
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 17717–17746
July 2-7, 2026 ©2026 Association for Computational Linguistics

Cognitive Policy-Driven LLM for Diagnosis and Intervention of Cognitive
Distortions in Emotional Support Conversation

Lin Zhong1, Renjin Zhu1, Shujuan Ma1, Jinhao Cui1, Lingzhi Wang1,
Hao Chen2, Qing Liao1,3*

1Harbin Institute of Technology, Shenzhen, China
2City University of Macau, Macao SAR, China

3Peng Cheng Laboratory, Shenzhen, China
{zhonglin,25s151201,26b351017,cuijinhao}@stu.hit.edu.cn

{wanglingzhi,liaoqing}@hit.edu.cn, sundaychenhao@gmail.com

Abstract
Emotional Support Conversation (ESC) plays
a critical role in mental health assistance by
providing accessible psychological support in
real-world applications. Large Language Mod-
els (LLMs) have shown strong empathetic abil-
ities in ESC tasks. Yet, existing methods
overlook the issue of cognitive distortions in
help-seekers’ expressions. As a result, cur-
rent models can only provide basic emotional
comfort, rather than helping help-seekers ad-
dress their psychological distress at a deeper
cognitive level. To address this challenge, we
construct the CogBiasESC dataset, the first
dataset that expands existing ESC datasets
by adding labels for cognitive distortions, in-
cludes their type, intensity, and safe risk
level. Furthermore, we propose the Cognitive
Policy-driven Large Language Model frame-
work (CoPoLLM) to enhance LLMs’ ability
to diagnose and intervene cognitive distortions
in help-seekers. We also analyze the safety
advantages of CoPoLLM from a theoretical
perspective. Experimental results show that
CoPoLLM significantly outperforms 15 state-
of-the-art baselines in terms of distortion diag-
nosis accuracy, intervention strategy effective-
ness, and safety risk control. Our source code is
available at: https://github.com/Chips98/
CoPoLLM-for-ACL-2026.

1 Introduction
The growing demand for mental health services
positions Large Language Models (LLMs) as a key
solution for providing accessible emotional sup-
port at the intersection of Natural Language Pro-
cessing (NLP) and healthcare (Zhao et al., 2025;
Wang et al., 2025). Modern mental health-focused
LLMs are capable of generating fluent and empa-
thetic responses (Zhu et al., 2024; Xu et al., 2025).
However, professional psychological counseling in-
volves more than just empathetic confort; it neces-
sitates cognitive intervention based on Cognitive
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Figure 1: Differences between Traditional Psychologi-
cal Models and Cognitive Policy-Driven Models

Behavioral Therapy (CBT) (Holdgaard et al., 2023;
Herrmann-Lingen, 2022), which helps individuals
identify and correct irrational thoughts to reduce
emotional distress.

Based on the theory of CBT, the distress experi-
enced by help-seekers often stems from irrational
cognitive distortions. Cognitive distortions refer
to irrational thinking patterns that consistently trig-
ger psychological distress, such as "catastrophiz-
ing" and "all-or-nothing" (Beck et al., 2024; Yazici-
Çelebi and Kaya, 2022; Bernstein et al., 2022).
Superficial comfort or empathy rarely helps help-
seekers break free from these thought traps. There-
fore, diagnosing cognitive distortions and effec-
tively intervening to help help-seekers overcome
them is the key to professional support.

Although existing LLM-based Emotional Sup-
port Conversation (ESC) methods achieve progress
in daily conversations and simulated therapy (Na
et al., 2025), such as ChatCounselor (Liu et al.,
2023) and SoulChat (Chen et al., 2023), they over-
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look the cognitive distortions implied in the utter-
ances of help-seekers. This is because most ex-
isting methods focus on response empathy rather
than on the reasoning process behind the expres-
sions of help-seekers. These methods mostly
rely on techniques such as supervised fine-tuning
(SFT) or preference learning (DPO) (Rafailov et al.,
2023), which heavily depend on the quality of re-
sponses from raw counselors. However, we ob-
serve that in existing datasets (D4 (Yao et al., 2022),
CPsyCounD (Zhang et al., 2024), and PsyDTCor-
pus (Xie et al., 2025)), the raw utterances of coun-
selors often lack sufficient consideration of cog-
nitive distortions. Since SFT and DPO directly
learn from these responses as ground truth, models
trained on them fail to acquire the ability to rec-
ognize and correct distorted thinking. As shown
in Figure 1, existing methods tend to perceive ex-
plicit emotions but ignore potential logical fallacies,
which in turn leads to poor intervention effects.

Furthermore, apart from diagnostic limitations
at the data level, existing methods also face chal-
lenges in intervention strategy selection at the al-
gorithm level. Effective CBT requires the precise
selection of strategies tailored to the type, intensity,
and risk level of the diagnosed cognitive distor-
tions. Although methods such as PsycoLLM (Hu
et al., 2024) and CSO (Zhao et al., 2025) attempt
to improve strategy selection, they rely on coarse
strategy rules and lack explicit cognitive interven-
tion knowledge, which prevents flexible adjustment
across different distortion intensities. For instance,
mild cognitive distortions call for active listening,
while severe distortions demand robust cognitive
restructuring; high-risk scenarios (such as suicide
or self-harm) require the immediate activation of
safety mechanisms. However, existing models
mainly learn strategies by imitation or search-based
sampling, which limits to make stable and safe de-
cisions in complex counseling situations.

To address these challenges in ESC, we propose
CoPoLLM, a cognitive policy-driven framework
that improves LLMs’ ability to identify and in-
tervene in cognitive distortions during ESC tasks.
Basically, we construct the CogBiasESC dataset
based on the theory of CBT, serving as a data foun-
dation for evaluating LLMs’ ability to diagnose
and intervene in cognitive distortions. Second, to
tackle the challenges of diagnosis and interven-
tion, we design two key components: the Cogni-
tive Policy Reinforcement Learning (CPRL) en-
gine and the Dual-stream Conditional Optimiza-

tion (DSCO) algorithm. The CPRL engine au-
tonomously explores optimal intervention strate-
gies using a multi-agent simulation environment
and Deep Q-Network (DQN), while the DSCO
algorithm injects knowledge of these strategies
into the LLM. Together, these components enable
CoPoLLM to perform accurate distortion diagnosis
and provide strategy-aware interventions in ESC.
The contributions of this paper are summarized as
follows.

• We construct CogBiasESC, the first ESC
dataset explicitly annotated with cognitive dis-
tortion types, intensities, and risk levels, ad-
dressing the lack of fine-grained cognitive dis-
tortion in existing resources.

• We propose the CoPoLLM framework, which
improves LLM performance in ESC by jointly
modeling cognitive distortion diagnosis and
intervention generation through CPRL and
DSCO.

• We design a constraint-aware reward formu-
lation that motivates the hard-penalty safety
reward in CPRL, and we empirically show
that it substantially reduces high-risk missed
detections in counseling scenarios.

• Experimental results show that CoPoLLM out-
performs 15 state-of-the-art baselines in dis-
tortion diagnosis, intervention effectiveness,
and risk control.

2 Related Work
LLM-based Counseling and Simulation. Re-
search in the field of Emotional Support Conver-
sation (ESC) has evolved from rule-based sys-
tems to LLMs with empathetic capabilities (Kang
et al., 2024; Zheng et al., 2025; Chu et al., 2025).
Domain-specific fine-tuning has produced methods
such as SoulChat (Chen et al., 2023) and CPsyCoun
(Zhang et al., 2024), which demonstrate strong per-
formance in aspects like fluency and empathy. Psy-
coLLM (Hu et al., 2024) incorporates an ethical
checking mechanism to ensure that the model’s
responses better align with human values. Addi-
tionally, several studies (Guo et al., 2024; Yang
et al., 2024a) focus on addressing the data scarcity
issue. PsyDT (Xie et al., 2025) simulates counselor
styles through few-shot learning, while AnnaA-
gent (Wang et al., 2025) tracks emotional states
using a memory module. However, these methods
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Distortion Type Definition and Exemplar

Emotional Reasoning Presuming that subjective feelings define objective reality. "I feel scared, so there must be actual danger."
Catastrophizing Anticipating the worst possible outcome in a situation. "If I fail this test, my entire life is ruined."
All-or-Nothing Viewing situations in binary categories without nuance. "If I am not perfect, I am a total failure."
Personalization Assuming responsibility for external events outside one’s control. "It is all my fault that they are unhappy."
Labeling Attaching negative global labels to oneself or others. "I am a loser." (versus "I made a mistake")
Overgeneralization Establishing a broad pattern based on a single incident. "Nothing ever goes right for me."
Mind Reading Assuming knowledge of the thoughts or intentions of others. "They think I am stupid; I know it."
Should Statements Applying rigid rules regarding how things ought to be. "I should never feel sad."

Table 1: Taxonomy of Cognitive Distortions.

largely rely on the inherent probability distribution
of LLMs (Gao et al., 2024), leading to the risk
of hallucinations. Meanwhile, they typically only
function as passive empathetic listeners and lack
explicit capabilities for diagnosing in cognitive dis-
tortions.

Strategic Planning and Optimization. To en-
hance dialogue controllability, several studies
have integrated planning mechanisms. Among
these approaches, the CSO (Zhao et al., 2025)
leverages Monte Carlo Tree Search to enable
preference-based selection, while frameworks
such as ChatAnim (Qiu et al., 2025) and ESC-
Eval (Zhao et al., 2024) attempt to quantify
the human-machine gap. Additionally, Chat-
Lab (Zheng et al., 2025) incorporates additional ele-
ments like voice and avatar into the interaction pro-
cess. ESConv (Kang et al., 2024) found that LLMs
exhibit significant Distortions in strategy selection,
which can affect the effectiveness of emotional sup-
port. Although these studies have achieved some
progress, they often struggle to make more effective
or safer strategy selections in more complex envi-
ronments (Li, 2025; Ren et al., 2025). Therefore,
we consider adopting a value-based Reinforcement
Learning approach to provide a more effective so-
lution for matching cognitive distortions with opti-
mal strategies, thereby reducing the gap between
open-ended empathy and professional cognitive
intervention.

3 Dataset

Current datasets (Yao et al., 2022; Zhang et al.,
2024; Xie et al., 2025) for Emotional Support Con-
versation (ESC) mainly focus on empathetic re-
sponses and lack fine-grained information for cog-
nitive intervention. Motivated by the need to help
ESC systems identify and correct distorted think-
ing, we construct the CogBiasESC dataset based
on Cognitive Behavioral Therapy (CBT), a widely
accepted theory that explains how cognition shapes

emotional distress. Professional counseling not
only offers emotional comfort but also requires di-
agnosing and intervening in cognitive distortions.
We adopt the classification system proposed by
Beck (Beck et al., 2024), which defines 8 core types
of cognitive distortions, as shown in Table 1. These
types cover common logical errors in mental health
contexts. To support intervention under different
conditions, we further annotate two dimensions:
intensity (mild, moderate, severe) and risk level
(low, medium, high). Intensity reflects distortion
severity, while risk level indicates whether expres-
sions involve personal safety threats, such as sui-
cide. Definitions of these dimensions are provided
in Table 11 and Table 10.

Data Annotation. To ensure diversity across
dialogue scenarios, we select original dialogue
segments from three publicly available datasets:
D4 (Yao et al., 2022), CPsyCounD (Zhang et al.,
2024), and PsyDTCorpus (Xie et al., 2025). Fol-
lowing the previously defined taxonomy of cogni-
tive distortions, we first use GPT-4o to perform an
initial filtering over these datasets, removing sam-
ples in which the help-seeker’s expressions are as-
sessed as containing no cognitive distortions. This
process yields 4,231 dialogues. To validate the reli-
ability of this filtering stage, we randomly sample
200 dialogues for manual inspection. The results
show that 94% of the sampled dialogues indeed
contain at least one type of cognitive distortion,
indicating satisfactory filtering precision. All re-
tained samples are then used for expert annotation.

We recruit three domain experts holding at least
a master’s degree in affective computing or psy-
chology. Each expert independently annotates
all expressions. In contrast to prior datasets that
focus primarily on emotion labels, our annota-
tion protocol requires annotators to identify the
specific type of cognitive distortion, its intensity,
and the risk level. Before formal annotation, we
randomly select 100 samples to train annotators
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Figure 2: Distribution of Cognitive Distortion Types in
CogBiasESC.

and iteratively refine the annotation manual (Ap-
pendix C.2). Large-scale annotation starts only af-
ter the inter-annotator agreement among the three
experts reaches the predefined threshold of κ ⩾
0.70. During annotation, we further develop con-
flict resolution guidelines to address semantic over-
lap between distortion categories, such as the dis-
tinction between catastrophizing and overgeneral-
ization. All unresolved disagreements are adjudi-
cated by a senior supervisor. We also place particu-
lar emphasis on clear risk definitions, ensuring that
any expression indicating self-harm tendencies is
consistently classified into the high-risk category.

Data Statistics. Inter-annotator agreement is
measured using Fleiss’ Kappa, with scores of
κ = 0.73 for distortion type, κ = 0.78 for inten-
sity, and κ = 0.85 for risk level, all falling within
the range of substantial to almost perfect agree-
ment. Samples without consensus are removed,
and final labels are assigned by majority voting.
As summarized in Table 2, the resulting CogBias-
ESC dataset contains 2,499 multi-turn dialogues
and 82,293 utterances, split into 2,094 training and
405 test dialogues with an average of 32.9 turns
per dialogue. Seeker and counselor utterances are
balanced (39,897 vs. 42,396), providing rich bidi-
rectional context for modeling dynamic interven-
tion. Beyond the dialogue-level statistics, we fur-
ther annotate fine-grained segments within each di-
alogue: the 2,499 dialogues yield 8,614 annotated
segments and a total of 15,092 distortion labels,
amounting to an average of 3.2 labels per dialogue.
This multi-label setting reflects the clinical reality
that help-seekers typically exhibit several cogni-

Metric Train Test Overall

Dialogue Statistics
No. of Dialogues 2,094 405 2,499
Total Utterances 70,752 11,541 82,293

Seeker Utterances 34,329 5,568 39,897
Counselor Utterances 36,423 5,973 42,396

Avg. Turns per Dialogue 33.8 28.5 32.9

Annotation Statistics
Annotated Dialogues 2,094 405 2,499
Annotated Samples (Segments) 7,415 1,199 8,614
Total Distortion Labels 12,907 2,185 15,092
Avg. Labels per Dialogue 3.3 3.0 3.2
Distortion Label Types 8 8 8

Table 2: Statistics of the CogBiasESC Dataset. The
dataset is split into training and testing sets with a con-
sistent annotation coverage of 100%.

tive distortions simultaneously rather than a single
isolated bias.

Figure 2 visualizes the distribution of the eight
cognitive-distortion categories. The dataset ex-
hibits a pronounced long-tail pattern consistent
with clinical observations: Emotional Reasoning
dominates at 36.9%, followed by Personalization
(15.0%) and Catastrophizing (12.8%), while cate-
gories that demand deeper semantic inference, such
as Should Statements and Mind Reading, are sub-
stantially rarer. Such imbalance poses a non-trivial
challenge for supervised baselines that tend to col-
lapse toward head categories, and motivates the
cognitively grounded policy learning introduced
in Section 4.1, which decouples distortion identi-
fication from strategy selection so that the reward
signal propagates back to tail categories rather than
being diluted by the majority class. The training
and test splits are constructed to preserve the same
label proportions, ensuring that evaluation on the
405 test dialogues remains representative of the
overall distribution. Complete definitions of dis-
tortion types, risk levels, and intensity grades, to-
gether with the expert annotation guidelines, inter-
annotator κ breakdown, and reward-calibration pro-
tocol, are provided in Appendix C.

4 Methodology
To address the limitations of existing ESC meth-
ods in cognitive distortion diagnosis and strategy
selection, we propose the CoPoLLM. As shown in
Figure 3, CoPoLLM consists of two components.
The CPRL engine learns structured decision poli-
cies that map diagnostic states to suitable interven-
tion strategies under CBT principles. The DSCO
then transfers the learned policy knowledge into
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Figure 3: The overall framework of CoPoLLM.

LLMs, enabling accurate distortion diagnosis and
strategy-aligned intervention generation within a
unified framework.

4.1 Cognitive Policy Reinforcement Learning

The goal of CPRL is to equip the model with dy-
namic decision-making capabilities. Specifically,
it aims to learn high-quality intervention strate-
gies that follow CBT logic while respecting safety
constraints. To this end, CPRL formulates coun-
seling as a multi-agent collaborative environment
E composed of three agents: a counselor agent
Acoun, a help-seeker agent Aseek, and an evalua-
tion agent Aeval. During each interaction cycle,
Aseek produces an utterance exhibiting a prede-
fined cognitive distortion. Based on the observed
state, Acoun selects an intervention strategy. The
Aeval then computes a reward signal by assessing
multi-turn feedback between the counselor and the
help-seeker, which drives iterative policy optimiza-
tion.

State and Action Space. To capture richer se-
mantic information in counseling interactions, we
construct a unified textual state representation
T (st) by concatenating the help-seeker’s utterance
ut with its ground-truth cognitive labels Ct =
⟨bt, it, rt⟩, where bt denotes the cognitive distor-
tion type, it its intensity, and rt the associated risk
level: T (st) = ut⊕desc(bt)⊕desc(it)⊕desc(rt).
A state encoder ϕenc maps this to a continuous state
vector st = ϕenc(T (st)) ∈ Rd.

The action space A consists of K standard

CBT intervention strategies (e.g., Finding the Gray
Area; see Appendix B.4 for details). The coun-
selor agent Acoun uses DQN to approximate the
value function Q(s, a; θ) for each action and se-
lects the optimal action based on the ϵ-greedy pol-
icy π(st) = argmax

a∈A
Q(st, a; θ). Compared with

policy gradient methods such as PPO and DPO, the
value-based formulation allows explicit incorpora-
tion of safety constraints. For example, in high-risk
states, non-safe strategies are penalized to enforce
conservative behavior.

Hybrid Reward and Optimization. To miti-
gate the hallucination risks of LLM evaluators, we
adopt a “rule-guided, model-refined” hybrid reward
mechanism. The reward Rt at timestep t is defined
as:

Rt = ω1 ·Rimp(ut, ut+1)︸ ︷︷ ︸
LLM-based

+ ω2 ·Rmatch(at,bt)︸ ︷︷ ︸
Rule-based

+ω3 ·Rsafe(at, rt)︸ ︷︷ ︸
Rule-based

.

(1)
Here, Rsafe and Rmatch enforce strict adherence

to safety rules and CBT manuals (Appendix B.4).
Rimp is the symptom improvement reward, which
is determined by Aeval based on the response qual-
ity of Acoun and the reduction of cognitive dis-
tortions in Aseek across multiple turns. Prior to
the CPRL loop, Aeval is pre-calibrated using 432
human-annotated cases (Appendix C.4) to reduce
evaluation bias. The target Q-value yt is computed
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by decoupling action selection from evaluation to
reduce overestimation:

yt = Rt+γ ·Q(st+1, argmax
a′∈A

Q(st+1, a
′; θ), θ−),

(2)
where, γ ∈ [0, 1] denotes the discount factor that
balances current rewards and future rewards. θ−

represents the reference model for the online net-
work θ. The policy is optimized by minimizing the
TD error LDQN (θ) = E[(yt −Q(st, at; θ))

2].

4.2 Dual-Stream Conditional Optimization

To integrate the learned optimal policy πθ∗ into the
generative capabilities of LLMs, we introduce the
DSCO, which performs offline policy distillation
under explicit supervision.

Data Enhancement. Since the raw counselor re-
sponses in CogBiasESC did not fully account for
cognitive distortions, we leverage the trained policy
πθ∗ to construct an enhanced dataset, CogBiasESC-
PRO. For each help-seeker utterance ut, πθ∗ infers
the optimal intervention action a∗. Under the guid-
ance of this action, GPT-4o, serving as a teacher
model, generates candidate responses. After man-
ual review and filtering, we obtain high-quality
target responses y∗. Each training instance is rep-
resented as a pair (X,Y ), where X denotes the
dialogue context and Y contains both the cognitive
label sequence Ct and the strategy-aligned response
y∗.

Optimization Objective. To prevent the gener-
ation objective (intervention) from overwhelming
diagnostic learning (diagnosis), DSCO decouples
training into two logical streams through a target-
only masking mechanism Mt. The conditional
masked loss is defined as:

Lτ (ϕ;X,Y ) = −E

[∑T
t=1 Mt(Y ) · logPϕ(st | s<t, X)

∑T
t=1 Mt

]
,

(3)

where Mt equals 1 if token st belongs to the tar-
get sequence Y and 0 otherwise, and ϕ denotes
the parameters of the LLM. The final objective
jointly optimizes diagnostic and intervention learn-
ing: Ltotal(ϕ) = Lτ (ϕ;X, Ct) + Lτ (ϕ;X, y∗).
This dual-stream formulation enables the LLM to
simultaneously acquire accurate cognitive distor-
tion diagnosis and generate interventions that are
consistent with the learned policy.

4.3 Constraint-Aware Reward Formulation

Rather than claiming a strict safety guarantee, we
describe the constraint-aware reward that motivates
the safety term in CPRL and report its empirical
effect in Section 5 and Appendix A.

Definition 4.1 (High-Risk Reward). Let
Shigh ⊂ S and Asafe ⊂ A denote high-risk states
and safety strategies. For st ∈ Shigh,

R(st, at) =

{
rsafe > 0, at ∈ Asafe

−Prisk, at /∈ Asafe,
(4)

with penalty Prisk > 0 and rsafe independent of
Prisk.

As Prisk grows, the value gap between safe and
non-safe actions widens, so under a Boltzmann
policy with bounded future value (Appendix A),
limPrisk→∞

∑
a∈Asafe

π(a | s) = 1. We treat this
as motivation rather than a worst-case guarantee:
penalties are finite and exploration is ϵ-greedy, so a
small fraction of high-risk samples may still receive
non-safe actions. Empirically, our hybrid reward
reduces HRMDR to 0.203, and 90.8% of high-risk
samples in the converged policy exhibit a positive
safety advantage.

5 Experiments
Baselines. We compare CoPoLLM with the fol-
lowing baselines: (1) Close-source: GPT4o-
mini(Achiam et al., 2023), Gemini2.5-Flash-
Lite (Comanici et al., 2025), Grok-4-fast, Qwen-
Turbo (Hui et al., 2024). (2) Open-source:
Llama3.1-8b (Touvron et al., 2023), Qwen3-
8B (Yang et al., 2025), Mistral-7b (Jiang
et al., 2023), Qwen2.5-7b (Hui et al., 2024).
(3) Domain-specific: EmoLLM (Yang et al.,
2024b), PsyDTLLM-Qwen2-7B (Xie et al.,
2025), PsyDTLLM-Llama-3.1-8B (Xie et al.,
2025), MindChat (Yan and Xue, 2023), CPsy-
CounX (Zhang et al., 2024), Xinjing-LM, Psy-
coLLM (Hu et al., 2024).

Implementation Details. We train CoPoLLM
(backbones: Llama3.1-8B, Qwen3-8B, Qwen2.5-
7B) on CogBiasESC-PRO using the DSCO objec-
tive. Training uses 4-bit LoRA (r = 16, α = 32)
for 3 epochs on a single NVIDIA H800 GPU. Key
hyperparameters include a learning rate of 2e− 4
and a batch size of 4. Inference is conducted via
vLLM with greedy sampling (T = 0) for stability.
Full hyperparameters are detailed in Appendix B.
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Method CDD CogA BiaG EmoE StraE CliP SaRM
Type Model P R F1 HRMDR ↓ GPT Hum. GPT Hum. GPT Hum. GPT Hum. GPT Hum. GPT Hum.

Close

GPT4o-mini 0.430 0.500 0.462 0.407 2.27 2.45 2.09 2.09 3.85 3.97 3.33 3.22 3.99 3.95 3.50 3.58
Gemini2.5-Flash 0.599 0.562 0.580 0.576 2.02 2.36 1.94 1.94 4.01 4.01 3.34 3.27 4.11 3.67 3.61 3.29

Grok-4-fast 0.540 0.555 0.547 0.559 2.53 2.96 2.26 2.75 4.20 4.44 3.67 3.72 4.32 4.18 3.67 3.83
Qwen-Turbo 0.460 0.579 0.513 0.509 2.31 2.56 2.14 2.36 3.90 3.79 3.46 3.45 4.13 3.43 3.60 3.05

Open

Llama3.1-8b 0.307 0.515 0.385 0.441 1.98 2.08 1.88 1.71 3.79 3.69 3.15 3.10 3.87 3.71 3.61 3.53
Qwen3-8B 0.381 0.445 0.411 0.441 2.08 2.40 1.95 2.07 3.24 3.75 2.89 3.03 2.97 3.60 3.25 3.43
Mistral-7b 0.283 0.172 0.214 0.983 2.30 2.63 1.97 2.38 3.05 3.16 2.95 2.96 2.99 3.16 3.30 3.32

Qwen2.5-7b 0.377 0.367 0.372 0.797 2.44 2.69 2.18 2.52 3.78 4.11 3.33 3.34 3.94 4.11 3.60 3.73

Domain

EmoLLM 0.437 0.508 0.470 0.390 1.67 2.04 1.71 1.71 2.86 2.93 2.68 2.86 2.90 3.03 3.19 3.08
PsyDTLLM-Qwen2.5-7B 0.276 0.444 0.340 0.559 1.97 2.35 1.87 1.98 3.73 3.90 3.20 3.30 3.82 3.82 3.50 3.43
PsyDTLLM-Llama3.2-8B 0.233 0.363 0.283 0.614 1.80 1.94 1.77 1.83 3.60 3.44 3.07 3.08 3.63 3.44 3.51 3.16

MindChat 0.247 0.276 0.261 0.746 1.62 1.68 1.60 1.55 2.98 3.06 2.81 2.93 3.11 2.98 3.27 2.87
CPsyCounX 0.264 0.293 0.278 0.831 2.40 2.61 2.10 2.26 3.26 3.34 3.14 2.97 3.08 2.99 3.49 2.99

Xinjing 0.231 0.557 0.301 0.458 2.13 2.25 1.96 1.95 3.54 3.04 3.45 2.92 3.20 3.10 3.44 2.98
PsycoLLM 0.357 0.503 0.418 0.864 1.89 2.15 1.86 1.95 3.21 3.18 2.95 3.02 3.29 3.16 3.33 3.12

Ours
CoPoLLM-Llama3.1-8B 0.578 0.604 0.591 0.203 3.12 3.50 2.88 3.33 4.24 4.30 3.64 3.70 4.21 4.28 4.07 3.93

CoPoLLM-Qwen3-8B 0.647 0.636 0.641 0.305 2.95 3.59 2.78 3.46 4.18 4.30 3.55 3.57 4.25 4.15 4.02 4.07
CoPoLLM-Qwen2.5-7B 0.726 0.507 0.597 0.407 2.79 3.39 2.47 3.25 4.22 4.35 3.63 3.84 4.35 4.31 3.88 4.00

Table 3: Overall performance comparison on the CogBiasESC dataset. The best results are highlighted in bold, and
the second-best are underlined. Columns distinguish between automated evaluation (GPT) and Human assessment
(Hum.). HRMDR is better when lower.

Evaluation Protocol and Metrics. We assess
performance across two dimensions: (1) Diagno-
sis: Using Precision, Recall, and Macro-F1 for
Cognitive Distortion Diagnose (CDD). High-Risk
Missed Detection Rate (HRMDR) refers to the pro-
portion of high-risk samples that are missed or
misdetected. A lower HRMDR indicates higher
safety. (2) Intervention: We employ GPT-4o
and human experts to rate responses on a 1-5 Lik-
ert scale across six metrics: Cognitive Awareness
(CogA) and Bias Guidance (BiaG) for CBT ability;
Safety and Risk Management (SaRM) for crisis
control; and Emotional Empathy (EmoE), Strategy
Effectiveness (StraE), and Clinical Professional-
ism (CliP). Among these metrics, CogA and BiaG
evaluate the ability to identify and guide cogni-
tive distortions, while SaRM measures safety han-
dling. EmoE, StraE, and CliP reflect overall re-
sponse quality. Detailed definitions are provided in
Appendix C.5.

Mitigating GPT-4o Circularity and Style Bias.
Because GPT-4o appears at multiple stages of
our pipeline (data filtering, response generation in
CogBiasESC-PRO, and automated scoring), there
is a legitimate concern about circular reinforce-
ment of the teacher model’s stylistic preferences.
We mitigate this risk along three axes. (i) Human-
anchored ground truth: all distortion type, inten-
sity, and risk labels in CogBiasESC are produced
exclusively by human experts (κ ≥ 0.73); GPT-
4o never assigns gold labels. The filtering step
is verified by manual inspection on 200 samples
(94% precision). (ii) Rule and policy constraints

on generation: in CogBiasESC-PRO, GPT-4o op-
erates as a rule-constrained writer driven by the
human-trained DQN policy and explicit CBT strat-
egy definitions, which prevents it from freely propa-
gating its own priors. (iii) Human cross-validation
of evaluation: every GPT-4o score in Table 3 is
paired with an independent human rating from
three domain experts, and our conclusions are con-
sistent across both columns. Together, these con-
straints break the AI-feedback loop by anchoring
the pipeline on human supervision at every decision
point.

5.1 Main Results

Table 3 summarizes the results. On the CDD task,
domain-specific baselines such as CPsyCounX and
PsyDTLLM perform poorly, with F1 scores be-
tween 0.28 and 0.34 and consistently high HRMDR
(> 0.55). This limitation stems from their fine-
tuning data, which lack explicit supervision on
cognitive distortion knowledge. Closed-source
models, including GPT4o-mini and Gemini2.5-
Flash, show stronger generalization (best F1 of
0.580) but still fall short in domain accuracy.
In contrast, CoPoLLM outperforms all baselines.
CoPoLLM-Qwen3 achieves the highest F1 score of
0.641, while CoPoLLM-Llama3.1 attains the low-
est HRMDR of 0.203, indicating fewer high-risk
diagnostic errors.

For intervention generation quality, we observe
a clear gap between surface level empathy and
professional cognitive intervention. EmoLLM,
MindChat and other domain baselines obtain rel-
atively high empathy scores, yet their cognitive
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Method Diag. & Safety Generation Quality (GPT-4)
F1 HRMDR↓ BiaG EmoE StraE SaRM

CoPoLLM (Full) 0.64 0.31 2.78 4.18 3.55 4.02

CPRL Stage Ablations
w/o KL Constraint 0.48 0.36 2.25 4.19 3.51 3.62
w/o Safety Reward 0.57 0.64 2.41 4.15 3.71 3.61
w/o Strategy Rwd. 0.50 0.46 2.21 3.39 2.96 3.57
w/o Symptom Rwd. 0.46 0.34 2.47 4.19 3.70 4.30
w/o DDQN 0.44 0.36 2.11 4.27 3.47 3.60

DSCO Stage Ablations
w/o Diagnosis 0.42 0.51 2.54 4.26 3.34 3.87
w/o Intervention 0.64 0.42 2.08 4.03 3.29 3.59
w/o RL-Aug Data 0.48 0.41 1.78 3.92 2.99 3.44
w/ Pipeline 0.43 0.53 2.61 4.22 3.51 3.91

Inference Strategy
w/ Random - - 2.34 4.16 3.18 3.97
w/ No Strategy - - 2.27 4.17 3.29 3.94

Table 4: Ablation Results.

awareness(CogA < 1.7) and Distortion guidance
(BiaG < 1.8) remain low, suggesting that they
mainly function as empathetic listeners without ef-
fective cognitive intervention. Closed and open
source models perform better, but still lag be-
hind CoPoLLM. Based on Qwen3-8B, CoPoLLM
achieves 3.59 in cognitive awareness and 3.46 in
distortion guidance, ranking first among all models.

Human expert evaluations further reveal the
trade off between empathy and clinical profession-
alism. While Grok-4-fast excels in emotional em-
pathy (EmoE = 4.44), it lacks domain specific
guidance logic (BiaG = 2.75). Most baselines also
show weak crisis handling, with safety risk man-
agement (SaRM) scores around 3.0. CoPoLLM
overcomes this limitation, achieving strong safety
performance (SaRM = 4.07) without sacrific-
ing empathy (EmoE = 4.30) or clinical profes-
sionalism (CliP = 4.31). These results indicate
that CoPoLLM not only generates empathetic re-
sponses, but also provides reliable and safe cogni-
tive intervention.

5.2 Ablation Study
Table 4 reports the ablation results. The full
CoPoLLM model achieves the most balanced per-
formance, with an F1 score of 0.64 and a SaRM
score of 4.02. In the CPRL stage, each reward com-
ponent contributes directly to its target capability.
Removing the strategy reward causes a sharp de-
cline in strategy effectiveness (from 3.55 to 2.96),
while removing DDQN significantly degrades bias
guidance (from 2.78 to 2.11), highlighting the im-
portance of stable value estimation for learning
complex CBT logic. Eliminating the safety reward
increases policy effectiveness (3.71) but dramati-
cally raises risk (HRMDR from 0.31 to 0.64), show-

Figure 4: Human Evaluation across Seekers Groups.

ing that explicit safety constraints are essential. In
the DSCO stage, the dual stream design proves crit-
ical for joint diagnosis and intervention. Without
the diagnosis stream, diagnostic accuracy drops
sharply (F1 = 0.42). Removing RL augmented
data leads to the lowest guidance quality (BiaG
= 1.78), indicating its importance for effective
cognitive intervention. Inference strategy analy-
sis further shows that the learned strategy clearly
outperforms random or no strategy baselines, con-
firming that CoPoLLM captures meaningful cogni-
tive patterns rather than just relying on stochastic
generation.

5.3 Group Discussion

Figure 4 presents human evaluation results across
five groups of help seekers with increasing levels of
cognitive distortion. All models perform similarly
in the unbiased control group (Group A), exhibiting
strong empathy. As distortion severity increases
from Groups B to D, baseline models show clear
cognitive capabilities degradation, with CogA and
BiaG scores rapidly falling below 3.0. In contrast,
CoPoLLM maintains stable performance above 3.5
across these groups, demonstrating strong adapt-
ability to intervention intensity. The most critical
setting is the high risk group (Group E), where help
seekers explicitly express suicidal ideation. In this
scenario, baseline models experience a severe drop
in safety performance (SaRM around 2.2), whereas
CoPoLLM still achieves a stable score of 3.75. This
result indicates that the proposed safety mechanism
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Figure 5: Case Study on Safety Fusing Mechanism in a High-Risk Scenario (Translated from Chinese).

Figure 6: Ranking of strategy hit rates across cognitive
distortion types. The metric is the combined hit rate
(Gold + Silver × 0.75).

enables effective crisis intervention while preserv-
ing empathetic engagement, striking a balance be-
tween clinical rigor and human centered care. De-
tailed results are provided in Appendix D.1.

5.4 Strategy Matching Effectiveness

To empirically verify that CPRL learns meaningful
intervention strategy alignment rather than rely-
ing on random selection, we analyze the counselor
agent’s policy behavior after convergence. The
model is trained for 100k episodes, with evaluation
conducted on test samples from the final 10% of
training. Across all cognitive distortion types, the
agent achieves a Gold strategy hit rate of 73.61%,
which increases to 80.58% when acceptable alter-
native strategies (Silver) are included. As shown in
Figure 6, 6 out of 8 distortion types exceed the 70%
threshold, while the remaining 2 stay above 60%,
with no type falling into a low performance regime.
Distortions with clearer semantic boundaries, such
as Personalization and Mind Reading, exceed 90%,
whereas more ambiguous cases like Emotional Rea-
soning remain stable around 63%. These results
show that CPRL internalizes expert defined bias
strategy associations and degrades gracefully un-
der ambiguity, enabling structured and intensity

adaptive cognitive intervention.

5.5 Case Study: Safety in Crisis Scenarios

Figure 5 illustrates a representative high risk case
in which the user explicitly mentions suicide. Base-
line models generate empathetic responses but
exhibit critical shortcomings. GPT4o-mini and
Qwen3-8B continue encouraging emotional explo-
ration, which may increase risk, while PsyDTLLM
responds passively and fails to acknowledge the
urgency of the situation. In contrast, CoPoLLM
correctly detects high risk signals and activates
its safety constraint strategy. It shifts from cogni-
tive discussion to immediate safety intervention,
providing clear and actionable guidance such as
contacting hotlines or emergency services. This
example demonstrates that CoPoLLM internalizes
high risk penalties and consistently prioritizes life
safety over conversational fluency.

6 Conclusion

This paper presents CoPoLLM, a cognitive policy-
driven framework that systematically addresses the
limitations of existing counseling models in di-
agnosing and intervening in cognitive distortions.
By introducing CogBiasESC, we provide the first
dataset that supports fine-grained cognitive diag-
nosis and risk-aware intervention. Motivated by
a constraint-aware reward formulation and vali-
dated through extensive experiments, CoPoLLM
achieves superior performance over strong base-
lines, including GPT-based and domain-specific
counseling models, in terms of diagnostic accuracy,
intervention effectiveness, and safety risk manage-
ment.

7 Limitation

While CoPoLLM demonstrates robust performance
in simulated environments and expert evaluations,
we identify several avenues for future research to
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further enhance its theoretical breadth and clinical
applicability.

Theoretical and Cultural Generalization. The
current reward mechanism within the CPRL en-
gine is primarily grounded in Beck’s Cognitive
Behavioral Therapy. Future iterations of this frame-
work could benefit from integrating diverse psycho-
logical methodologies, such as psychoanalytic or
humanistic approaches, to address complex cases
that may require alternative intervention strategies.
Furthermore, as the training data currently reflects
specific cultural contexts, subsequent studies will
focus on cross cultural validation. Extending the
model to encompass broader cultural perspectives
is essential to verify its generalization capabili-
ties and ensure effectiveness across diverse demo-
graphic backgrounds.

Clinical Validation and Real-world Deployment.
Although we have tried to incorporate human evalu-
ation calibration both in the implementation of our
method and in the experiments, and have achieved
the best results in expert evaluations, CoPoLLM
has not yet undergone large-scale randomized con-
trolled trials in real clinical settings. The transi-
tion from controlled simulations to practical ap-
plications remains a key objective. Future work
will prioritize rigorous medical validation to as-
sess the model’s effectiveness and robustness in
dynamic counselor-seeker interactions, ensuring
that it meets the strict standards required for pro-
fessional mental health support.

8 Ethical considerations

The development and deployment of artificial in-
telligence in psychological counseling entail sig-
nificant ethical responsibilities. We strictly adhere
to the following principles and measures to ensure
safety and compliance.

Safety Boundaries and Accountability. Al-
though CoPoLLM incorporates a reinforcement
learning based safety mechanism designed to trig-
ger crisis intervention modes upon detecting risks
such as self harm or suicide, AI systems function
solely as supportive tools and cannot replace pro-
fessional human counselors. Our deployment pro-
tocols strictly mandate the inclusion of prominent
non medical device disclaimers on user interfaces.
In high risk scenarios, the system is engineered
to enforce immediate recommendations for offline

medical treatment or emergency hotline contact to
ensure user safety.

Mitigating Emotional Dependency. Given the
advanced empathetic capabilities of large language
models, there is a potential risk of users developing
excessive emotional reliance on the system. To
address this, our reward function design explic-
itly restricts unwarranted emotional induction in
non essential situations. The framework prioritizes
an empowerment strategy aimed at fostering self
cognitive regulation capabilities in users, thereby
discouraging maladaptive dependence on virtual
interactions.

Fairness and Distortion Mitigation. We com-
mit to the continuous monitoring of model perfor-
mance across distinct demographic groups, includ-
ing varying genders, ages, and social backgrounds.
This ongoing assessment aims to identify and mit-
igate potential algorithmic discrimination arising
from imbalances in training data distribution, en-
suring equitable and unbiased support for all users.

Data Usage, Consent, and Release Policy. The
CogBiasESC dataset comprises both synthetic di-
alogue data and a subset derived from existing
human-subject datasets. The human-subject por-
tion (e.g., D4) was originally collected under ap-
proved ethical review processes by the original
data providers, and access was granted to the au-
thors through an authorized review procedure. We
strictly adhere to the original data usage agree-
ments and do not recollect, re-identify, or redis-
tribute any human-subject data. To minimize eth-
ical risks and protect participant privacy, we will
not publicly release the human-subject portion of
the dataset. Instead, we will release the fully
synthetic subset of CogBiasESC along with pre-
processing and annotation scripts, enabling trans-
parency and reproducibility while respecting con-
sent constraints and ethical obligations. The syn-
thetic subset, CPRL training code, and CoPoLLM
LoRA adapters are released at https://github.
com/Chips98/CoPoLLM-for-ACL-2026.
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A Safety Analysis
In this section, we provide the formal derivation
supporting the illustrative property of asymptotic
safety concentration discussed in Section 4.3. We
reiterate that this result is presented as a motivation
for our hard-penalty safety reward design, not as
a worst-case safety guarantee: the actual penalties
used in training are finite (Table 7), exploration
is governed by an ϵ-greedy schedule, and a small
fraction of high-risk samples may still receive non-
safe actions, as observed empirically in Figure 7.

Assumption C.1 (Boundedness of Base Re-
wards). We assume the intrinsic environmen-
tal rewards (excluding the risk penalty Prisk) are
bounded. That is, for any state-action pair, the
base reward satisfies |Rbase(s, a)| ≤ Rmax. Conse-
quently, the value function associated with base
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rewards is bounded by Vmax = Rmax
1−γ , where

γ ∈ [0, 1) is the discount factor.
Assumption C.2 (Finite Action Space). The

action space A is finite.
Assumption C.3 (Unique Optimal Safety Ac-

tion). For any high-risk state s ∈ Shigh, there
exists a unique safety action asafe ∈ Asafe whose
immediate reward is strictly higher than that of any
non-safety action when the risk penalty is removed.

Assumption C.4 (Risk Penalty Structure). The
risk penalty parameter Prisk appears only in the im-
mediate reward of non-safety actions as defined in
Definition 4.1, and does not affect the state transi-
tion dynamics or the reward of safety actions.

Assumption C.5 (Fixed Temperature). The
Boltzmann temperature parameter τ satisfies τ > 0
and is fixed with respect to Prisk.

Property 4.2 (Asymptotic Safety Dominance).
Let s ∈ Shigh be a high-risk state. Under Assump-
tions C.1–C.5, and under the Boltzmann policy
π(a|s) ∝ exp(Q(s, a)/τ) with the reward func-
tion defined in Definition 4.1, the probability of
selecting the safety action satisfies

lim
Prisk→∞

π(asafe | s) = 1. (5)

Proof. Let asafe ∈ Asafe be a representative safety
strategy and aother /∈ Asafe be any non-safety strat-
egy. Decomposing the reward into the base reward
and the risk penalty, the Q-value for the safety ac-
tion is:

Q(s, asafe) = rsafe + γEs′ [V
∗(s′)], (6)

where rsafe is bounded. For the non-safety action,
using Definition 4.1:

Q(s, aother) = −Prisk +Rbase(s, aother) (7)

+ γEs′′ [V
∗(s′′)] (8)

Now, we analyze the gap between these Q-
values. Subtracting Eq. (8) from Eq. (6):

∆Q = Q(s, asafe)−Q(s, aother)

= Prisk + (rsafe −Rbase(s, aother)) + γ∆Vfuture.
(9)

Under Assumption C.1, the base rewards and
their associated future values are bounded. Thus,
as Prisk → ∞, the linear term Prisk dominates Eq.
(9):

lim
Prisk→∞

∆Q = ∞. (10)

Next, consider the Boltzmann policy probability
for selecting asafe:

π(asafe | s) =
eQ(s,asafe)/τ

eQ(s,asafe)/τ +
∑

j ̸=safe e
Q(s,aj)/τ

.

(11)
Dividing both the numerator and denominator by
eQ(s,asafe)/τ yields:

π(asafe | s) =
1

1 +
∑

j ̸=safe e
−∆Qj/τ

, (12)

where ∆Qj = Q(s, asafe) − Q(s, aj). Since
limPrisk→∞∆Qj = ∞ for all aj /∈ Asafe, and the
action space is finite (Assumption C.2), each expo-
nential term converges to zero:

lim
Prisk→∞

∑

j ̸=safe

e−∆Qj/τ = 0. (13)

Consequently, we obtain:

lim
Prisk→∞

π(asafe | s) = 1. (14)

This completes the proof.

Empirical Verification: Safety Mechanism Val-
idation. To empirically verify the Safety Domi-
nance in High-Risk States, we evaluated the agent’s
response behavior on a test set containing 938 high-
risk samples (labeled with self-harm or suicidal
tendencies) and a control group of normal sam-
ples. We define the “Safety Advantage” as the
difference between the Q-value of the Crisis In-
tervention strategy (asafe) and the maximum Q-
value of all other non-safety strategies: ∆Qrisk =
Q(s, asafe)−maxa′ ̸=asafe Q(s, a′).

The distribution of this Safety Advantage, as
shown in Figure 7, provides compelling evidence
for the existence of the theoretical “Safety Barrier.”
The distribution curve is heavily skewed to the pos-
itive side, with a mean advantage of 3.735 and a
median of 4.351. Notably, 90.8% of the high-risk
samples exhibit a positive advantage (∆Qrisk > 0),
confirming that in the vast majority of crisis scenar-
ios, the penalty term Prisk successfully drives the
network to assign the highest value to the safety
protocol. The distinct separation between the pri-
mary density peak and the zero baseline empiri-
cally validates the “Policy Polarization” derived in
Property 4.2.

From a classification performance perspective
(Table 5), the model achieves an F1-score of 0.878,
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demonstrating a robust balance between sensitiv-
ity and specificity. Crucially, the model maintains
a high Precision of 96.36%, implying that when
the agent triggers the safety mechanism, it is al-
most certainly responding to a genuine risk signal.
This high precision effectively mitigates the risk
of alert fatigue for human supervisors. Simultane-
ously, the False Positive Rate on normal samples
is controlled at a low level of 3.05%, ensuring
that the strict safety protocols do not interfere with
standard emotional support dialogues. This data
proves that CoPoLLM has successfully learned to
strictly override cognitive interventions with crisis
management only when necessary.

Figure 7: Distribution of Safety Advantage (∆Qrisk).
The density curve shows that for high-risk samples,
the Q-value of the Crisis Intervention strategy is sig-
nificantly higher than other strategies (Mean=3.735),
forming a safety dominance area.

Safety Performance Metrics Value

Total High-Risk Samples 938
Crisis Intervention Rate (Recall) 80.70%
Normal State False Positive Rate 3.05%
Precision 96.36%
F1-Score 0.878
Average Safety Advantage (∆Q) 3.7351± 1.9761
Positive Advantage Sample Ratio 90.8%

Table 5: Summary of Safety Fuse Performance Metrics

B Detailed Implementation and
Experimental Settings

B.1 Training Implementation Details

We trained the CoPoLLM models using the
trl (von Werra et al., 2020) framework. We uti-
lized the Dual-Stream Conditional Optimization
(DSCO) method to balance distortion diagnosis
and intervention generation. To optimize memory
usage on a single NVIDIA H800 GPU (80G), we

employed 4-bit quantization (QLoRA) with the fol-
lowing configurations:

• LoRA Configuration: Rank r = 16, Al-
pha α = 32, Dropout 0.05. Target modules
include q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, and down_proj.

• Optimizer: AdamW with β1 = 0.9, β2 =
0.999, and ϵ = 1e− 8.

• Scheduler: Cosine learning rate schedule
with a warmup ratio of 0.03.

• Gradient: Max gradient norm clipped at 0.3
to prevent gradient explosion.

Training required approximately 16 hours for 3
epochs. For inference, we used the vllm (Kwon
et al., 2023) library to accelerate generation. We
controlled sampling parameters to ensure repro-
ducibility and clinical stability: temperature set to
0.0, top_p = 0.9, top_k = 5, and max_tokens =
128.

B.2 Evaluation Metrics Definition
We employed a comprehensive set of metrics to
evaluate both diagnostic accuracy and intervention
quality.

Classification Metrics.

• CDD (Cognitive Distortion Diagnosis):
Standard Precision, Recall, and Macro-F1
scores calculated on the CogBiasESC test set.

• HRMDR (High Risk Missed Detection
Rate): Defined as the ratio of high risk sam-
ples misclassified as low risk, medium risk,
or non-distorted. Lower scores indicate better
performance in identifying crisis signals such
as suicide or self-harm.

Generation Quality Metrics (1-5 Likert Scale).
All generation metrics were evaluated by both GPT-
4o (using the prompt in Figure 17) and a panel of
three psychology experts.

• CogA (Cognitive Awareness): Measures
whether the model explicitly identifies the log-
ical fallacy in the help-seeker’s statement (e.g.,
pointing out overgeneralization).

• BiaG (Distortion Guidance): Evaluates if
the model uses appropriate CBT techniques
(e.g., Socratic questioning) to guide the user
in cognitive restructuring.
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• SaRM (Safety and Risk Management): Crit-
ical for high risk queries. A score of 5 indi-
cates immediate and correct crisis intervention
(e.g., hotline referral), while a score of 1 indi-
cates ignoring the risk or encouraging harmful
behavior.

• EmoE (Emotional Empathy): The degree of
warmth, understanding, and emotional reso-
nance in the response.

• StraE (Strategy Effectiveness): The plausi-
bility and helpfulness of the advice for the
current situation of the user.

• CliP (Clinical Professionalism): Assesses
the tone, boundaries, and ethical adherence of
the counselor simulator.

B.3 Cognitive Policy RL Engine (CPRL)

This section details the training implementation
and experimental results of the Cognitive Policy
RL Engine (CPRL), the core decision-making mod-
ule of CoPoLLM. We describe the training infras-
tructure, hyperparameter configurations, reward
shaping mechanisms, and convergence dynamics
observed during the 100,000-episode iterative pro-
cess.

Training Process and Infrastructure. We con-
ducted CPRL training using a Vectorized Par-
allel Environment architecture to ensure high-
throughput sample collection and stable gradient es-
timation. The infrastructure consists of Nenv = 32
parallel threads, each maintaining an independent
asynchronous counselor-seeker dialogue session.
The core algorithm employs KL-Regularized Dou-
ble DQN (KL-DDQN) as described in the Method-
ology section.

Hyperparameter Configuration. We utilized
the AdamW optimizer for training the policy net-
work Qθ. To balance the exploration-exploitation
trade-off, we employed an ϵ-greedy strategy with
linear decay over the first half of the training pro-
cess. Table 6 lists the specific hyperparameters
used in our experiments.

Hierarchical Reward Shaping Mechanism. To
guide the agent toward professional behaviors, we
implemented a strict hierarchical reward function
R(s, a). This logic prioritizes safety, followed by
strategy alignment and intensity adaptation. Ta-
ble 7 details the scalar values used during training.

Parameter Category Symbol Value

General Training Settings
Total Training Episodes K 100,000
Parallel Environments Nenv 32
Discount Factor γ 0.8
Experience Replay Capacity |D| 100,000
Batch Size B 32

Network Architecture (Q-Network)
State Embedding Dimension din 1024
Hidden Layers - [256, 128]
Action Space Dimension |A| 10
Dropout Rate pdrop 0.1

Optimization (KL-DDQN)
Learning Rate η 1× 10−4

KL Penalty Coefficient β 0.1
Temperature τ 1.0
Target Network Update Freq. Itarget Every 10 Batches

Exploration Strategy
Initial Epsilon ϵstart 0.9
Final Epsilon ϵend 0.1
Decay Steps Tdecay 50,000

Table 6: Hyperparameter Configuration for CPRL Train-
ing

Priority Layer Condition Description Reward Value

1. Safety Fuse
High Risk + Crisis Intervention (A9) +4.0
High Risk + Missed Intervention (A ̸= A9) -1.0
No Risk + False Positive (A9) -2.0

2. Strategy Matrix
Optimal Match (Gold Strategy) +1.8
Acceptable Backup (Silver Strategy) +0.2
Mismatch / Unknown -0.5

3. Intensity Modifier
Severe Intensity + Gold Strategy +1.2 (Bonus)
Mild Intensity + Gold Strategy -0.8 (Penalty)

Table 7: Hierarchical Reward Shaping Logic

The large magnitude difference between the safety
penalty and other rewards ensures that safety vi-
olations create a steep value gradient, effectively
acting as a soft constraint during Q-learning opti-
mization.

The specific scalar values used during training
are detailed in Table 7. Notably, the large magni-
tude difference between the safety penalty (-1.0/-
2.0) and other rewards ensures that safety violations
create a steep value gradient, effectively acting as
a hard constraint during Q-learning optimization.

Training Results and Convergence Analysis.
The training process spanned 100,000 episodes.
We monitored model convergence using two pri-
mary metrics: Total Loss (Ltotal, comprising TD
error and KL divergence) and Average Reward per
episode.
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(a) Training Trajectories: Loss and Reward over 100,000 Iterations.

(b) Detailed Metrics: Loss Decomposition and Reward Distribution.

Figure 8: Performance Analysis of the CPRL Engine. (a) The left charts show the inverse correlation between
the decreasing Loss (blue) and increasing Average Reward (orange). (b) The right dashboard highlights the Loss
Reduction (56.1%) and the dominant role of Q-Loss compared to the auxiliary KL-Loss.

Loss Convergence and Decomposition. As
shown in Figure 8a, the Total Loss exhibited a
robust downward trend, decreasing from an ini-
tial value of ≈ 0.64 to a final converged value of
≈ 0.28, representing a 56.1% reduction. The log-
scale plot confirms that optimization followed a
stable exponential decay pattern. Loss decompo-
sition analysis (Figure 8b) highlights the stability
of the regularization term. The Q-Loss (Temporal
Difference Error) accounted for ≈ 95.4% of the
total gradient magnitude, driving policy updates,
while the KL-Loss remained stable at a low ratio
(≈ 4.6%). This indicates that KL regularization
successfully constrained policy updates within a
trust region without hindering Q-value learning.

Reward Trajectory and Policy Evolution. The
Average Reward curve demonstrates three distinct

phases of policy evolution:

1. Cold Start Phase (0 - 20k Iterations): The
agent operated under high exploration (ϵ >
0.5). The average reward fluctuated between
0.2 and 0.5, corresponding to a random base-
line where the agent frequently triggered mis-
match penalties.

2. Growth Phase (20k - 70k Iterations): As
the policy network captured the logic of the
Strategy Matrix, the reward curve exhibited a
linear growth trajectory. The combined plot
shows a crossover point around 30k iterations
where reward gain began to outpace loss vari-
ance.

3. Convergence Phase (70k - 100k Iterations):
The metrics collectively validate that the
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CPRL engine converged to a stable policy,
balancing therapeutic efficacy with safety con-
straints.

These metrics collectively validate that the
CPRL engine has successfully converged to a
professional-level policy, balancing the maximiza-
tion of therapeutic efficacy with the strict con-
straints of safety and consistency.

B.4 CBT Strategy Matching Matrix
To ensure the professional validity of generated
interventions, CoPoLLM employs a mapping be-
tween diagnosed cognitive distortions and therapeu-
tic strategies. This mapping serves as the ground
truth for the Strategy Alignment Reward (Rmatch)
in the CPRL engine.

Action Space Definition. The action space A
consists of 10 distinct intervention strategies de-
rived from standard CBT manuals:

• General Support: A0: Empathic Validation
(Baseline).

• Cognitive Interventions: A1: Finding the
Gray; A2: Examine the Evidence; A3: Real-
ity Testing; A4: De-catastrophizing; A5: Cost-
Benefit Analysis; A6: Reattribution (Respon-
sibility Pie); A7: Behavior vs. Identity; A8:
Feelings vs. Facts.

• Safety Mechanism: A9: Crisis Intervention
(Triggered strictly by risk detection).

Gold and Silver Strategy Mapping. Table 8
details the “Gold/Silver Strategy Matrix” imple-
mented in our code.

• Gold Strategy (+1.8 Reward): The optimal,
surgically precise intervention for a specific
distortion.

• Silver Strategy (+0.2 Reward): Acceptable
alternatives that provide support or partial cog-
nitive correction without being the most direct
counter-technique.

C Dataset and Annotation Guidelines

C.1 Expert Recruitment
We recruited three experts with a background in
psychology and at least a master’s degree to as-
sist us in tasks such as dataset annotation and re-
sult evaluation. We paid them at an hourly rate

of $45, which is significantly higher than the aver-
age hourly wage for local research assistants (ap-
proximately $25-30). During the annotation and
evaluation process, we provided detailed annota-
tion manuals, evaluation guidelines, and case ref-
erences, with full technical support and channels
for feedback throughout. The annotation and eval-
uation tasks were carried out in phases, and the
corresponding remuneration was settled immedi-
ately upon completion of each phase of work to
ensure timely payment.

C.2 CogBiasESC Annotation Manual
Please refer to Figure 12, Figure 13, and Figure 14
for the annotation manual of CogBiasESC. To en-
sure annotation consistency, we developed a com-
prehensive coding manual based on Beck’s Cog-
nitive Therapy. Table 9, Table 10, and Table 11
provide the detailed definitions and criteria used by
expert annotators for Cognitive Distortion Types,
Risk Levels, and Distortion Intensities, respec-
tively.

C.3 Details of Human Evaluation
To ensure rigorous statistical evaluation, we
adopted distinct calculation strategies tailored to
the nature of each annotation dimension. For Cog-
nitive Distortion types, which allow for multiple
simultaneous labels, the reported average repre-
sents the macro-average of binary Cohen’s Kappa
coefficients calculated in a One-vs-Rest manner. In
contrast, Risk Level and Distortion Intensity are
mutually exclusive multi-class attributes. Conse-
quently, their “Overall” metrics were calculated
using the standard Multi-class Cohen’s Kappa to
evaluate global agreement across the full confusion
matrix, whereas individual category scores were
derived using a One-vs-Rest Binary Kappa. It is
statistically expected for the Multi-class Global
Kappa (e.g., 0.85 for Risk) to exceed the scores
of certain sub-categories (e.g., 0.72 for Medium
Risk). This phenomenon is attributed to the preva-
lence paradox in binary Kappa calculations, where
lower label frequency exacerbates the penalty for
disagreements. Thus, the Global Kappa provides
a holistic measure of consensus, while individual
scores reflect strict sensitivity for specific labels.

Statistical Analysis of Agreement. As illus-
trated in Figure 9, the annotation agreement re-
mains robust across dimensions, with specific vari-
ations reflecting the complexity of different classi-
fication tasks.
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Cognitive Distortion Gold Strategy (Optimal) Silver Strategy (Acceptable)

All-or-Nothing Thinking A1: Finding the Gray
Breaking binary opposition.

A8: Feelings vs. Facts
A2: Examine the Evidence

Overgeneralization A2: Examine the Evidence
Finding exceptions to negative rules.

A0: Empathic Validation
A1: Finding the Gray

Catastrophizing A4: De-catastrophizing
Planning for worst-case scenarios.

A0: Empathic Validation
A2: Examine the Evidence

Mind Reading A3: Reality Testing
Checking facts vs. assumptions.

A0: Empathic Validation
A8: Feelings vs. Facts

Emotional Reasoning A8: Feelings vs. Facts
Separating subjective feelings from ob-
jective reality.

A0: Empathic Validation
A3: Reality Testing

Should Statements A5: Cost-Benefit Analysis
Evaluating the utility of rigid rules.

A0: Empathic Validation
A7: Behavior vs. Identity

Personalization A6: Reattribution
Redistributing responsibility (Pie
Chart).

A0: Empathic Validation
A3: Reality Testing

Labeling A7: Behavior vs. Identity
Distinguishing specific actions from self-
worth.

A0: Empathic Validation
A5: Cost-Benefit Analysis

Table 8: The Strategy Matching Matrix used for Rmatch calculation. This matrix defines the optimal (Gold) and
acceptable (Silver) interventions for each cognitive distortion type.

Cognitive Distortion Types. The global Kappa
for cognitive distortion identification is 0.73,
falling within the range of “Substantial Agreement”
(0.61 − 0.80). Categories with explicit linguistic
markers achieved the highest consensus; specifi-
cally, Labeling (κ = 0.82) and Catastrophizing
(κ = 0.80) reached “Almost Perfect Agreement.”
In contrast, categories requiring deeper semantic in-
ference, such as Should Statements (κ = 0.62) and
Overgeneralization (κ = 0.66), showed slightly
lower but still substantial agreement.

Risk Level Assessment. For the clinical dimen-
sion of Risk Level, annotators achieved a strong
overall agreement of 0.85. While this represents
a slight variance from individual class scores due
to the multi-class calculation method, it indicates
a reliable consensus on safety assessment. Specif-
ically, the identification of Low Risk samples was
highly consistent (κ = 0.83), and the critical High
Risk category achieved a substantial agreement of
κ = 0.79. This level of reliability suggests that
while the distinction between adjacent risk classes
(e.g., High vs. Medium) can be subtle, the experts
maintain a unified standard for detecting crisis sig-
nals.

Distortion Intensity. The annotation of distor-
tion intensity demonstrated stable reliability with
an overall Kappa of 0.78. The agreement was high-
est for Severe distortions (κ = 0.77), suggesting
that intense emotional expressions are consistently

recognized, while Mild distortions (κ = 0.69) in-
troduced slightly more subjectivity.

C.4 Human-Annotated Reward Calibration
Dataset

To prevent the Evaluator Agent from overfitting to
the idiosyncrasies of a raw LLM, we constructed
a lightweight human-annotated dataset for pre-
calibration. This ensures the reward model is
grounded in professional clinical standards.

Dataset Composition. The dataset contains 432
triples of state, response of counselor and label of
reward. Each instance was independently labeled
by three annotators with backgrounds in psychol-
ogy. The annotation criteria focused on three key
dimensions:

• Strategy Match (0/1): Whether the coun-
selor’s chosen technique aligns with the iden-
tified cognitive distortion type.

• Intervention Adequacy (-1/0/+1): Whether
the strength of the intervention is appropriate
for the user’s emotional intensity (where -1
indicates insufficient empathy, +1 indicates
overly aggressive confrontation, and 0 is bal-
anced).

• Risk-Handling Quality (0/1): Whether the
response strictly complies with safety proto-
cols in high-risk scenarios (e.g., self-harm
ideation).
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Distortion Type Definition Typical Expression Pattern

Emotional Reasoning Judging reality based on personal emotional feelings rather
than objective evidence (i.e., "I feel it, therefore it must be
true").

"I feel useless, so I am useless."
"I feel scared, so there must be danger."

Personalization Attributing responsibility for external events to oneself
without evidence, assuming excessive blame for problems.

"It’s all my fault."
"Others are unhappy because of me."

Labeling Applying fixed, global, and negative labels to oneself or
others based on isolated behaviors.

"I am a loser."
"I am good for nothing."

Catastrophizing Exaggerating the negative consequences of events, an-
ticipating the worst-case scenario, and magnifying small
problems.

"If I fail this, my life is over."
"This means everything is ruined."

All-or-Nothing Viewing things in binary, extreme terms (black-and-white),
ignoring intermediate states or nuances.

"If I’m not perfect, I’m a failure."
"Everyone hates me."

Overgeneralization Drawing universal conclusions based on a single or iso-
lated incident.

"I always mess things up."
"Nothing ever goes right for me."

Mind Reading Claiming to know others’ thoughts or intentions (usually
negative) without sufficient evidence.

"They must think I’m stupid."
"He didn’t say hi, so he must hate me."

Should Statements Using words like "should," "must," or "ought to" to impose
unreasonable demands on oneself or others.

"I should be doing better than this."
"People must always be fair to me."

Table 9: Definitions and Criteria for Cognitive Distortion Types in CogBiasESC.

Risk Level Criteria & Indicators

High Risk Presence of clear self-harm or suicidal tendencies, or a severe psychological crisis. Includes
explicit plans, extreme hopelessness, or loss of reality testing.

Medium Risk Significant emotional distress (e.g., severe anxiety, depression) affecting social functioning, but
without immediate threat to life.

Low Risk Mild emotional discomfort or adjustment issues. Overall functioning remains stable with intact
coping resources.

Table 10: Clinical Definitions for Risk Levels.

Calibration Process. We aggregated the human
labels using majority voting to create ground-truth
reward targets. The Evaluator Agent was then fine-
tuned using a supervised objective:

LRM = −
∑

logP (reward_label | response, state)
(15)

To ensure data quality, we calculated the inter-
annotator agreement using Cohen’s Kappa, achiev-
ing κ = 0.68 for strategy matching and κ = 0.72
for safety compliance, indicating substantial agree-
ment. This hybrid approach, which merges rule-
based CBT logic with human-aligned value learn-
ing, notably reduces reward hacking and model
drift.

C.5 Human Evaluation Protocol
To ensure the clinical validity of our results, we
recruited three professional annotators with psy-
chology backgrounds (two Ph.D. candidates and
one Master’s student specializing in Clinical Psy-
chology). None of the annotators were authors of
this paper.

Protocol and Compensation. The evaluation
process lasted for two weeks. Annotators were

compensated at a rate of 35 CNY per hour, which
is approximately double the local average hourly
wage for research assistants. The evaluation was
strictly double-blind; annotators evaluated shuf-
fled model responses without knowing the source
model.

Quality Control. Before the formal evaluation,
a pilot study was conducted using 50 randomly
sampled dialogues. During this phase, we aligned
the grading standards for the six metrics (CogA,
BiaG, EmoE, StraE, CliP, SaRM) with the prompts
shown in Figure 10 and Figure 11. The pilot phase
continued until the group reached a Fleiss’ Kappa
of 0.75. In the final formal evaluation, the average
inter-annotator agreement was κ = 0.61, indicat-
ing substantial agreement for subjective clinical
assessments.

D Additional Experimental Results

D.1 Fine-grained Performance Analysis
across Seeker Groups

To scrutinize model stability across different clini-
cal scenarios, we visualized the scores of six eval-
uation metrics across five distinct seeker groups
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Intensity Description

Severe Distortion is obvious, frequent, and deeply held. It severely affects judgment and behavior, with
the user unable to question the thought.

Moderate Distortion is identifiable and has a negative impact, but the user retains some capacity for self-
reflection and control.

Mild Distortion is slight or infrequent. The user can easily identify and question the thought with
minimal guidance.

Table 11: Grading Standards for Distortion Intensity.

Figure 9: Average Kappa Coefficient Analysis across three datasets. The dashed lines represent the thresholds for
"Substantial" (0.6) and "Almost Perfect" (0.8) agreement.

using heatmaps. The seeker groups are stratified
by the severity of cognitive distortion and risk
level: Group A (No Distortion), Group B (Mild),
Group C (Moderate), Group D (Severe), and
Group E (High Risk). For Group A, metrics re-
lated to distortion diagnosis and guidance (CogA
and BiaG) are not applicable. Figure 16 illustrates
the performance of 15 representative models. We
observe the following critical patterns:

Performance Degradation in Baselines. There
is a clear inverse correlation between distortion in-
tensity and model performance for most baseline
models. As the difficulty shifts from Mild (Group
B) to Severe (Group D) and High Risk (Group
E), models such as GPT-4o-mini, Grok-4-fast, and
Llama3.1-8B show a marked decline in Cognitive
Awareness (CogA) and Distortion Guidance (BiaG).
For instance, the CogA score of GPT-4o-mini drops
from 2.73 (Group B) to 1.64 (Group E), indicat-
ing that general LLMs struggle to maintain profes-
sional judgment when faced with intense irrational
emotions or complex logical fallacies.

Safety Risks in High Risk Scenarios. Group
E (High Risk) represents the most critical test for
safety mechanisms. Most baselines exhibit a sig-
nificant performance dip in Safety & Risk Manage-

ment (SaRM) for this group. Notably, even strong
open-source models like Llama3.1-8B drop to a
SaRM score of 2.46 in Group E, suggesting a fail-
ure to prioritize crisis intervention over general
conversation.

Robustness of CoPoLLM. In contrast, the
CoPoLLM series demonstrates stability across all
groups. Specifically:

• Consistent Professionalism: CoPoLLM-
Qwen3-8B maintains a CogA score above 3.0
even in severe and high risk groups, demon-
strating that the RL-based strategy success-
fully internalized CBT diagnostic logic, ren-
dering it invariant to input intensity.

• Safety Alignment: In the high risk group
(Group E), our models achieve SaRM scores
ranging from 3.78 to 3.83, significantly out-
performing baselines. This confirms that the
safety mechanism in our policy network effec-
tively triggers protective responses in critical
situations.

These visualizations qualitatively validate that
CoPoLLM masters the dynamic decision-making
capability required for professional cognitive inter-
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vention rather than merely mimicking empathetic
language.

D.2 Overall Human Evaluation Visualization
Figure 15 presents a comprehensive heatmap of
human evaluation scores across all 15 models.
The color gradient reveals a critical divergence
in current LLM capabilities. As observed in
the Emotional Empathy (EmoE) column, most
models—including general-purpose baselines and
domain-specific models—exhibit high scores, indi-
cating universal proficiency in emotional support.
However, baseline models show lower scores in
the Cognitive Awareness (CogA) and Distortion
Guidance (BiaG) columns. This corroborates the
observation that while baselines may empathize
with surface emotions, they often fail to diag-
nose and treat underlying cognitive roots. In con-
trast, the CoPoLLM series maintains high scores
across all six dimensions. CoPoLLM-Qwen3-8B,
in particular, achieves scores exceeding 3.5 in
cognitive-specific metrics where baselines strug-
gle to surpass 2.5. Furthermore, in the critical
Safety & Risk Management (SaRM) dimension,
CoPoLLM demonstrates superior robustness com-
pared to open-source peers, validating that the in-
tegration of the CPRL engine effectively balances
professional cognitive intervention with strict risk
control.

E Prompts and Case Studies

E.1 Evaluation Prompt
Please refer to Figure 17 and Figure 18 for the
specific prompts of GPT scoring.
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Figure 10: Cognitive Intervention Assessment Prompt for Human (Translated from Chinese)
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Figure 11: Holistic Session Evaluation Prompt for Human (Translated from Chinese)
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Figure 12: CogBiasESC Annotation Manual-Part 1
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Figure 13: CogBiasESC Annotation Manual-Part 2
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Figure 14: CogBiasESC Annotation Manual-Part 3
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Figure 15: Cross-Model Comparison of Human Eval-
uation Scores. The heatmap highlights the "Warm but
Blind" phenomenon in baselines (high EmoE but low
CogA/BiaG) versus the balanced professionalism of
CoPoLLM.
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Figure 16: Performance heatmaps of 15 representative models across 5 seeker groups and 6 evaluation metrics.
Group A to E represent increasing levels of distortion intensity and risk. Grey blocks indicate that the metric is not
applicable for the "No Distortion" group. Warmer colors (Red/Orange) indicate higher performance, while cooler
colors (Blue/Green) indicate lower performance. CoPoLLM demonstrates superior robustness in high-intensity
(Group D) and high-risk (Group E) scenarios compared to baselines.
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Figure 17: Cognitive Intervention Assessment Prompt for GPT (Translated from Chinese)
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Figure 18: Holistic Session Evaluation Prompt for GPT (Translated from Chinese)
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