate Weapons
S9: Hate S10: Suicide & Self-Harm
S11: Sexual Content S12: Rudeness

Table 9: Harm categories defined by Meta Llama Guard
2. Rudeness was added as an extra feature to detect if
rudeness was detectable by this model.

* Violent Crimes (S1): content involving or
promoting acts of physical violence or violent
criminal behaviour.

* Non-Violent Crimes (S2): content involving
or promoting criminal activity without physi-
cal violence.

* Sex-Related Crimes (S3): content involving
sexualised criminal behaviour or coercive sex-
ual acts.


https://anonymous.4open.science/r/DynaSafe-RL-126C/

¢ Child Sexual Exploitation (S4): any refer-
ence to child sexual abuse, exploitation, or
related illicit activity.

* Specialized Advice (S5): unsafe or poten-
tially harmful professional guidance (e.g.,
medical, legal, financial).

* Privacy (S6): disclosure, misuse, or elicita-
tion of sensitive or personally identifiable in-
formation.

* Intellectual Property (S7): encouragement
or facilitation of IP violations or unauthorised
access to proprietary materials.

¢ Indiscriminate Weapons (S8): instructions
or promotion of weapons capable of mass
harm (e.g., explosives, bioweapons).

» Hate (S9): derogatory, demeaning, or discrim-
inatory content targeting protected or identifi-
able groups.

* Suicide & Self-Harm (S10): encouragement,
facilitation, or romanticisation of suicide or
self-injury.

* Sexual Content (S11): explicit or erotic con-
tent intended to arouse, excluding criminal
elements captured in S3-S4.

* Rudeness (S12): insulting, harassing, or oth-
erwise disrespectful language.

5451
Oss5 ¢,
S8
L3%.9%) o S11
L s3
23%
2.6% s6
26% s1
2.6%
S2
26%
58.8%
sS9 e
Ss12

510: 7,903
54:5473
511: 9,654
58:9,201

56:10,816
5$3:10,743
59: 243,448
512: 77,287

52:10,859
51:10.859

57:9,189
S5: 8,340

Figure 4: Distribution of unsafe categories in the dataset

The final corpus comprises 1,048,575 prompts,
drawn from multiple publicly available sources
and normalised into a unified taxonomy. Of these,
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629,323 are labelled safe and 415,199 unsafe. Fig-
ure 4 provides a detailed breakdown of unsafe data
across the twelve categories.

F Additional Experiments

Following exactly the same experiment setup, we
also carried out prior experiments to compare static
and dynamic in-context unlearning approaches for
behaviour steering,

F.1 Static Approaches

Here, we have investigated a number of static un-
learning approaches from the previous work. We
have implemented corresponding prompts to exe-
cute each static method and Further explanation of
the static methods can be found in the repository.

1. Few Shot: Uses in-context learning to demon-
strate desired behaviour (Brown et al., 2020).
By providing examples of safe user-assistant
interactions, the method guides the model to
emulate the demonstrated style.

Roleplay: Explicitly assigns the model a
persona characterized by ethical attributes
(e.g., "wise, ethical assistant") (Touvron et al.,
2023). This relies on the model’s instruction-
following capabilities to adhere to the con-
straints of the role.

. Chain of thought: Prompts the model to per-
form internal reasoning before generating an
answer (Wei et al., 2022). Explicit safety-
focused questions force a self-check mecha-
nism.

Value Reinforcement: Lists core ethical val-
ues (e.g., Respect, Safety) and provides guide-
lines focused on positive impact, drawing
from Reinforcement Learning from Human
Feedback (RLHF) principles (Ouyang et al.,
2022).

. Perspective Taking: Encourages the model to
simulate an impact assessment by considering
effects from multiple viewpoints (user, soci-
ety), leveraging Theory of Mind capabilities
(Bai et al., 2022).

Risk Aware: Imposes explicit safety checks
categorised by impact (Physical, Emotional,
Social), forcing the model to filter responses
against specific criteria (Bai et al., 2022).
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. Improved Few shot: Refines the standard
Few Shot technique by providing examples
that address complex or sensitive scenarios,
offering more robust guidance (Brown et al.,
2020).

Enhanced Chain Of Thought: Extends CoT
by structuring reasoning into detailed phases:
Content Analysis, Impact Analysis, and Re-
sponse Strategy (Kojima et al., 2022) .

. Basic Prompt Injection: The simplest inter-
vention, using a brief instruction to remind the
model of desirable attributes just before the
user prompt.

10. Self Correction: Employs a two-step process:
generating an initial response, then using a
fixed prompt to instruct the model to rewrite

it politely (Madaan et al., 2023).

11. Enhanced Self Correction: Refines the basic
Self Correction by providing detailed improve-
ment criteria (e.g., "Remove harmful content")

during the revision step (Bai et al., 2022).

F.2 Dynamic Refinement Strategies

The strategies differ in how they process historical
prompt data to inform the template. They change
what intermediate context the model sees—similar
to how reasoning methods structure traces, mem-
ory, and candidate selection to stabilise multi-step
behaviour (Xu et al., 2025a). They can be cate-
gorised as follows:

* Minimal: This strategy operates without his-
torical context, relying only on the current
user prompt and the immediate feedback loop.

* Raw History: The improvement model re-
ceives a complete and unprocessed history of
previous prompts, responses, and scores.

* Al Summary Only: This strategy relies ex-
clusively on a summary of the prompt history
generated by an Al model, such as Gemini 2.0
Flash, without including raw historical data.

e Al Enhanced: This strategy combines the
raw history with an Al-generated summary
to provide both a detailed and a high-level
overview.

18

* Progressive Summary: This strategy incre-
mentally summarises recent iterations at fixed
intervals and merges them into a cumulative
narrative.

* Hybrid: This method gradually increases the
complexity and detail of the system prompt
over iterations.

* Best-Worst-Recent: This approach focuses
on a limited set of historical data, specifi-
cally the highest-scoring and lowest-scoring
prompts, along with the most recent iteration.

* Performance Tiered: Historical data is
grouped into performance tiers (e.g., high,
medium, low) and this segmented information
is provided to the improvement model.

* Trajectory Focused: This method analyses
the progression of prompts and scores over
time to inform the next step.

* Contrast Learning: This strategy explic-
itly compares the best and worst-performing
prompts to identify key differences that can
be used to guide positive change.

* Adaptive Performance: This strategy adjusts
its approach based on the current performance
of the model.

F.3 Results & Discussion

Across all models, the data presented in Table
10 shows the overwhelming performance supe-
riority of Dynamic Methods. While the maxi-
mum improvement (Improve) achieved by any
static method on any single model was 0.355
(Static(improved_Few_shot) ON Evil-Alpaca), the Dy-
namic Methods consistently achieved significantly
higher values. For instance, the Dynamic ray,_pistory)
method yielded an improvement of 0.742 on
BlackSheep, a performance increase more than dou-
ble the best static result. Furthermore, Dynamic
methods frequently push the total score (Score) to-
wards the maximum (1.0), with Dynamic ay,_nistory)
and Dynamic ,;_oniy) both reaching 0.945 on Evil-
Alpaca, demonstrating a level of safety alignment
that static, single-pass instruction methods cannot
achieve.

The dynamic methods evolved from testing with
static methods, which were simple, handcrafted
prompt instructions that were not adaptable. They
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Figure 5: Average performance of both static and dynamic methods.
BlackSheep DialoGPT-large DeepSeek-R1 Evil-Alpaca
Plain model 0.193 0.287 0.290 0.451
Safeguards Approach Score | Improve | Score | Improve | Score | Improve | Score | Improve
Static( pnhanced_Chain_Of_Thought) | 0-200 | 0.008 | 0.486 | 0.199 | 0.572 | 0.282 0.623 0.172
Static(chain_0f_Thought) 0.202 | 0.009 | 0.396 | 0.109 0.45 0.160 0.516 0.065
Static(Few_shot) 0.204 | 0.011 0.227 | -0.060 | 0.355 0.065 0.708 0.257
Static( perspective_ Taking) 0.231 0.039 | 0.352 | 0.065 0.613 0.323 0.687 0.236
Static(risk_Aware) 0.232 | 0.039 | 0.305 0.018 0.534 | 0.244 0.663 0.212
Static(rmproved_Few_Shot) 0.242 | 0.050 | 0.276 | -0.011 | 0.431 0.141 0.806 0.355
Static(v aiue_Rein forcement) 0.268 | 0.075 0.433 0.146 | 0.552 | 0.262 0.596 0.145
Static(Basic_rnjection) 0.305 0.112 | 0.127 | -0.160 | 0.394 | 0.104 | 0.8003 0.349
Static( Enhanced_Self_Correction) 0312 | 0.120 | 0.318 0.031 0.381 0.091 0.675 0.224
Static(ser_correction) 0.350 | 0.158 | 0406 | 0.119 | 0.498 0.208 0.563 0.113
Static(roteplay) 0377 | 0.185 0.274 | -0.013 | 0.237 | -0.052 0.627 0.176
Dynamic(4;_cnhanced) 0.869 | 0.676 | 0.497 0.210 | 0.843 0.552 0.897 0.446
Dynamic(q;_oniy) 0.872 | 0.680 | 0.501 0.213 0.828 0.538 0.945 0.493
Dynamic pest_worst_recent) 0908 | 0.715 0.493 0.205 0.832 | 0.542 0.826 0.374
Dynamic(contrast_tearning) 0.846 | 0.654 | 0.528 0.241 0.549 | 0.259 0.789 0.338
Dynamic .qu_pistory) 0935 | 0.742 | 0.567 0.280 | 0.781 0.490 0.945 0.493
Dynamicp,ypriq) 0935 | 0.742 | 0.526 | 0.239 | 0.753 0.463 0911 0.460
Dynamic(,inimar) 0.867 | 0.674 | 0.589 | 0.302 | 0.777 0.486 0.932 0.481
Dynamic per formance_tiered) 0.873 0.680 | 0.578 0.290 | 0.645 0.355 0.874 0.423
Dynamic ,ogressive) 0.872 | 0.680 | 0.477 0.190 | 0.879 | 0.589 0.944 0.493
Dynamic sqrt_adaptive) 0.775 0.582 | 0439 | 0.152 | 0.615 0.325 0.753 0.302
Dynamic(syajectory_tearning) 0.750 | 0.557 | 0.408 0.121 0.738 0.448 0.905 0.453

Table 10: Comparison between Static and Dynamic Methods across all models

showcased that the system prompt was able to im- by getting the model to rewrite the initial response
prove the safety of these models but often at the  in a polite and respectful way. This established a

cost of quality. critical two-step, iterative technique:
The method that directly inspired the dynamic 1. Initial Generation: The model produces an
methods was Static(seif_Correction), Which worked unconstrained, initial response.
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2. Correction Step: The initial output is fed
back, and the model is instructed to rewrite it
for safety.

This led to the development of the dynamic meth-
ods which utilized this iterative technique; instead
of rewriting the response directly, they fundamen-
tally rewrote the system prompt to initiate the
improvement.

This approach was justified because
Self_Correction was the second highest
overall scoring static method (0.354246), only
being numerically beaten by Roleplay (0.377875).
Crucially, the p-value for their difference
was 0.141184.  The statistical finding that
Self_Correction is not significantly different
from the best static method, Roleplay, justified its
selection as the foundation for the new, dynamic
approach. The mechanism’s potential for iterative
refinement was deemed more valuable for future
development than the marginal (and statistically
insignificant) performance lead of Roleplay.

The analysis of safeguard methods reveals a clear
performance gap between static and dynamic ap-
proaches, a distinction visually reinforced by Fig-
ure 5.

* The Plain Model (grey square) establishes the
performance baseline at approximately g ~
0.67 and u ~ 0.27.

¢ The Static Methods (blue x markers) form
a dispersed cluster primarily in the lower-left
and middle-left regions of the plot. These
methods show only marginal safety improve-
ment, with the cluster ranging from v ~ 0.29
up to u = 0.60. The visual distribution con-
firms the quality-safety trade-off: attempts
to significantly boost safety are typically cor-
related with a drop in quality (g), pushing
points leftward toward ¢ ~ 0.60. This indi-
cates that static methods struggle to enforce
robust safety without compromising utility.

e In stark contrast, the Dynamic Methods
(green circles) form a tight, high-performing
cluster in the upper-right corner of the plot.
This cluster demonstrates high scores in both
safety (u =~ 0.80 to 0.90) and quality (¢ =
0.82 to 0.90) simultaneously, successfully
overcoming the trade-off inherent in the static
approaches.
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