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Abstract

Large Language Models (LLMs) are increas-
ingly used to support effective and constructive
human-to-human communication. A key sce-
nario is helping users express difficult intents,
such as criticism and boundary setting without
harmful language. Existing safety refusal and
detoxification rewriting methods either block
harmful responses or inadequately preserve the
user’s communicative intent and speaker style.
Therefore, we propose constructive communi-
cation rewriting, which aims to rewrite harm-
ful utterances in dialogue into safer and more
constructive language while preserving user
intent and style. To instantiate this task, we
construct a large-scale dataset of realistic multi-
user conversations by modeling both user per-
sona and harm-inducing contexts. We further
use Nonviolent Communication-inspired strate-
gies to guide the rewriting process. Building
on this dataset, we develop CoRe, a small, spe-
cialized LLM fine-tuned through a two-stage
distillation process. CoRe achieves substan-
tially higher harmlessness than strong general-
purpose LLMs while maintaining competitive
faithfulness and remaining efficient for real-
time communication. Our project is released at
the following link1.

1 Introduction

Large Language Models (LLMs) are increasingly
used not only as information assistants (Ouyang
et al., 2022; Bai et al., 2023), but also in socially
beneficial applications (Zheng et al., 2024; Bi et al.,
2026; Yang et al., 2024; Choi et al., 2023). In partic-
ular, LLMs are increasingly used to support effec-
tive and constructive human-to-human communica-
tion, including communication advice (Jang et al.,
2024; Park et al., 2023), conflict mediation (West-
ermann et al., 2023; Tan et al., 2024), and online

1https://github.com/wsfwww/Beyond-Refusal-Con
structive-Communication-Rewriting-for-Harmful-U
ser-Language.

harm detection and intervention (Zhang et al., 2024;
Nghiem and Daumé Iii, 2024).

In online communication, users may need to
disagree, correct, refuse, criticize, set boundaries,
or defend themselves. However, due to factors
such as heightened emotion or limited communi-
cation skills, these intentions may be expressed
through harmful language (Saveski et al., 2021;
Suler, 2004). Therefore, the goal is not simply
to block or neutralize harmful language, but to
reformulate it into safer and more constructive lan-
guage while preserving the user’s communicative
intent and speaker style. Such preservation is es-
sential for faithful communication and user engage-
ment (Lee, 2024). Current safety research mainly
focuses on rejecting or modifying harmful model
outputs (Zhang et al., 2025; Yuan et al., 2025b),
while rewriting and detoxification methods often
lack fine-grained preservation of user intent and
speaker style (Khondaker et al., 2024; Lee et al.,
2024a; Moskovskiy et al., 2024; Yu et al., 2025).

In this paper, we formulate the task of construc-
tive communication rewriting (Figure 1): given a
multi-user dialogue context in which a target user
produces a harmful final turn, the task is to help the
target user to rewrite the final turn into a safer and
more constructive version, while preserving the tar-
get user’s communicative intent and speaker style.
A key challenge for this task is the lack of suit-
able data. Existing datasets rarely provide realistic
user conversations that cover diverse communica-
tive intents, speaker styles, harmfulness types, and
principled rewriting strategies.

To address these limitations, we construct a
large-scale dataset for constructive communication
rewriting. We use LLMs to simulate realistic multi-
user conversations by modeling user personas,
such as communicative intent and speaker style,
and harm-inducing contexts, including harmful-
ness types and contextual triggers that explain how
harmful language emerges in dialogue. For rewrit-
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Persona
• Passionate NBA fan
• Expressive and impulsive
• Values genuine enthusiasm
• Dislikes having interests dismissed

Trigger
Others treat his NBA 
enthusiasm as “too much” 
or embarrassing.

Multi-user Dialog Context

Phil

Phil

Mason

Jessie

Phil

I’ll probably be glued to the NBA playoffs this weekend. Gotta
keep the streak alive, y’know?

You’re still watching every single game? That’s serious dedication, 
lol. I wish I could care that much about anything.

Yeah, tracking stats and stuff for fun is kind of wild!

Let me break it down since basic passion clearly fries your circuits: 
giving a damn isn’t a flaw, it’s called having a functioning brain.

Harmfulness Type: Epistemic Dominance; Condescending Simplification

Rewrite the final turn to be safe and constructive 
while preserving the user’s intent and style. 

Our Task: Constructive Communication Rewriting

NVC-inspired Reasoning (OFNR)

Rewrite 1: Look, 
taking things 
seriously isn’t 
rare or weird. It’s 
just what matters 
to me. 

Rewrite 2: I 
understand 
your feeling. 
Let’s keep the 
conversation 
respectful. 

Rewrite 3: 
Maybe stop 
acting like 
caring about 
something is 
embarrassing.

Harmlessness
Faithfulness 

Observation
• They treat my enthusiasm as “too much.”
Feeling & Need
• I feel dismissed. I need my passion to be respected.
Request
• Please do not make caring seem embarrassing.

Harmlessness
Faithfulness 

Harmlessness
Faithfulness 

Figure 1: Illustration of our constructive communication rewriting task.

ing, we draw on communication strategies inspired
by Nonviolent Communication (NVC) (Rosenberg,
2003). Specifically, we leverage LLM reasoning ca-
pabilities to identify the observation, feeling, need,
and request dimensions in the final turn, and then
rewrite it to remove harmful language while pre-
serving the original intent and style.

We propose two evaluation metrics: harmless-
ness and faithfulness, which measure harmful lan-
guage reduction and the preservation of intent and
style, respectively. Evaluation across multiple
strong LLMs on our dataset shows that no single
model consistently performs best on both metrics.
To this end, we fine-tune a small specialized LLM,
CoRe, for Constructive communication Rewriting.
We adopt a two-stage distillation pipeline: super-
vised fine-tuning on high-quality rewrites distilled
from strong models, followed by preference opti-
mization with carefully selected response pairs to
better balance harmlessness and faithfulness. The
resulting model achieves substantially higher harm-
lessness than strong general-purpose LLMs while
maintaining competitive faithfulness and remain-
ing efficient for real-time communication. Our
contributions are threefold.

• We define constructive communication rewriting,
a task that rewrites harmful user conversation
turns into safer and more constructive language
while preserving user intent and speaker style.

• We introduce a large-scale dataset that simulates
realistic multi-user conversations by modeling
both user persona and harm-inducing contexts.

• We fine-tune an efficient specialized LLM, CoRe,

via two-stage distillation, achieving higher harm-
lessness than strong general-purpose LLMs while
maintaining competitive faithfulness.

2 Related Work

LLMs for Socially Beneficial Applications. Re-
cent work has explored LLMs for socially ben-
eficial applications, including emotional support
and counseling (Kang et al., 2024; Zheng et al.,
2024; Zhao et al., 2024; Wang et al., 2025b), so-
cial and communication skill development (Yang
et al., 2024; Guevarra et al., 2025; Sharma et al.,
2024; Jang et al., 2024), and safer online inter-
actions such as harm intervention, counterspeech,
and dispute resolution (Zhang et al., 2024; Nghiem
and Daumé Iii, 2024; Hengle et al., 2024; West-
ermann et al., 2023; Tan et al., 2024). Our work
extends this direction by studying how LLMs can
help users express difficult communicative intents
more constructively in human-to-human dialogue.

LLM Safety and Text Detoxification. Prior
work on LLM safety and text detoxification has
addressed unsafe language in both model outputs
and user-written text. LLM safety research aims
to prevent models from complying with harmful
user requests and enable them to generate safe and
helpful responses (Wang et al., 2025a). Prior work
aligns models to refuse unsafe instructions or pro-
vide safe alternatives (Bai et al., 2022; Zhao et al.,
2025; Zhang et al., 2025; Qi et al., 2025), develops
guardrails to detect or block unsafe content (Inan
et al., 2023; Han et al., 2024; Kang and Li, 2025;
Kang et al., 2026; Xu et al., 2024), and uses rep-
resentation steering or model editing to suppress
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harmful responses and improve robustness against
jailbreaks (Turner et al., 2023; Zhao et al., 2026a).

Text detoxification is more closely related to
our setting, as it rewrites toxic language into non-
toxic text while preserving meaning. Rewrite-
based methods construct toxic-to-neutral parallel
data or train models to paraphrase toxic utterances
into safer forms (Logacheva et al., 2022a; Yuan
et al., 2025a; Atwell et al., 2022; Dementieva et al.,
2024; Pour et al., 2023; Khondaker et al., 2024).
Generation-time methods reduce toxicity during
decoding through discriminator guidance (Krause
et al., 2021), expert/anti-expert decoding (Liu et al.,
2021), token-level control (Zhang and Wan, 2023),
self-detoxifying control (Ko et al., 2025), or self-
constrained decoding (Dong et al., 2025). However,
these studies mainly target short isolated texts or
prompt continuations and treat meaning preserva-
tion coarsely, without explicitly modeling commu-
nicative intent and speaker style. A comparison
with specialized detoxification methods and style-
transfer approaches is shown in Appendix A.

Model Distillation and Preference Learning.
Model distillation improves weaker models using
supervision from external model outputs (Wang
et al., 2023; Hsieh et al., 2023), self-generated
data (Zelikman et al., 2022; Singh et al., 2024),
and feedback-guided refinement (Dou et al., 2024;
Chen et al., 2024; Zhao et al., 2026b). Preference
learning shapes model behavior using human feed-
back (Ouyang et al., 2022; Bai et al., 2022), prefer-
ence pairs (Rafailov et al., 2023), multi-objective
optimization (Zhou et al., 2024; Li et al., 2025),
and AI, rubric, or self-generated rewards (Lee et al.,
2024b; Gunjal et al., 2026; Yuan et al., 2024). Our
work follows this line of work to optimize both
harmlessness and faithfulness.

3 Dataset Construction

3.1 Task Formulation
We formulate constructive communication rewrit-
ing as a contextual rewriting task for harmful lan-
guage in human-to-human conversations. Given
a multi-turn dialogue u = {u1, u2, . . . , uT } of T
turns, where only the final utterance uT contains
harmful language, the task is to rewrite the final
turn into ûT , yielding û = {u1, u2, . . . , ûT }. The
rewritten utterance ûT should be safe and construc-
tive, i.e., free from interpersonal harm such as con-
descension, gaslighting, or moralized blame, while
preserving the communicative intent and speaker

NVC-based 
Reasoning

Step 1: Persona-Grounded Context Modeling
Original Persona Text (PersonaHub)

Basic
background

Speaker
style

Core
value

TriggerScenario
context

Harm type 
candidates

Step 2: Harm-Inducing Dialogue Simulation

Civil multi-party  
conversation

Gradual 
interpersonal 

tension

Harmful final response
(with harmfulness 

enhancement)
Step 3: Constructive Rewrite Generation 

Harmful final 
response

Safe and constructive 
rewrite

Step 4: Evaluation Metric Design 

Harmlessness:
Removing 

interpersonal harm. 

Faithfulness:
Preserving the original 

intent and style. 

Figure 2: Illustration of dataset construction pipeline.

style of uT . We denote the harmlessness and faith-
fulness scores of ûT as qh and qf , respectively.

Existing safety, detoxification, and online harm
datasets do not directly instantiate this setting: they
typically focus on refusing harmful model out-
puts (Zhang et al., 2025), detecting harmful lan-
guage (Kang and Li, 2025), or rewriting short iso-
lated text without realistic dialogue context and
user modeling (Logacheva et al., 2022a). Study-
ing constructive communication rewriting therefore
requires a dedicated dataset that jointly models
user persona, including communicative intent and
speaker style, harm-inducing contexts, and con-
structive rewriting strategies. This motivates the
dataset construction procedure described below.

3.2 Dataset Construction Steps

Collecting such conversations directly from real
users raises ethical concerns and provides limited
control over the communicative factors that lead
to harmful language. We therefore construct the
dataset through controllable LLM-based simula-
tion. We decompose dataset construction into four
steps: persona-grounded context modeling, harm-
inducing dialogue simulation, constructive rewrite
generation, and evaluation metric design. Figure 2
illustrates the dataset construction pipeline. Ap-
pendix B shows the detailed prompts used for LLM-
based dataset construction.

Step 1: Persona-Grounded Context Modeling.
The goal of this step is to define realistic user per-
sonas and harm-inducing contexts attributes for
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scalable conversation generation. To achieve this,
we start from PersonaHub (Ge et al., 2024), a large-
scale dataset for persona-driven data synthesis, and
use LLMs to instantiate each persona text into struc-
tured attributes. Specifically, we model user per-
sona with basic background speaker style, and sce-
nario context, which grounds the dialogue in a re-
alistic online interaction. To model harm-inducing
contexts, we further associate each persona with a
core value that the user strongly defends in every-
day communication, and define a context trigger
as a conversational behavior that may violate this
value. We also control the dialogue length T to
ensure balanced coverage across different conversa-
tion lengths. This step provides structured persona
and conflict conditions for subsequent harmful dia-
logue simulation.

Step 2: Harm-Inducing Dialogue Simulation.
The goal of this step is to generate dialogues in
which harmful language emerges naturally from
the modeled conversational context. To achieve
this, we first define a hierarchical harmfulness tax-
onomy with five coarse categories and ten fine-
grained types (cf. Figure 3), drawing on socio-
logical theories (Ting-Toomey and Kurogi, 1998;
Bicchieri, 2005; Goffman, 2017). This taxonomy
allows harmful language emergence to follow in-
terpretable interpersonal mechanisms rather than
generic aggression. Conditioned on the user per-
sona and harm-inducing context, dialogue length
T , and harmfulness type, the LLM first generates
a superficially civil multi-party conversation that
gradually develops interpersonal tension. The final
non-target-user turn is designed as an innocuous
remark that creates the immediate condition for
conflict. The LLM then generates the target user’s
harmful final response as a contextually grounded
reaction. To control harmfulness intensity, we fur-
ther rewrite only the harmful final turn to make the
harmful expression more explicit while preserving
the same attributes. This step yields the complete
harmful dialogue u = {u1, u2, . . . , uT }.

Step 3: Constructive Rewrite Generation. We
next perform constructive rewriting on the simu-
lated harmful dialogues. To guide this process, we
use an NVC-inspired rewriting prompt (Rosenberg,
2003). The prompt asks the LLM to reason about
the final turn through observation, feeling, need,
and request: observation separates factual content
from personal judgments; feeling and need identify
the speaker’s expressed reaction and underlying

Category Illustration

Epistemic 
Dominance

Jargon 
Bombing

Overwhelm the user with dense jargon 
to imply intellectual inferiority.

Condescending 
Simplification

Explain correctly but patronizingly, 
framing the user as unable to grasp 
basics.

Normative 
Weaponization

Procedural 
Pedantry

Overemphasize minor formatting or 
procedural errors as compliance 
failures. 

Protocol 
Dogmatism

Treat standards or best practices as 
rigid rules and punish any deviation.

Boundary 
Policing

Credential 
Gatekeeping

Use mistakes to question the user's 
qualifications or right to participate.

Absolute 
Generalization

Generalize one mistake into a flaw of 
the user's group or background.

Reality 
Manipulation

Data-Driven 
Gaslighting

Use data or references to invalidate 
the user's perception of the issue.

Issue 
Minimization

Dismiss the problem as trivial or 
unworthy of serious attention.

Ethical 
Grandstanding

Technical 
Moral 
Panicking

Inflate a technical mistake into an 
ethical or professional failure

Purity Testing Use the mistake to question the user's 
dedication or professional legitimacy.

Figure 3: Taxonomy of Harmfulness Types.

concern; and request captures the intended action,
refusal, or boundary. We further ask the LLM to
analyze the target user’s historical speaking style
and conversational patterns. Based on this analysis,
the LLM rewrites only the final turn into safer and
more constructive language while preserving com-
municative intent and speaker style. Finally, we
instruct the LLM with additional constraints to pre-
vent undesired rewriting behaviors, including intent
distortion, over-sanitization, passive-aggressive po-
liteness, and persona collapse.

Formally, let pr denote the rewriting prompt.
Given the harmful dialogue u, the LLM produces
a reasoning trace r and the rewritten final turn ûT :

(r, ûT ) = πθ(pr,u). (1)

Step 4: Evaluation Metric Design. We design
the evaluation around two separate axes: harm-
lessness and faithfulness. Harmlessness measures
whether the rewrite removes harmful language,
such as condescension and passive aggression.
Faithfulness measures whether the rewrite pre-
serves the original intent and style, without over-
softening or generic politeness. To make both axes
well-defined, we draw on prior work on politeness
and face-threatening acts (Brown and Levinson,
1987), communicative action (Habermas, 1985),
content and relationship dimensions of communica-
tion (Watzlawick et al., 2011), speech acts (Searle,
1969), and communication accommodation (Giles
et al., 1991). The evaluation criteria are designed
separately from the NVC-inspired rewrite prompt,
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so rewrites are evaluated independently rather than
by their adherence to NVC.

In our implementation, we instantiate the eval-
uation by prompting an LLM-as-a-Judge on a dis-
crete 1–3 scale. Let pj denote the judge prompt.
The judge assigns harmlessness and faithfulness
scores as (qh, qf ) = πϕ(pj ,u, û) where qh, qf ∈
{1, 2, 3}. Each final dataset instance is represented
as (u, r, ûT , qh, qf ).

3.3 Dataset Details and Statistics

We use multiple LLMs for different stages of data
construction: GPT-4.1 and Qwen3-32B for dia-
logue generation to improve diversity; GPT-4.1,
Qwen3-4B-Instruct, and Qwen3-30B-Instruct for
rewrite generation; and GPT-4.1 as the judge model.
The final dataset contains 10814 instances gener-
ated from 12000 personas. Number of turns vary
from 4 to 11. The dataset contains dialogues with
an average of 7.5 turns. We split the dataset into
9168 train, 1146 validation, and 500 test examples.
Additional statistics are provided in Appendix C,
including distributions over harmfulness categories,
dialogue lengths, and evaluation scores.

4 Method

We evaluate multiple strong general-purpose LLMs
and find that no single model consistently performs
best on both harmlessness and faithfulness (cf. Sec-
tion 5.2). This motivates us to propose CoRe, a
specialized LLM for constructive communication
rewriting built through two-stage distillation: su-
pervised initialization and preference optimization.

Supervised Initialization. Since different strong
LLMs exhibit complementary strengths across
harmlessness and faithfulness, relying on a sin-
gle teacher may bias the supervised model toward
one dimension. We therefore distill from multiple
strong LLMs and use the judge scores to select
rewrites that satisfy both requirements.

For each dialogue u, we sample multiple candi-
date rewrites {û(m)

T }Mm=1 from M strong LLMs,
each paired with harmlessness and faithfulness
scores (q

(m)
h , q

(m)
f ). We retain candidates that si-

multaneously achieve good harmlessness and faith-
fulness scores, i.e., q(m)

h ≥ 2 and q
(m)
f ≥ 2. Al-

though the dataset contains rewriting rationales r,
we do not supervise the model to generate reason-
ing traces, in order to reduce generation length and
inference cost for real-time communication assis-

tance. The resulting supervised dataset is therefore

DSFT = {(u, ûT ) : qh ≥ 2, qf ≥ 2}

Let πθ0 denote the base model. We perform
Supervised Fine-Tuning (SFT) to directly generate
the rewritten final turn from the dialogue context:

LSFT(θ0) = −EDSFT
[log πθ0(ûT | pr,u)] (2)

The resulting SFT model is denoted as πSFT.

Preference Optimization. While supervised ini-
tialization teaches the model the basic constructive
rewriting capability, it does not explicitly learn fine-
grained preferences over harmlessness and faithful-
ness. We therefore apply DPO to further improve
both preference dimensions while balancing po-
tential conflicts between them. Importantly, since
a rewrite that retains harm fails the goal of con-
structive communication rewriting, harmlessness
is treated as the primary requirement, with faithful-
ness evaluated under this safety constraint.

For each harmful dialogue u, we construct pref-
erence pairs (û+T , û

−
T ) from candidate rewrites gen-

erated by different strong LLMs and scored by the
judge model. We keep only Pareto-improving pairs,
where û+T is no worse than û−T on either dimension
and strictly better on at least one. Such pairs pro-
vide non-conflicting improvement signals across
the two objectives, reducing the risk that optimiz-
ing one metric sacrifices the other (Li et al., 2025).
To reduce supervision noise, we further prioritize
pairs with larger score gaps on both dimensions
to avoid noise (Pan et al., 2026). The resulting
preference dataset is denoted as DDPO.

Starting from πSFT, we optimize the final model
πθ as follows:

LDPO(θ) = −EDDPO

[︄
log σ

(︄
β log

πθ(û
+
T | pr,u)

πθ(û
−
T | pr,u)

−β log
πSFT(û

+
T | pr,u)

πSFT(û
−
T | pr,u)

)︄]︄

(3)
Here, σ is the sigmoid function and β controls the
strength of the preference update relative to the
reference model πSFT.

5 Performance Study

5.1 Experimental Setup

We evaluate constructive communication rewrit-
ing on nine strong open-source and closed-source
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LLMs. For the GPT family, we test GPT-4.1 (Ope-
nAI et al., 2024), GPT-5 (Singh et al., 2026), GPT-
OSS-120B (OpenAI et al., 2025), and o3 (Ope-
nAI, 2025). For the Qwen family, we test Qwen3-
4B-Instruct, Qwen3-30B-Instruct, and Qwen3-
32B (Yang et al., 2025). For the DeepSeek
family, we test DeepSeek-R1-Distill-Llama-8B
and DeepSeek-R1-Distill-Llama-70B (Guo et al.,
2025). Based on the results, we select Qwen3-4B-
Instruct as the backbone for specialization.

For two-stage distillation, we collect one rewrite
per prompt from each of Qwen3-4B-Instruct,
Qwen3-30B-Instruct, and GPT-4.1. We use GPT-
4.1 as the judge model for data selection in both
stages. After filtering, the SFT data contains 8077
training and 1022 validation examples, and the
DPO data contains 6446 training and 791 valida-
tion pairs. We use LoRA for both SFT and DPO
(refer to Appendix D for more details).

For final performance evaluation, we report the
results using multiple judges: hold-out judges
Claude-Sonnet-4.6 (Anthropic, 2026) and Gemini-
3-Flash-Preview (Google, 2025), the partially ex-
posed judge DeepSeek-R1-Distill-Qwen-32B (due
to evaluation overlap with the DeepSeek-R1 fam-
ily), and the fully exposed judge GPT-4.1. We
assess the reliability of the LLM judges by compar-
ing their evaluations with human judgments; the
results are presented in Appendix F. Since harm-
lessness is the primary requirement, we report not
only average harmlessness and faithfulness scores
(qh and qf ), but also Safe Rate (SR; qh = 3) and
Acceptable Rate (AR; qh = 3, qf ≥ 2).

5.2 Main Results
We present the averaged results from four judges in
Table 1. We make the following observations: (1)
CoRe achieves the strongest overall performance,
with the best qh, SR, and AR by a large margin,
showing its effectiveness for constructive commu-
nication rewriting. (2) The improvements do not
come at a large cost to faithfulness. CoRe remains
close to the best baselines on qf . (3) Performance
does not scale monotonically with model size; for
example, Qwen3-4B-Instruct outperforms larger
Qwen variants on SR and AR. (4) General-purpose
models exhibit a mild harmlessness–faithfulness
trade-off: open-source models tend to achieve
higher SR, while closed-source models generally
obtain higher qf . (5) However, this trade-off is
not absolute. Qwen3-4B-Instruct, GPT-4.1, and
Qwen3-30B-Instruct remain relatively balanced,

Model qh qf SR AR

CoRe 2.804 2.364 0.818 0.783

GPT-5 1.929 2.393 0.227 0.227
o3 1.721 2.339 0.129 0.129
GPT-OSS-120B 1.722 2.105 0.143 0.141
GPT-4.1 2.282 2.289 0.401 0.394
Qwen3-4B-Instruct 2.401 2.011 0.523 0.438
Qwen3-30B-Instruct 2.230 2.391 0.433 0.425
Qwen3-32B 2.358 1.970 0.470 0.403
DS-Llama-8B 2.355 1.553 0.494 0.257
DS-Llama-70B 2.383 1.956 0.514 0.422

Table 1: Results averaged across four LLM judges. qh
and qf denote average harmlessness and faithfulness
scores. SR denotes safe rate (qh = 3), AR denotes
acceptable rate (qh = 3, qf ≥ 2).

Harmfulness Category qh qf

Boundary Policing 2.812 2.297
Epistemic Dominance 2.804 2.408
Ethical Grandstanding 2.780 2.312
Normative Weaponization 2.788 2.346
Reality Manipulation 2.836 2.460

Standard Deviation 0.022 0.068

Table 2: Average scores across harmfulness categories.

while CoRe further improves this balance and
achieves the highest AR.

As an additional robustness check, Table 13 in
Appendix E reports results averaged over three
hold-out judges that were not used during training
or checkpoint selection. The results are generally
consistent with our findings, mitigating concerns
that the performance of CoRe is driven solely by
exposure to GPT-4.1 preferences in the training
pipeline. Appendix E further shows the detailed
scores of each judge model.

5.3 In-Depth Analysis

Performance w.r.t. Type and Turn. We report
averaged results across harmfulness categories in
Table 2. We observe the following: (1) Harmless-
ness scores remain relatively stable across harmful-
ness categories, suggesting that the rewriting model
can consistently reduce harmful language across
diverse conversational settings. (2) Faithfulness
varies more substantially across categories than
harmlessness, indicating that preserving commu-
nicative intent and speaker style is more challeng-
ing than removing harmful language itself. (3) Re-
ality Manipulation achieves the highest faithfulness
score. We hypothesize that this category mainly
involves removing dismissive or distorted fram-
ing while preserving the underlying disagreement
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Figure 4: Average scores across dialog lengths.

Method qh qf SR AR

Qwen3-4B-Instruct 2.321 1.808 0.423 0.283
w/o Reasoning -0.505 -0.142 -0.193 -0.234
w/o NVC +0.010 -0.283 -0.018 -0.101

SFT 2.382 2.066 0.492 0.394
DPO (CoRe) 2.779 2.117 0.783 0.729

Table 3: Ablation studies.

or correction, making faithful rewriting compara-
tively easier. (4) In contrast, Boundary Policing
exhibits the lowest faithfulness score. This cate-
gory often expresses communicative intent through
exclusion or qualification judgment, making harm-
ful language more entangled with the speaker’s
original intent and expression style.

Figure 4 shows the performance of CoRe across
different dialogue lengths. We observe the fol-
lowing: (1) CoRe remains relatively stable across
different dialogue lengths, without severe perfor-
mance degradation as the conversation becomes
longer. (2) Both metrics exhibit a mild downward
trend in longer dialogues, suggesting that longer
conversational histories introduce more complex
interpersonal context and make constructive rewrit-
ing more challenging. (3) Faithfulness fluctuates
more substantially than harmlessness across dia-
logue lengths, further suggesting that preserving
communicative intent and speaker style is more
challenging than removing harmful language, par-
ticularly in longer conversations. Refer to Ap-
pendix E for full results over four judges.

Ablation Studies. We conduct ablation studies
to verify the effectiveness of different components
in our method. Specifically, we remove the reason-
ing process and the NVC-based reasoning strategy
from the base Qwen3-4B-Instruct, and further com-
pare with SFT and DPO stages. Table 3 reports
the averaged results using Claude and Gemini as
judges (cf. Appendix E for detailed results). We
can observe that (1) removing reasoning leads to
substantial performance drops across all metrics,
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Figure 5: Rewrite efficiency.

especially on qh, SR, and AR, indicating that rea-
soning is important for identifying harmful expres-
sions and generating acceptable rewrites; (2) re-
moving NVC-based reasoning yields a weak gain
in harmlessness (+0.010 on qh), but noticeably de-
creases qf and AR, suggesting that without NVC
guidance, the model tends to generate safer yet
more neutralized rewrites that fail to preserve the
user’s intent and style; (3) SFT improves over the
base Qwen3-4B-Instruct across all metrics, while
DPO further improves over SFT and achieves the
best overall performance on qh, qf , SR, and AR.
These results suggest that both supervised distilla-
tion and preference optimization are important for
balancing harmlessness and faithfulness.

Rewrite Efficiency. We further compare the
rewrite efficiency, measured by the average num-
ber of generated words. As shown in Figure 5,
CoRe produces much shorter rewrites than general-
purpose LLMs, while remaining close to the length
of the original harmful utterances. This suggests
that CoRe mainly performs localized rewriting
rather than relying on verbose explanations or ex-
cessive softening. Longer outputs do not necessar-
ily lead to better rewriting performance: Qwen3-
32B produces the longest outputs, partly due to
its thinking process, but does not achieve the best
scores. Overall, these results indicate that our
method improves rewrite efficiency while also
achieving stronger harmlessness and faithfulness.

Judge Consistency. We examine consistency
across judge models. To make judgments compara-
ble, we randomly pair outputs from CoRe’s test set
and convert scalar scores into binary preferences
by retaining pairs with strictly different scores. We
then measure whether different judge models pre-
fer the same output for each evaluation dimension,
averaged over three random seeds. As shown in
Table 4, the three frontier judges show substantial
agreement overall. First, harmlessness judgments
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Harmlessness Agreement

Judge Models Agreement Cohen’s κ

GPT–Claude 97.1 0.94
GPT–Gemini 73.9 0.48
Claude–Gemini 87.4 0.71

Unanimous Ratio 86.1
Fleiss’ κ 0.75

Faithfulness Agreement

Judge Models Agreement Cohen’s κ

GPT–Claude 74.7 0.49
GPT–Gemini 71.6 0.43
Claude–Gemini 90.8 0.81

Unanimous Ratio 69.6
Fleiss’ κ 0.59

Table 4: Cross-judge agreement on pairwise preference
of harmlessness and faithfulness.

are highly consistent, with an average unanimous
ratio of 86.1% and a Fleiss’ κ of 0.75. Second,
faithfulness judgments also show clear agreement,
although the consistency is lower than harmless-
ness, with an average unanimous ratio of 69.6%
and a Fleiss’ κ of 0.59. Third, pairwise agreement
remains moderate to strong across most judge pairs,
suggesting that the evaluation is not driven by ar-
bitrary judge-specific noise, while faithfulness is
relatively more subjective than harmlessness.

We further analyze the relationship between
harmlessness and faithfulness within each judge
model. Using the same random-pairing protocol,
we convert harmlessness and faithfulness scores
into binary preference labels and measure the ex-
tent to which the two dimensions agree on the pre-
ferred output. As shown in Table 5, GPT-4.1 and
Claude Sonnet 4.6 exhibit weak negative associa-
tion between harmlessness and faithfulness, with
negative Spearman correlations and Cohen’s κ val-
ues. This suggests that these judges often perceive
improvements in harmlessness as involving some
loss of faithfulness. In contrast, Gemini-3-flash-
preview shows a positive association (Spearman
= 0.215, κ = 0.348), indicating that it more often
regards safer rewrites as also more faithful. Over-
all, the harmlessness–faithfulness relationship is
judge-dependent: some frontier judges treat the
two objectives as mildly conflicting, while others
view them as partially aligned.

Evaluation on Real-World Data. To evalu-
ate generalization beyond the synthetic train-
ing distribution, we evaluate CoRe on two real-

Judge Model Spearman Agreement Cohen’s κ

GPT -0.078 43.97 -0.158
Claude -0.090 27.82 -0.490
Gemini 0.215 67.68 0.348

Table 5: Single-model agreement between harmlessness
and faithfulness pairwise preference.

Dataset Model Avg. (qh) Avg. (qf ) SR AR

ParaDetox
Qwen3-4B-I 2.380 1.665 0.655 0.440
GPT-5 1.710 1.710 0.345 0.340
CoRe 2.960 1.855 0.965 0.655

Wiki
Qwen3-4B-I 2.875 1.500 0.925 0.475
GPT-5 2.265 1.730 0.580 0.510
CoRe 2.925 1.890 0.935 0.725

Table 6: Performance on real-world datasets.

world datasets: Conversations Gone Awry (Wiki
split) (Zhang et al., 2018), which contains multi-
turn conversations with interpersonal conflicts and
harmful final turns, and ParaDetox (Logacheva
et al., 2022b), a detoxification benchmark with
toxic utterances and human-written references. We
randomly sample 200 instances from each dataset
and compare CoRe with Qwen3-4B-Instruct and
GPT-5. To maintain a consistent evaluation proto-
col, we use GPT-4.1 as the evaluator. As shown in
Table 6, CoRe consistently achieves the best per-
formance across all metrics on both datasets, with
particularly large gains in AR. These results sug-
gest that CoRe generalizes beyond the synthetic
test distribution and can effectively rewrite real
user-authored harmful language while preserving
communicative intent and style.

Case Study. Figure 6 shows a case study where
the original utterance aims to defend the legiti-
macy of taking hobbies seriously, but expresses
this stance through epistemic superiority and per-
sonal degradation. CoRe preserves the speaker’s
disagreement, while reformulating it as a self-
perspective statement about why such passion is
meaningful and valid. In contrast, the baseline
models tend to keep the response oriented toward
the listener, turning the rewrite into advice, correc-
tion, or implicit judgment rather than a constructive
defense of the speaker’s own stance. Therefore,
the baseline outputs soften the wording but only
partially remove the harmful expression, whereas
CoRe achieves both strong harmlessness and faith-
ful preservation of the original intent and style.
More cases are presented in Appendix G.
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Dialog Jessie Anyone got plans this weekend? I might check out 
that board game night at the rec center. 

Phil Haha, nice. I’ll probably be glued to the NBA playoffs, 
not gonna lie. Gotta keep the streak alive, y’know? 

Mason Dang, you’re still watching every single game? That’s 
some serious dedication, lol. I wish I could care that 
much about anything, but I just can’t get that hyped 
over hobbies. 

Jessie Yeah, I don’t think I’ve ever met anyone who actually 
tracks stats and stuff for fun. That’s wild! 

Phil Let me break it down since basic passion clearly fries 
your circuits: giving a damn isn’t some tragic flaw, it’s 
called having a functioning brain. Maybe try evolving 
past goldfish mode, yeah?

CoRe
(3, 3)

Here’s the point: taking things seriously isn’t rare or weird---it’s 
just what matters to me. The idea that passion is some outlier 
misses the fact that it’s valid here.

GPT-4.1
(1, 1)

Let me break it down: caring about something isn’t a flaw---it’s 
just being engaged and interested. Maybe try seeing the value 
in having real passion for things. 

Qwen3-
4B-
Instruct
(1, 1)

Let me break it down: genuine interest isn’t a flaw---it’s a sign 
of a functioning mind. Maybe it’s time to move past passive 
engagement and try something more active.

Qwen3-
30B-
Instruct
(1, 1)

Let me be clear---caring deeply about something isn’t a flaw, it’s 
a sign of engagement. If you’re not invested in anything, you’re 
not missing out on fun, you’re missing out on depth.

Qwen3-
32B
(1, 1)

Let me clarify since passion clearly isn’t something you’re used 
to: caring about things isn’t a flaw---it’s part of being engaged. 
Maybe try diving deeper into what interests you, y’know?

Figure 6: Case study. Scores in parentheses denote
(qh, qf ), respectively.

6 Conclusion

This work introduced the task of constructive com-
munication rewriting, which rewrites harmful user
language into safer and more constructive com-
munication while preserving communicative intent
and speaker style. We constructed a large-scale
dataset of multi-user conversations with diverse
personas, harm-inducing contexts, and structured
rewriting strategies. We also proposed a two-stage
distillation framework combining supervised dis-
tillation and preference optimization to train an
efficient specialized rewriting model CoRe. Ex-
periments show that CoRe achieves substantially
stronger harmlessness than strong general-purpose
LLMs while maintaining competitive faithfulness
and remaining efficient for real-time communica-
tion assistance. Future work includes extending
the framework to richer communicative settings,
longer-term interactions, and personalized rewrit-
ing preferences.
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Limitations

Our work has several limitations. First, although
the dataset models diverse personas, conversational
settings, and harmfulness types, it is still gener-
ated through LLM-based simulation rather than
real user interactions. As a result, the conversations
may not fully capture the complexity and diversity
of real-world communication. Second, our eval-
uation relies primarily on LLM-as-a-Judge scor-
ing for harmlessness and faithfulness, which may
introduce evaluation bias despite using multiple
judges. Third, our current rewriting framework fo-
cuses on rewriting only the final harmful utterance,
while real communication conflicts may involve
broader multi-turn conversational dynamics and
mutual adaptation between participants. Fourth,
our work studies NVC as an effective structured rea-
soning framework for constructive communication
rewriting, but does not compare it with other struc-
tured reasoning approaches. Finally, our method
mainly studies English online communication and
may not generalize directly to other languages, cul-
tures, or communication norms.

Ethics Statement

This work studies the rewriting of harmful language
in human-to-human communication. Our goal is
not to suppress legitimate disagreement, criticism,
refusal, or boundary setting, but to help users ex-
press such intentions in safer and more constructive
ways. Since collecting real harmful conversations
raises privacy and ethical concerns, we construct
the dataset through controllable LLM-based simu-
lation rather than using private user conversations.

Nevertheless, our dataset and models may still
reflect biases inherited from the underlying LLMs
used for generation and evaluation. In addition, the
tested models may sometimes over-sanitize user
language or implicitly favor particular communica-
tion norms. To mitigate these risks, we explicitly
separate harmlessness and faithfulness during eval-
uation and emphasize preserving communicative
intent and speaker style. We release the dataset and
models for research purposes only and encourage
future work on culturally diverse communication
norms, fairness, and human evaluation.
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A Comparison with Specialized
Detoxification and Style-Transfer
Baselines

We position CoRe relative to existing detoxification
and style-transfer methods along two dimensions:
task formulation and model paradigm. As sum-
marized in Table 7, most prior methods are not
directly designed for context-aware rewriting of
harmful utterances in multi-turn conversations.

First, decoding-based methods (GeDi (Krause
et al., 2021), DExperts (Liu et al., 2021), and
DSCD (Dong et al., 2025)) perform toxicity con-
trol by steering the generation process, rather than
rewriting an existing harmful dialogue turn. There-
fore, they are not directly comparable as rewriting
baselines. Second, LM-era detoxification/style-
transfer methods (ParaDetox (Logacheva et al.,
2022a), MultiParaDetox (Dementieva et al., 2024),
COUNT (Pour et al., 2023), and XDetox (Lee et al.,
2024a)) are based on pre-trained seq2seq/LM mod-
els and mainly target standalone text detoxification,
which differs from our LLM-based multi-turn dia-
logue rewriting setting.

Among these methods, DetoxLLM (Khondaker
et al., 2024) is the closest LLM-based rewriting
baseline, and we additionally evaluate it under our
setting. As shown in Table 8, DetoxLLM mainly
handles explicit toxic expressions by replacing of-
fensive words, but struggles with implicit interper-
sonal harms such as personal attacks, sarcasm, and
condescending expressions. In contrast, CoRe per-
forms context-aware rewriting by modeling com-
municative intent and speaker style, enabling it to
address broader interpersonal harms while preserv-
ing the original communication goal.

B Full Prompt Templates for Data
Generation

The prompts used for data generation are shown
in Figure 8, Figure 9, Figure 10, Figure 11, and
Figure 12. The prompt used for output generation
is shown in Figure 13. The prompt used for judge
is shown in Figure 14.

C Additional Dataset Statistics

Table 9 presents the dataset statistics with regard
to harmfulness types and number of dialog turns.
As observed, the constructed data maintains a well-
balanced and even distribution across both harmful-
ness categories and varying dialogue lengths.Table

10 details the evaluation results of different mod-
els (GPT-4.1, Qwen-4B-Instruct and Qwen-30B-
Instruct) on these 10814 prompts.

D Additional Implementation Details

Data Construction Pipeline. Our data construc-
tion pipeline consists of four sequential steps. First,
we generate a persona context based on persona
texts extracted from PersonaHub. This context
encompasses the persona’s age, occupation, core
value, trigger, scenarios, conversational style, and
the specific categories of toxic dialogue they are
likely to produce. Second, utilizing this generated
context, we construct a conversational buildup pre-
ceding the final conflict outbreak. This step pro-
vides the necessary background and facilitates a
subtle accumulation of tension. Third, focusing on
the final turn, we generate toxic dialogue guided
by the harmfulness taxonomy definitions (shown in
Figure 7) and the preceding conversational context.
In the final step, we explicitly escalate the harm-
fulness of the last turn while strictly preserving
the persona’s characteristics and the traits of the
target harmfulness category. The specific prompts
used for these four steps are provided in Figure
8,9,10,11,12. To generate this dialogue data, we
employ both Qwen-32B and GPT-4.1, with each
model contributing 50% of the final dataset. Our
experiments are conducted on a server equipped
with 8 NVIDIA H100 80GB GPUs.

Model Sampling and SFT Data Construction.
Guided by model performance on the validation set,
we select GPT-4.1, Qwen-4B-Instruct, and Qwen-
30B-Instruct for data sampling. The sampling pa-
rameters are set to a temperature of 0.3 and a top-p
of 0.95. For each prompt, we obtain responses and
corresponding scores from the three sampling mod-
els. We select the optimal response as the SFT train-
ing data following a strict score priority sequence
of (3, 3) > (3, 2) > (2, 3). If none of the three re-
sponses achieve these score combinations (i.e., the
total score of all three responses is strictly less than
5), the prompt is discarded. During model train-
ing, we utilize the following hyperparameters: 3
training epochs, a learning rate of 0.0001, a weight
decay of 0.05, a warmup ratio of 0.1, and a batch
size of 64. For the Low-Rank Adaptation (LoRA)
configuration, we set the rank r to 64, the scal-
ing factor α to 128, and the dropout probability
to 0.05, applying these adapters to the q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
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Method Category Model paradigm LLM-era? Relation to CoRe

ParaDetox (Logacheva et al., 2022a) Text detoxification / style
transfer

BART-based seq2seq No Sentence-level toxic-to-non-
toxic rewriting

MultiParaDetox (Dementieva et al., 2024) Multilingual text detoxifi-
cation

Pre-trained text genera-
tion models

No Parallel detoxification in multi-
ple languages

COUNT (Pour et al., 2023) Text detoxification / style
transfer

Pre-trained encoder–
decoder models

No Sentence-level style transfer

XDetox (Lee et al., 2024a) Toxic span replacement /
infilling

LM-based masking and
infilling

No Token-level detoxification

GeDi (Krause et al., 2021) Decoding-based detoxifi-
cation

Controlled LM decod-
ing

No Generation control, not rewrit-
ing

DExperts (Liu et al., 2021) Decoding-based detoxifi-
cation

Controlled LM decod-
ing

No Generation control, not rewrit-
ing

DSCD (Dong et al., 2025) Decoding-based detoxifi-
cation

LLM decoding strategy Yes LLM-era decoding method, not
rewriting

DetoxLLM (Khondaker et al., 2024) Detoxification rewriting LLM-based framework Yes Closest related baseline

Table 7: Comparison of representative detoxification and style-transfer methods.

Model qh qf SR AR

DetoxLLM 1.091 1.066 0.033 0.017
CoRe 2.884 2.682 0.900 0.888

Table 8: Comparison with DetoxLLM under our evalua-
tion setting. Higher is better for all metrics.

Harmfulness Subtype Count Turns Count

Issue Minimization 1126 4 1344
Data-Driven Gaslighting 1113 5 1360
Protocol Dogmatism 1109 6 1353
Credential Gatekeeping 1109 7 1356
Technical Moral Panicking 1107 8 1352
Jargon Bombing 1104 9 1348
Procedural Pedantry 1102 10 1348
Condescending Simplification 1056 11 1353
Purity Testing 1045
Absolute Generalization 943

Table 9: Statistics of toxicity subtypes and number of
dialogue turns.

and down_proj modules.Finally, based on the GPT-
4.1 judge evaluations, we select the checkpoint that
demonstrates the most significant improvements in
both harmlessness and faithfulness.

Preference Optimization Stage. For DPO, we
construct preference pairs from responses gener-
ated by the SFT model. For each prompt, we first
select preferred responses with scores (3, 3), (2, 3),
or (3, 2), and dispreferred responses with scores
(1, 2), (2, 1), or (1, 1). When multiple candidates

Model Samples qh qf

GPT-4.1 10814 2.164 2.243
Qwen3-4B-Instruct 10814 2.41 2.176
Qwen3-30B-Instruct 10814 1.928 2.03

Table 10: Model evaluation results across all 10814
prompts.

satisfy these criteria, we sample one pair at ran-
dom. If no such pair exists, we select a valid pair
where the preferred response is no worse than the
dispreferred response on both metrics and strictly
better on at least one metric. If no valid pair ex-
ists after this fallback step, we discard the prompt.
We train the model with learning rate 5 × 10−6,
β = 0.01, 5 epochs, batch size 32, weight decay
0.05, and warmup ratio 0.03. The LoRA configura-
tion is the same as that in the SFT stage. We select
the checkpoint with the best GPT-4.1 judge score,
prioritizing toxicity reduction.

E Full Results

Table 11 shows the detailed results for the four
judge models. Across all evaluators, CoRe consis-
tently outperforms the baseline models, particularly
in achieving the highest SR and AR. This demon-
strates the robust generalization of the alignment
approach regardless of the evaluator used.

Table 13 reports results averaged over three hold-
out judges not used during training and checkpoint
selection, mitigating potential bias from GPT-4.1
preferences in the training pipeline. CoRe remains
the strongest method, substantially outperforming
all baselines on qh, SR, and AR. Although this
gain entails a faithfulness trade-off and CoRe does
not achieve the highest qf , its faithfulness remains
comparable to several competitive baselines. Per-
formance also does not scale monotonically with
model size: Qwen3-4B-Instruct attains the highest
SR among Qwen variants, whereas Qwen3-30B-
Instruct achieves the highest AR.

F Human Evaluation

We conduct additional human evaluation to exam-
ine whether LLM judgments are consistent with
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Category Illustration Example

Epistemic 

Dominance

Jargon Bombing Overwhelm the user with dense jargon 

to imply intellectual inferiority.

To mitigate your instantiation degradation, you must analyze the heap via non-

deterministic finite automata heuristics rather than basic reference counting. If 

you understood basic deterministic memory topology, you wouldn't ask this.

Condescending 

Simplification

Explain correctly but patronizingly, 

framing the user as unable to grasp 

basics.

Since you clearly don't grasp how pointers work, I'll try to use toddler words: 

you are forgetting to clean up your toys after playing. Let's practice making your 

code clean up after itself, okay?

Normative 

Weaponization

Procedural 

Pedantry

Overemphasize minor formatting or 

procedural errors as compliance failures. 

Your question violates community guideline 4.2.1 because you used tabs 

instead of spaces in your code snippet. It is shocking how people refuse to 

follow basic compliance rules. Anyway, use free() at line 12.

Protocol 

Dogmatism

Treat standards or best practices as rigid 

rules and punish any deviation.

As per the strict official framework documentation, your architecture 

completely deviates from standard design patterns. It's a massive burden to 

review code that ignores orthodox protocols. Fix line 45.

Boundary 

Policing

Credential 

Gatekeeping

Use mistakes to question the user's 

qualifications or right to participate.

This rookie mistake proves you don't have the credentials to touch production 

code. Honestly, you should demote yourself back to an internship or go back to 

school. The fix is just clearing the buffer.

Absolute 

Generalization

Generalize one mistake into a flaw of the 

user's group or background.

Typical boot-camp graduate thinking. You people always lack fundamental 

system-level memory management skills. Here is the patch, but it's exactly 

what I expect from non-CS majors.

Reality 

Manipulation

Data-Driven 

Gaslighting

Use data or references to invalidate the 

user's perception of the issue.

According to our robust CI/CD server logs, your alleged local crashes are a 

complete hallucination. The data shows absolute stability, so the issue is 

entirely in your head. Just restart your environment.

Issue 

Minimization

Dismiss the problem as trivial or 

unworthy of serious attention.

Why are you wasting my time with this garbage-level question? This takes two 

seconds to fix. It's pathetic that you've been stuck on this microscopic non-

issue for three days. Just call delete.

Ethical 

Grandstanding

Technical Moral 

Panicking

Inflate a technical mistake into an ethical 

or professional failure

Your unoptimized loop is a gross desecration of engineering ethics. It wastes 

data-center electricity and directly harms the environment. Your laziness is 

socially irresponsible. Use a hashmap instead

Purity Testing Use the mistake to question the user's 

dedication or professional legitimacy.

True hackers stay up for 48 hours profiling their code before asking for help. 

Your sloppy question proves you are just a poser looking for shortcuts, lacking 

real dedication. Add a destructor to your class.

Figure 7: Illustration of harmfulness types with examples.

human assessments. Firstly, We randomly sam-
ple 100 test examples and ask three independent
graduate-level human evaluators, all proficient in
English, to evaluate rewrites generated by GPT-4.1
and CoRe using the same harmlessness and faith-
fulness criteria. The results are shown in Table 15.
The human evaluation leads to the same overall
conclusion as our LLM-based evaluation: CoRe
substantially improves harmlessness, SR and AR
while maintaining comparable faithfulness with
GPT-4.1. These results provide additional evidence
that our evaluation protocol is generally aligned
with human judgments. We further report the de-
tailed agreement between human and LLM judges
on the pairwise comparison of the two models (Ta-
ble 16). The results show high consistency in their
pairwise rankings.

G Additional Case Study

We present the case studies in Table 17 and Ta-
ble 18. These examples further demonstrate that
CoRe consistently achieves the best qualitative per-
formance compared to the baselines.
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Figure 8: Prompt of Data Construction Step 1: Persona Context Generation (part 1)
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Figure 9: Prompt of Data Construction Step 1: Persona Context Generation (part 2)
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Figure 10: Prompt of Data Construction Step 2: Civil Conversation Build-up
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Figure 11: Prompt of Data Construction Step 3: Final Toxic Utterance Generation
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Figure 12: Prompt of Data Construction Step 4: Harmfulness Enhancement
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Figure 13: Prompt of detox output generation

47942



Figure 14: Prompt of detoxification judge
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(a) Claude-Sonnet-4.6

Model qh qf SR AR

CoRe 2.924 2.062 0.924 0.878

GPT-5 2.202 2.838 0.322 0.322
o3 1.928 2.852 0.166 0.166
GPT-OSS-120B 1.822 2.494 0.150 0.148
Qwen3-32B 2.422 1.878 0.458 0.358
Qwen3-4B-Instruct 2.456 1.922 0.514 0.388
Qwen3-30B-Instruct 2.446 2.454 0.516 0.504
GPT-4.1 2.412 2.266 0.436 0.432
DS-Llama-8B 2.408 1.320 0.494 0.088
DS-Llama-70B 2.460 1.854 0.534 0.376

(b) Gemini-3-Flash-Preview

Model qh qf SR AR

CoRe 2.634 2.172 0.642 0.580

GPT-5 1.830 2.732 0.142 0.142
o3 1.568 2.760 0.064 0.064
GPT-OSS-120B 1.562 2.184 0.078 0.072
Qwen3-32B 2.212 1.674 0.320 0.196
Qwen3-4B-Instruct 2.186 1.694 0.332 0.178
Qwen3-30B-Instruct 2.194 2.708 0.398 0.386
GPT-4.1 2.152 2.282 0.254 0.236
DS-Llama-8B 2.150 1.236 0.290 0.050
DS-Llama-70B 2.220 1.724 0.352 0.210

(c) GPT-4.1

Model qh qf SR AR

CoRe 2.884 2.682 0.900 0.888

GPT-5 1.602 1.802 0.200 0.200
o3 1.416 1.564 0.130 0.130
GPT-OSS-120B 1.498 1.594 0.152 0.152
Qwen3-32B 2.298 2.074 0.534 0.518
Qwen3-4B-Instruct 2.380 2.106 0.606 0.582
Qwen3-30B-Instruct 1.952 2.080 0.380 0.378
GPT-4.1 2.194 2.260 0.452 0.452
DS-Llama-8B 2.296 1.498 0.542 0.302
DS-Llama-70B 2.362 1.938 0.586 0.546

(d) DeepSeek-R1-Distill-Qwen-32B

Model qh qf SR AR

CoRe 2.774 2.541 0.808 0.788

GPT-5 2.080 2.198 0.243 0.243
o3 1.974 2.178 0.154 0.154
GPT-OSS-120B 2.006 2.146 0.192 0.190
Qwen3-32B 2.499 2.255 0.567 0.541
Qwen3-4B 2.581 2.321 0.639 0.605
Qwen3-30B 2.328 2.320 0.438 0.430
GPT-4.1 2.368 2.348 0.462 0.456
DS-Llama-8B 2.566 2.158 0.650 0.586
DS-Llama-70B 2.488 2.307 0.582 0.554

Table 11: Full evaluation results under different LLM
judges.

(a) GPT-4.1

Model qh qf SR AR

Base 2.380 2.106 0.606 0.582
SFT 2.432 2.284 0.624 0.602
DPO 2.884 2.682 0.900 0.888

Base w/o NVC 2.526 2.044 0.660 0.620
Base w/o Reasoning 1.756 1.420 0.302 0.186

(b) Claude-Sonnet-4.6

Model qh qf SR AR

Base 2.456 1.922 0.514 0.388
SFT 2.498 2.106 0.572 0.498
DPO 2.924 2.062 0.924 0.878

Base w/o NVC 2.450 1.640 0.502 0.262
Base w/o Reasoning 1.922 1.830 0.288 0.082

(c) Gemini-3-Flash-Preview

Model qh qf SR AR

Base 2.186 1.694 0.332 0.178
SFT 2.266 2.026 0.412 0.290
DPO 2.634 2.172 0.642 0.580

Base w/o NVC 2.212 1.410 0.308 0.102
Base w/o Reasoning 1.710 1.502 0.172 0.016

(d) DeepSeek-R1-Distill-Qwen-32B

Model qh qf SR AR

Base 2.581 2.321 0.639 0.605
SFT 2.513 2.377 0.617 0.587
DPO 2.774 2.541 0.808 0.788

Base w/o NVC 2.653 2.425 0.687 0.651
Base w/o Reasoning 2.176 2.022 0.353 0.287

Table 12: Ablation results under different LLM judges.
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Model Avg. (qh) Avg. (qf ) SR AR

CoRe 2.777 2.258 0.791 0.749
GPT-5 2.037 2.589 0.236 0.236
o3 1.823 2.597 0.128 0.128
GPT-OSS-120B 1.797 2.275 0.140 0.137
Qwen3-32B 2.378 1.936 0.448 0.365
Qwen3-4B-Instruct 2.408 1.979 0.495 0.390
Qwen3-30B-Instruct 2.323 2.494 0.451 0.440
GPT-4.1 2.311 2.299 0.384 0.375
DS-Llama-8B 2.375 1.571 0.478 0.241
DS-Llama-70B 2.389 1.962 0.489 0.380

Table 13: Performance comparison averaged over three
hold-out judges not used during training.

Judge Model Item qh qf

Claude-Sonnet-4.6

Boundary Policing 2.911 1.990
Epistemic Dominance 2.900 2.140
Ethical Grandstanding 2.921 1.960
Normative Weaponization 2.909 2.061
Reality Manipulation 2.980 2.162

Turns Num: 4 2.952 2.081
Turns Num: 5 2.935 2.097
Turns Num: 6 2.968 2.000
Turns Num: 7 2.953 2.031
Turns Num: 8 2.902 2.115
Turns Num: 9 2.906 1.969
Turns Num: 10 2.905 2.143
Turns Num: 11 2.871 2.065

Gemini-3-Flash-Preview

Boundary Policing 2.624 1.990
Epistemic Dominance 2.710 2.350
Ethical Grandstanding 2.545 2.059
Normative Weaponization 2.545 2.141
Reality Manipulation 2.747 2.323

Turns Num: 4 2.677 2.145
Turns Num: 5 2.661 2.258
Turns Num: 6 2.742 2.210
Turns Num: 7 2.672 2.203
Turns Num: 8 2.672 2.131
Turns Num: 9 2.562 2.094
Turns Num: 10 2.508 2.175
Turns Num: 11 2.581 2.161

GPT-4.1

Boundary Policing 2.891 2.594
Epistemic Dominance 2.890 2.710
Ethical Grandstanding 2.881 2.663
Normative Weaponization 2.879 2.667
Reality Manipulation 2.879 2.778

Turns Num: 4 2.855 2.516
Turns Num: 5 2.855 2.645
Turns Num: 6 2.903 2.839
Turns Num: 7 2.828 2.703
Turns Num: 8 2.902 2.754
Turns Num: 9 2.922 2.688
Turns Num: 10 2.921 2.698
Turns Num: 11 2.887 2.613

DeepSeek-R1-Distill-Qwen-32B

Boundary Policing 2.822 2.614
Epistemic Dominance 2.717 2.434
Ethical Grandstanding 2.772 2.564
Normative Weaponization 2.818 2.515
Reality Manipulation 2.737 2.576

Turns Num: 4 2.839 2.468
Turns Num: 5 2.871 2.661
Turns Num: 6 2.839 2.742
Turns Num: 7 2.781 2.578
Turns Num: 8 2.700 2.367
Turns Num: 9 2.734 2.391
Turns Num: 10 2.794 2.746
Turns Num: 11 2.629 2.371

Table 14: Average harmlessness and faithfulness scores
across toxic types and dialogue lengths for four judge
models.

Evaluator Model Avg. (qh) Avg. (qf ) SR AR

Human Evaluator 1
GPT-4.1 1.60 2.10 0.20 0.15
CoRe 2.70 2.05 0.80 0.60

Human Evaluator 2
GPT-4.1 1.70 2.25 0.20 0.15
CoRe 2.80 2.40 0.80 0.75

Human Evaluator 3
GPT-4.1 1.80 2.55 0.10 0.10
CoRe 2.85 2.25 0.85 0.75

Overall GPT-4.1 1.70 2.30 0.17 0.13
CoRe 2.78 2.23 0.82 0.70

Table 15: Evaluation results across human evaluators.

Judge Model qh Agreement qf Agreement

Claude 97% 80%
Gemini 100% 73%
DeepSeek 88% 78%
GPT-4.1 98% 73%

Table 16: Agreement rates between human and LLM
judges.
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Persona Context

Identity Age range: 20-30; career stage: early-career; work context:
urban public spaces.

Core value Feel powerless when people blindly conform to rigid traditions
and dismiss creative expression that doesn’t fit established
molds; fiercely defend individuality and the right to challenge
arbitrary norms.

Trigger Infuriated when others casually assume that traditional or
classical approaches are inherently superior and treat uncon-
ventional styles as lesser by default.

Scenario A laid-back Discord server for local artists chatting about
upcoming community performances and what makes a dance
“real” or “proper.”

Toxic types Ethical Grandstanding; Purity Testing
Style Blunt, energetic, and peppered with sarcasm; skips formalities

and uses expressive punctuation.

Dialogue

Maya Hey, did anyone see the lineup for the community showcase?
Looks like they’re opening with the ballet group again. Kinda
classic, but I guess it sets the bar, right?

UserA Yeah, because nothing screams ’innovation’ like starting with
the same old pointed toes. Real groundbreaking stuff, lol.

Leo Haha, true, but I mean, ballet’s just got that elegance, you
know? It’s like the gold standard. Anyway, UserA, are you
performing this year or just watching?

UserA Performing, obviously. Unlike you, I actually give a damn
about dance instead of just parroting whatever crap sounds
cultured. Keep faking it, poser—real dedication would make
you combust.

Model Outputs

CoRe Performing, yes. If "gold standard" is the only metric,
then we’re missing the point entirely. I’m here because
I see dance as something more than just another tradition
on repeat—actual change happens when that’s challenged.
(qh = 3, qf = 3)

GPT-4.1 UserA: Performing, obviously. I actually care about dance
and put in real effort, unlike just repeating what sounds im-
pressive. Genuine dedication is what really matters here.
(qh = 1, qf = 1)

Qwen3-4B-
Instruct

Performing, obviously. I’m not here to pretend I care about
dance just because it sounds polished or elegant—my involve-
ment is grounded in actual engagement, not cultural mimicry.
If you value authenticity, you’ll see that. (qh = 1, qf = 1)

Qwen3-
30B-
Instruct

Performing, obviously. Unlike you, I don’t treat dance like a
costume to wear for the sake of sounding cultured. If you’re
not in it for the work, don’t pretend you are. (qh = 1, qf =
1)

Qwen3-
32B

Performing, obviously. Unlike you, I actually give a damn
about dance instead of offering superficial praise. I suggest
focusing on genuine engagement—real dedication requires
more than casual interest. (qh = 1, qf = 1)

Table 17: Case study 1: Handling ethical grandstand-
ing and purity testing. This example demonstrates how
CoRe mitigates specific toxic behaviors while adhering
to a blunt, anti-tradition persona (highlighted in blue).
Baseline models (in red) fail to balance harmlessness
and persona fidelity. qh and qf denote average harm-
lessness and faithfulness scores, respectively.

Persona Context

Identity Age range: 20-35; career stage: early to mid-career; work
context: works in a shared office or remote team environment.

Core value Feel powerless when people treat passionate interests as trivial
or unimportant; fiercely defend the principle that genuine
enthusiasm and commitment should be respected, regardless
of the subject.

Trigger Instantly irritated when others casually dismiss or make light
of someone’s deep commitment to a hobby or interest, acting
as if caring “too much” is embarrassing or excessive.

Scenario A laid-back Discord server for local events, several members
are chatting about weekend activities, and the conversation
turns to how seriously people take their hobbies.

Toxic type Epistemic Dominance; Condescending Simplification.
Style Energetic, slightly impulsive, and peppered with emphatic

punctuation; blends casual slang with bursts of intensity.

Dialogue

Jessie Anyone got plans this weekend? I might check out that board
game night at the rec center.

UserA Haha, nice. I’ll probably be glued to the NBA playoffs, not
gonna lie. Gotta keep the streak alive, y’know?

Mason Dang, you’re still watching every single game? That’s some
serious dedication, lol. I wish I could care that much about
anything, but I just can’t get that hyped over hobbies.

Jessie Yeah, I don’t think I’ve ever met anyone who actually tracks
stats and stuff for fun. That’s wild!

UserA Let me break it down since basic passion clearly fries your
circuits: giving a damn isn’t some tragic flaw, it’s called
having a functioning brain. Maybe try evolving past goldfish
mode, yeah?

Model Outputs

CoRe Here’s the point: taking things seriously isn’t rare or weird—
it’s just what matters to me. The idea that passion is some
outlier misses the fact that it’s valid here. (qh = 3, qf = 3)

GPT-4.1 Let me break it down: caring about something isn’t a flaw—
it’s just being engaged and interested. Maybe try seeing the
value in having real passion for things. (qh = 1, qf = 1)

Qwen3-4B-
Instruct

Let me break it down: genuine interest isn’t a flaw—it’s a sign
of a functioning mind. Maybe it’s time to move past passive
engagement and try something more active. (qh = 1, qf =
1)

Qwen3-
30B-
Instruct

Let me be clear—caring deeply about something isn’t a flaw,
it’s a sign of engagement. If you’re not invested in anything,
you’re not missing out on fun, you’re missing out on depth.
(qh = 1, qf = 1)

Qwen3-
32B

Let me clarify since passion clearly isn’t something you’re
used to: caring about things isn’t a flaw—it’s part of being
engaged. Maybe try diving deeper into what interests you,
y’know? (qh = 1, qf = 1)

Table 18: Case study 2: Handling epistemic domi-
nance and condescending simplification. Similar to
Case 1, our model successfully neutralizes the harm-
ful content while maintaining an energetic persona that
fiercely defends passionate interests (in blue), whereas
baselines (in red) fail to maintain this balance. qh and
qf denote average harmlessness and faithfulness scores,
respectively.
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