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Abstract001

Amid persistent shortages in mental health ser-002
vices, large language models (LLMs) have003
emerged as promising tools for counseling004
support. However, training reliable counselor005
models requires high-quality data with ex-006
plicit therapeutic frameworks, whereas exist-007
ing LLM-synthesized datasets often lack au-008
thenticity and professional intervention annota-009
tions, limiting controllable, framework-aligned010
generation. To address these challenges, we011
construct CBTDialog, a multi-turn counsel-012
ing dialogue dataset focused on Cognitive Be-013
havioral Therapy (CBT), consisting of real-014
world and simulated-client sessions with over015
81k counselor–client utterances. Grounded in016
CBT authoritative assessment tool and text-017
book, we provide a hierarchical intervention018
annotation schema comprising goal-level CBT019
skills and implementation-level dialogue strate-020
gies. Moreover, we propose CBT-Qwen3, a021
counselor model trained on CBTDialog that022
leverages reinforcement learning to explicitly023
guide and constrain the generation process un-024
der CBT intervention. Experiments demon-025
strate the effectiveness of our proposed model.026

1 Introduction027

A recent report by the World Health Organization1028

indicates that over one billion people worldwide029

are affected by mental health conditions, while the030

global supply of professional counselors remains031

severely limited. Meanwhile, large language mod-032

els (LLMs) have demonstrated strong capabilities033

in general conversational modeling (Hurst et al.,034

2024), which has spurred growing research inter-035

est in LLM-based counselor models (Qiu et al.,036

2024b; Team, 2024; Zhao et al., 2025), which offer037

a promising opportunity to alleviate the shortage of038

mental health services. In this context, constructing039

high-quality counseling dialogue datasets is a criti-040

1https://www.who.int/news/item/02-09-2025

Many people feel nervous about making 
mistakes at work — it’s a common stress 
reaction.

Lately, when I’m at work, I keep worrying 
that I’ll say something stupid and 
everyone will think less of me.

Yeah, that's something that's always 
on my mind.

And what would be so bad about 
that if you did say something 
stupid at work?

Because people would think I 
was weird.

Can you think of a time when you made 
a mistake at work, and how people 
actually responded?

Well… yeah, last week I stumbled on my words 
in a meeting, but my coworkers just laughed it 
off and moved on.

CBT Intervention

CBT Skill: 
Understanding

Dialogue Strategy: 
Psychoeducation

CBT Skill: 
Guided Discovery

Dialogue Strategy: 
Socratic Questioning

CBT Skill: 
Focus on Key Cognitions 

& Behaviors

Dialogue Strategy: 
Cognitive Restructuring

Figure 1: An example from CBTDialog illustrates the
structured process of CBT intervention and highlights
the hierarchical relationship between CBT skills ("what
to do") and dialogue strategies ("how to do").

cal prerequisite for developing reliable LLM-based 041

counseling systems. 042

Therefore, several studies propose empathy or 043

emotional support datasets (Liu et al., 2021; Li 044

et al., 2023; Qiu et al., 2024a; Hu et al., 2025; Qiu 045

and Lan, 2025). However, these datasets generally 046

do not incorporate structured therapeutic frame- 047

works, resulting in models that lack professional in- 048

tervention competence. Recently, works (Lee et al., 049

2024; Xiao et al., 2024; Zhang et al., 2024a; Xie 050

et al., 2025) introduce Cognitive Behavioral Ther- 051

apy (CBT), a structured and evidence-based thera- 052

peutic framework, to guide LLMs in synthesizing 053

counseling dialogue data. Despite careful design, 054

LLM-synthesized dialogues remain constrained by 055

model-specific generation patterns, leading to ho- 056

mogeneous expressions and limited situational fi- 057

delity. As a result, such data often fail to capture 058

the authentic dynamics of real counselor–client in- 059

teractions. 060

Beyond data construction, annotation efforts also 061

face limitations. Early work (Sharma et al., 2020) 062

draws on psychological empathy scales to anno- 063

1
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Dataset Source Ther. Frm. Int. Ann. Language #Dialogues #Utterances Avg. Turns

ESConv (2021) Crowdsourcing ✗ ✓ English 1,053 31,410 14.1
Xinling (2023) Real-world ✗ ✓ Chinese 2,382 186,972 37.8
SmileChat (2024a) Synthetic ✗ ✗ Chinese 55,165 1,833,856 5.7
PsyDial (2025) Previous Datasets ✗ ✗ Chinese 2,382 180,066 37.8

CACTUS (2024) Synthetic ✓ ✗ English 31,577 995,512 16.6
HealMe (2024) Synthetic ✓ ✗ English 1,300 7,800 3.0
CPsyCounD (2024a) Synthetic ✓ ✗ Chinese 3,134 49,802 8.1
PsyDTCorpus (2025) Synthetic ✓ ✗ Chinese 5,000 256,150 18.1

CBTDialog (Ours) Real-world +
Simulated-client

✓ ✓ English 2,626 81,486 14.8

Table 1: Comparisons of existing dialogue datasets for mental health support. Ther. Frm. indicates whether a
therapeutic framework is used to provide structured guidance during data construction, and Int. Ann. indicates
whether the dataset provides professional intervention annotations.

tate three types of empathic communication mech-064

anisms. Later studies (Sun et al., 2021; Liu et al.,065

2021) adopt Helping Skills Theory (Hill, 1999) and066

annotate emotional support strategies. Subsequent067

research (Li et al., 2023; Hu et al., 2025) introduces068

annotations of clients’ emotional reaction behav-069

iors. However, these annotation schemes remain070

primarily focused on empathy or emotional support071

rather than being grounded in specific therapeutic072

frameworks, making it difficult to design explicit073

training signals for controllable and framework-074

aligned counselor response generation.075

To this end, we introduce CBTDialog, a multi-076

turn counseling dialogue dataset oriented toward077

Cognitive Behavioral Therapy (CBT). Specifically,078

we collect counseling videos from two public plat-079

forms and apply a rigorous data processing pipeline080

to ensure data quality and ethical compliance. Fi-081

nally, we construct a dataset that includes 47%082

real-world sessions and 53% simulated-client2 ses-083

sions, comprising 2,626 CBT-oriented counseling084

dialogues with 81,486 utterances. The dataset in-085

volves 50 licensed counselors and covers eight cat-086

egories of client’s presenting problems.087

We further propose a hierarchical CBT interven-088

tion annotation schema. The upper level, CBT089

skills (“what the counselor aims to achieve”), cap-090

tures the functional goals of each intervention091

and is grounded in the Cognitive Therapy Rating092

Scale–Revised (CTRS-R, developed by the two093

founders of CBT). The lower level, dialogue strate-094

gies (“how the counselor carries out the interven-095

tion”), describes the concrete linguistic and behav-096

ioral implementations, drawing on an authoritative097

2The counselors are licensed clinical psychologists, and
the clients are simulated by (1) other counselors, (2) gradu-
ate students of counselors, and (3) participants at academic
conferences.

CBT textbook (Beck, 2020). As illustrated in Fig- 098

ure 1, this schema makes explicit how the coun- 099

selor’s goals and strategy choices progress as they 100

work through a client’s presenting problem. 101

To enable controllable counselor response gen- 102

eration that adheres to CBT principles, we pro- 103

pose a two-stage training framework and develop 104

CBT-Qwen3, a counselor model trained on the 105

CBTDialog. In the first stage, we employ super- 106

vised fine-tuning (SFT) with teacher forcing to 107

teach the model role norms, output formats, and 108

basic counseling response capabilities. However, 109

relying solely on SFT often leads the model to 110

mechanically imitate training samples, hindering 111

alignment with CBT principles. To address this 112

issue, we utilize Group Relative Policy Optimiza- 113

tion (GRPO) (Shao et al., 2024) in the second stage 114

for alignment and constraint. We design reward 115

functions that explicitly incorporate CBT skills and 116

dialogue strategies as guiding signals. This directly 117

drives the model to follow CBT intervention prin- 118

ciples when generating responses, exhibiting CBT- 119

specific characteristics. 120

To summarize: ❶ To the best of our knowledge, 121

CBTDialog is the first multi-turn CBT counsel- 122

ing dialogue dataset that combines real-world and 123

simulated-client sessions. ❷ We propose a hier- 124

archical annotation schema of CBT skills and di- 125

alogue strategies, making explicit the structured 126

CBT intervention process. ❸ We introduce CBT- 127

Qwen3, a counselor model trained with reinforce- 128

ment learning that leverages CBT skills and dia- 129

logue strategies as explicit signals for controllable, 130

CBT-aligned generation. ❹ Experimental results 131

show that CBT-Qwen3 consistently outperforms 132

baselines in both CBT intervention and generation 133

quality, improving the professional consistency of 134

CBT counseling responses. 135
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2 CBTDialog136

2.1 Data Collection and Preprocessing137

Data source. We collected 147 hours of indi-138

vidual counseling session videos from YouTube139

(youtube.com) and Alexander Street (alexander-140

street.com) by searching the keywords (e.g.,141

"CBT"). See Table 6 for details.142

Data filtering and cleaning. After collecting143

the raw source videos, we applied the following144

pipeline: (1) Preliminary video screening. We man-145

ually reviewed all videos and retained only clips146

in which a counselor and a client engaged in coun-147

seling interactions. Non-counseling clips (e.g., in-148

troductions, equipment checks, post-session sum-149

maries) were removed. This yielded 125 hours of150

valid videos. (2) Therapeutic framework identifi-151

cation. To determine whether a session followed152

CBT, we first combined multiple background infor-153

mation: session titles, descriptions, explicit men-154

tions of CBT techniques within the counseling, and155

counselor identity (verified via web search). Then,156

sessions with uncertain framework were adjudi-157

cated through majority voting by three graduate158

students specializing in clinical psychology and159

trained by a licensed CBT counselor. Finally, we160

retained only CBT sessions, totaling 95 hours. (3)161

Automatic speech recognition. We extracted the162

audios from videos with FFmpeg tool and obtained163

transcripts via WhisperX tool. (4) Transcript clean-164

ing. We performed minimal cleaning with GPT-4.1165

to fix dropped tokens/garbled text and normalize166

punctuation, ensuring completeness and readability.167

More details are provided in Appendix A.1.168

Speaker identification. We first applied an auto-169

matic speaker-identification method (Zheng et al.,170

2023) to determine whether each utterance was171

spoken by the counselor or the client, and then172

conducted manual verification and correction.173

Session segmentation and presenting problem174

annotation. We adopt a presenting problem taxon-175

omy defined by the Yidianling mental health coun-176

seling platform as the candidate label set. Lever-177

aging LLMs, we segmented each session into di-178

alogue units by detecting stable shifts in the pre-179

senting problem, and then finalized the start and180

end utterances via ensemble voting with boundary181

refinement. See Appendix A.2 for details.182

Privacy-preserving de-identification. To maxi-183

mally protect the privacy of both clients and coun-184

selors and to reduce the risk of re-identification,185

we first applied a personal identifiable informa-186

Category Total Counselor Client

#Sessions (real/simulated) 210 (99/111) - -
#Dialogues 2,626 - -
#Speakers 188 50 138
#Utterances 81,486 38,977 42,509
#Tokens 1,049,712 597,919 451,793
Avg. utterances per dialogue 31.03 14.84 16.19
Avg. length per utterance 13.04 15.34 10.63

Table 2: Statistics of CBTDialog.

tion (PII) detection model3 to automatically pre- 187

annotate the transcripts. The detection covered 188

common categories of PII, such as names, contact 189

details, location information, employment affilia- 190

tions, temporal references, and government or med- 191

ical identifiers. Subsequently, we replaced sensitive 192

spans using placeholders and semantic generaliza- 193

tion, followed by manual verification and boundary 194

correction performed by three graduate students 195

trained in CBT. Finally, we constructed the CBT- 196

Dialog dataset, as summarized in Table 2. 197

2.2 CBT Intervention Annotation 198

Existing annotations remain at general dimensions 199

such as empathy or emotional support, failing to 200

explicitly represent concrete clinical intervention 201

structures. To address this, we propose a hierarchi- 202

cal annotation schema for each counselor utterance 203

in CBTDialog, consisting of CBT skills (what to 204

do) and dialogue strategies (how to do). 205

Label definition. We define the CBT skill labels 206

grounded in the CTRS-R, an authoritative rating 207

scale comprising 11 core items used to assess CBT 208

counselors’ competence. In consultation with a li- 209

censed counselor, we exclude five items (e.g., Col- 210

laboration) that require session-level observation. 211

We therefore retain the remaining six items and add 212

Others, yielding a total of seven CBT skill labels. 213

Following the CBT textbook (Beck, 2020), 214

and to cover the core framework of "cognition- 215

behavior–emotion" of CBT, we discussed with the 216

counselor and organized the strategies into four 217

major categories (cognitive, behavioral, emotional, 218

and educational & monitoring), comprising eleven 219

specific items. Detailed descriptions of all labels 220

are provided in Appendix A.3. 221

Annotation procedure. We first utilized five 222

advanced LLMs to automatically annotate each 223

counselor utterance, assigning candidate CBT skill 224

and dialogue strategy labels through ensemble vot- 225

ing with confidence-weighted fusion. The top three 226

3
https://huggingface.co/iiiorg/piiranha-v1-detect-per

sonal-information
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Categories Count Proportion
Pr

es
en

tin
g

Pr
ob

le
m

Personal Growth 781 29.7%
Emotional Distress 748 28.5%
Mental Health Conditions 367 14.0%
Adolescent Psychology Issues 178 6.8%
Interpersonal Relationships 163 6.2%
Occupational & Academic Stress 157 6.0%
Marriage & Family 142 5.4%
Romantic Relationships 90 3.4%
Overall 2,626 100.0%

C
B

T
Sk

ill

Understanding 8,331 21.4%
Interpersonal Effectiveness 5,158 13.2%
Guided Discovery 4,699 12.1%
Focus on Key Cognitions & Behaviors 10,450 26.8%
Strategy for Change 5,230 13.4%
Action Plan 1,675 4.3%
Others 3,434 8.8%
Overall 38,977 100.0%

D
ia

lo
gu

e
St

ra
te

gy

Cognitive Distortion Identification 2,399 6.2%
Cognitive Restructuring 2,221 5.7%
Socratic Questioning 5,658 14.4%
Problem-Solving & Functional Analysis 3,760 9.6%
Positive Reinforcement & Shaping 4,269 11.0%
Skills & Role Training 2,367 6.1%
Other Behavioral Interventions 1,703 4.4%
Emotion Identification & Labeling 5,475 14.0%
Emotion & Acceptance Skills 1,669 4.3%
Psychoeducation 7,934 20.4%
Mood & Behavior Monitoring 1,522 3.9%
Overall 38,977 100.0%

Table 3: Statistics of all the annotations in CBTDialog.
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Figure 2: The distribution of presenting problems in
CBTDialog.

categories with the highest predicted probabilities227

were retained as the candidate set. The prompt de-228

sign used for LLM-based annotation is illustrated229

in Figure 12. Subsequently, we recruited three grad-230

uate students specializing in clinical psychology,231

who independently reviewed and adjudicated the232

candidate labels to produce the final annotations.233

Annotation agreement. To evaluate inter-234

annotator agreement, we computed Fleiss’235

κ (Fleiss, 1971). For samples with low agreement,236

the annotators re-examined and discussed the237

cases until consensus was reached. Finally, the κ238
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Figure 3: The distribution of CBT skills at different
conversation progress.
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Figure 4: The distribution of dialogue strategies at dif-
ferent conversation progress.

values were 0.89 for CBT skill labels and 0.86 for 239

dialogue strategy labels, indicating a high level 240

of consistency (Landis and Koch, 1977). The 241

statistics of CBT intervention annotations are 242

summarized in Table 3. 243

2.3 Data Characteristics 244

As shown in Figure 2, CBTDialog covers eight ma- 245

jor categories of clients’ presenting problems and 246

further spans 82 fine-grained subcategories, reflect- 247

ing its diversity and providing a solid foundation 248

for modeling real-world counseling dialogues. 249

To better illustrate the role of CBT intervention 250

labels in counseling dialogues, we visualize how 251

CBT skills and dialogue strategies are distributed 252

across different phases of the conversation. For 253

CBT skills, as illustrated in Figure 3, Understand- 254

ing dominates the opening phase, where counselors 255

listen, understand clients’ concerns, and build trust. 256

In the middle phase, Guided Discovery and Focus 257

on Key Cognitions & Behaviors increase, facilitat- 258

ing problem clarification and cognitive-behavioral 259

exploration. Toward the later phase, Strategy for 260

Change and Action Plan become prominent, indi- 261

cating a shift toward formulating and implementing 262

concrete behavioral changes. For dialogue strate- 263

gies, as shown in Figure 4, Emotion Identification 264
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& Labeling and Socratic Questioning are frequently265

used in the early and middle stages to guide clients’266

awareness and reasoning; Problem-Solving & Func-267

tional Analysis and Positive Reinforcement & Shap-268

ing increase in the middle phase, as counselors269

work on behavioral planning and reinforcement;270

and toward the end, Cognitive Restructuring and271

Skills & Role Training dominate, marking the shift272

to concrete cognitive modification and behavioral273

rehearsal.274

3 Methodology275

3.1 Task Definition and Framework Overview276

Task definition. Formally, let a corpus be D =277

{(x(i), y(i))}|D|i=1, where x(i) consists of an instruc-278

tion prompt and the dialogue history D
(i)
t =279

{u(i)1 , . . . , u
(i)
t } at time step t, and y(i) = u

(i)
t+1280

denotes the next counselor response. The goal is to281

learn a conditional probability distribution pθ(y|x)282

parameterized by θ. In this work, the output of the283

counselor model follows the format illustrated in284

Figure 5, where the <counselor_intervention>285

field serves as an intermediate reasoning step (Guo286

et al., 2025).287

Framework overview. We propose a two-stage288

training framework, including supervised fine-289

tuning (SFT) stage for cold start and group relative290

policy optimization (GRPO) stage for alignment291

and control. In the SFT stage, the goal is to acquire292

basic response generation—producing contextually293

coherent replies conditioned on the client’s utter-294

ances. In the GRPO stage, we treat CBT skills295

and dialogue strategies as explicit guidance signals,296

aligning generation with CBT intervention norms297

to improve controllability and clinical consistency.298

<counselor_intervention>

<cbt_skill>[CBT skill name]</cbt_skill>

<dialogue_strategy>[dialogue strategy name]</dialogue_strategy>

</counselor_intervention>

<counselor_response>

[Your response content here.]

</counselor_response>

Figure 5: The format of our counselor model output.

3.2 SFT for Cold Start299

In this stage, we design the prompt to guide the300

model in learning the desired response format and301

internalizing the influence of CBT skills and di-302

alogue strategies on response content. The full303

instruction design is provided in Table 14. For-304

mally, the SFT objective minimizes the negative305

log-likelihood over the corpus D: 306

LSFT(θ) = −E(x,y)∼D

[
m∑

j=1

log πθ (yj | y<j , x)

]
, (1) 307

where yj denotes the j-th token in the ground-truth 308

counselor response. 309

3.3 Reward Modeling for GRPO 310

To guide the counselor model toward safe and CBT- 311

consistent responses, we design a multi-component 312

reward r for the GRPO stage, consisting of a safety 313

reward rsafe, a CBT intervention reward rcbt, a con- 314

tent fidelity reward rcon, and a format compliance 315

reward rfmt. Given the input prompt x(i) and gen- 316

erated response ŷ(i), we formally define the reward 317

r(i) as: 318

r(i) =

{
0, if unsafe,
λ1r

(i)
safe + λ2r

(i)
cbt + λ3r

(i)
con − λ4r

(i)
fmt, otherwise,

319

where λm∈{1,2,3,4} denotes the trade-off hyperpa- 320

rameter. Specifically, 321

Safety reward. For training a counselor model, 322

we regard response safety as paramount. Accord- 323

ingly, we employ a toxicity classifier to detect 324

whether the generated responses contain potentially 325

harmful content. If the response is flagged as high 326

risk (insult, threat, obscene, identity hate, or sex- 327

ually explicit), we set the overall reward to zero, 328

enforcing a strict safety-first policy to minimize 329

potential harm. 330

CBT intervention reward. This component 331

evaluates whether the CBT skills and dialogue 332

strategies used in the intervention are appropriate, 333

thereby keeping the counselor model’s interven- 334

tions controlled and aligned with CBT practice. 335

The reward rcbt comprises two parts: 336

(1) CBT Skill Matching. We assign a graded re- 337

ward rskill based on the degree of consistency be- 338

tween the predicted CBT skill Φpred and the ground- 339

truth CBT skill ΦGT. An exact match receives the 340

full reward, while a partial reward is granted when 341

the predicted skill differs from the ground truth but 342

matches the reference skill Φref generated by the 343

reference model. Formally, 344

rskill =

{
1, if Φpred = ΦGT,

δ, if Φpred ̸= ΦGT ∧ Φpred = Φref,

0, otherwise,
345

where δ ∈ (0, 1) is a hyperparameter. 346

(2) Dialogue Strategy Matching. Following a de- 347

sign analogous to CBT skill matching, exact strat- 348

egy matches receive the full reward, while partial 349
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You are a Cognitive Behavioral 
Therapy (CBT)-oriented counselor. 
Based on the presenting problem and 
dialogue context, select EXACTLY ONE 
CBT skill and EXACTLY ONE dialogue 
strategy (from the whitelists below), 
then generate one counselor reply.

Presenting Problem: Emotional 
dysregulation

Counselor: Any other questions or 
anything else you’d like to share?

Client: I’m feeling more positive 
than I have in a long time, but even 
this positive mood feels hard to 
manage.

Safety CBT 
Intervention

Content 
Fidelity

Format 
Compliance

Ground Truth

Input Prompt

Reward Modeling

<counselor_intervention>
<cbt_skill>Understanding</cbt_skill>
<dialogue_strategy>Psychoeducation
</dialogue_strategy>
</counselor_intervention>

<counselor_response>
Yeah, because your body doesn’t
distinguish between stress and 
positivity.
</counselor_response>

Policy Model
𝜋!

Reference
Model
𝜋"#$

Policy Optimization

Caluate Return

Caluate Advantage

GRPO
𝑟

KL Regularization

Figure 6: The GRPO stage for CBT-Qwen3.

rewards are assigned for reasonable mismatches,350

including matches to the reference strategy or351

category-level matches:352

rstrat =


1, if Ψpred = ΨGT,

µ, if Ψpred ̸= ΨGT ∧ Ψpred = Ψref,

η, if Ψpred ̸= Ψref ∧ C(Ψpred) = C(ΨGT),

0, otherwise,

353

where Ψpred represents the predicted dialogue354

strategy, µ, η ∈ (0, 1) are hyperparameters, and355

C(·) maps a strategy to one of four coarse cate-356

gories: cognitive, behavioral, emotional, and edu-357

cational/monitoring.358

Content fidelity reward. Unlike objectively ver-359

ifiable tasks such as mathematics or coding, coun-360

seling response generation requires evaluating how361

well a generated reply aligns with the target content.362

Such alignment is crucial for maintaining faithful-363

ness to the counseling intent, ensuring task adher-364

ence, and reducing semantic drift during generation.365

Accordingly, we adopt ROUGE-L (Lin, 2004) and366

BERTScore (Zhang et al., 2020a) to measure the367

similarity between the generated responses and the368

ground-truth counselor replies, and use these met-369

rics to reward high-quality outputs that are well370

aligned with authentic CBT counselor responses.371

Format compliance reward. We verify struc-372

tural correctness by checking the required XML373

tags, as shown in Figure 5. Responses that fail to374

meet these format requirements receive a penalty.375

3.4 Policy Optimization376

In the GRPO stage, we optimize the counselor pol-377

icy to generate responses aligned with CBT inter-378

vention principles by comparing multiple candidate379

responses to the same counseling context. Given380

a counseling query q = x(i), the old policy πθold381

is initialized from the frozen model obtained after382

the SFT stage and samples a group of G candidate 383

responses: o = {o1, o2, . . . , oG}, whereG denotes 384

the group size. For each candidate response oi, we 385

compute a scalar reward r(q, oi) using the multi- 386

component reward defined in Section 3.3. To em- 387

phasize relative quality among candidates, GRPO 388

normalizes rewards within each group and com- 389

putes a standardized advantage: 390

Âi =
r(q, oi)−mean(r(q,o))

std(r(q,o))
. (2) 391

The policy is optimized by maximizing the GRPO 392

objective: 393

J (πθ) = Eq∼D, {oi}Gi=1∼πθold
(·|q)[

1

G

G∑
i=1

(Si − βKL(πθ, π
ref))

]
,

(3) 394

395
Si = min(siÂi, clip(si, 1− εlow, 1 + εhigh)Âi), (4) 396

where si =
πθ(oi|q,o<i)

πθold
(oi|q,o<i)

denotes the policy ratio, 397

πθ and πref represent the online policy model and 398

offline reference model, respectively. Moreover, 399

we adopt a clip-higher strategy to encourage explo- 400

ration of low-probability tokens and promote diver- 401

sity in policy generation (Yu et al., 2025). Here, 402

εlow and εhigh denote the lower and upper clipping 403

thresholds, respectively. 404

4 Experiments 405

4.1 Baseline Systems 406

To evaluate the performance of our proposed model, 407

we first selected six representative LLMs. These 408

include three advanced closed-source LLMs (GPT- 409

4.1, Gemini-2.5-Pro, and Claude-Opus-4.1) and 410

three powerful open-source LLMs (DeepSeek-R1, 411

Qwen3-235B-Instruct, and Kimi-k2). The design 412

of the instruction prompt can be found in Figure 13. 413

For the CBT intervention prediction, each LLM is 414

prompted to take the role of a CBT counselor, rea- 415

soning about which CBT skills and dialogue strate- 416

gies should be employed to address the client’s 417

presenting problem and guide the response gen- 418

eration. Moreover, we implement a multi-task 419

learning model, Qwen3-Multitask. Specifically, 420

we insert a CLS token in the end of input prompt 421

to enable CBT skill and dialogue strategy predic- 422

tion, and introduce two auxiliary task: the CBT 423

skill classification task and the dialogue strategy 424

classification task. 425
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CBT Intervention Counselor Response

Skill_Acc Strategy_Acc B-2 Avg.B Rouge-L PPL (↓) B.S. Dist-1 Dist-2 Dist-3 Safety

Closed
GPT-4.1-2025-04-14 33.09 24.22 1.43 1.99 7.06 5.44 47.07 4.11 27.34 55.39 ✓

Gemini-2.5-Pro 34.29 25.93 2.45 3.05 8.45 5.35 48.57 6.75 35.28 60.15 ✓

Claude-Opus-4.1 34.16 24.14 1.62 2.09 7.70 5.62 48.39 4.08 29.48 57.68 ✓

Open
DeepSeek-R1-0528 25.53 20.62 1.46 2.06 6.43 5.88 45.49 6.51 34.08 59.03 ✓

Qwen3-235B-instruct 29.41 23.83 1.66 2.29 7.29 5.55 46.81 5.69 28.48 51.56 ✓

kimi-k2-0711-preview 20.67 20.45 1.48 2.07 6.80 5.72 46.12 6.14 33.54 59.87 ✓

Ours
Qwen3-Multitask 29.25 24.40 1.77 2.28 7.12 5.85 47.56 7.47 35.66 59.14 ✓

CBT-Qwen3 42.32 31.36 3.54 3.82 10.01 5.15 50.76 9.45 38.72 62.25 ✓

Table 4: Comparison results of different methods on the CBTDialog dataset. "B-2", "Avg.B", "PPL", and "B.S."
represent BLEU-2, Avg BLEU, perplexity, and BERTScore, respectively.

4.2 Evaluation Metrics426

Automatic evaluation metrics. For the coun-427

selor response, following previous studies (Liu428

et al., 2021; Qiu et al., 2024a), we adopt several429

widely used automatic evaluation metrics, includ-430

ing BLEU-2 (Papineni et al., 2002), Avg BLEU,431

ROUGE-L, perplexity (Zhang et al., 2020b),432

BERTScore, and Distinct (Li et al., 2016). To433

further ensure the ethical reliability of generated434

responses, we introduce a Safety metric to assess435

whether a response is non-toxic. Responses with436

a toxicity classifier score above 99.00 (out of 100)437

are considered safe. For the CBT intervention pre-438

diction, we adopt accuracy for both CBT skills and439

dialogue strategies to evaluate the model’s ability440

to make appropriate CBT-consistent intervention441

decisions.442

Human evaluation metrics. Inspired by (Sun443

et al., 2021), the human evaluation was conducted444

across four dimensions: (1) Fluency, whether the445

response is grammatically correct and naturally ex-446

pressed; (2) Coherence, whether the response is log-447

ically consistent and semantically well-connected;448

(3) Intervention Competence, whether the response449

demonstrates genuine counseling competence and450

adheres to the structured process and intervention451

logic of CBT; (4) Helpfulness, whether the re-452

sponse provides substantive support, guidance, or453

insight to the client.454

4.3 Automatic Evaluation455

Table 4 presents the comparison results of different456

models on the CBTDialog dataset. As shown, CBT-457

Qwen3 achieves the best overall performance on458

both CBT intervention prediction and counselor re-459

sponse generation tasks, outperforming all closed-460

source and open-source baselines.461

CBT Intervention Prediction. In predicting462

CBT skills and dialogue strategies, CBT-Qwen3463
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Understanding
Strategy for Change
Others
Interpersonal Effectiveness
Guided Discovery
Focus on Key Cognitions & Behaviors
Action Plan

Figure 7: Predicted distribution of CBT skills generated
by CBT-Qwen3.
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Problem-Solving & Functional Analysis
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Cognitive Distortion Identification

Figure 8: Predicted distribution of dialogue strategies
generated by CBT-Qwen3.

surpasses the best-performing baseline, Gemini- 464

2.5-Pro, by approximately 8 and 5 percentage 465

points, respectively. This substantial improvement 466

can be attributed to our two-stage training frame- 467

work, particularly the GRPO stage, where CBT 468

skills and dialogue strategies are incorporated as 469

explicit guidance signals. Through reward shap- 470

ing, this stage reinforces the model’s adherence to 471

structured intervention logic, leading to greater con- 472

trollability and clinical consistency. Moreover, the 473

predicted stage-wise distributions in Figure 7 (CBT 474

skills) and Figure 8 (dialogue strategies) show that 475

CBT-Qwen3 generally follows the structure recom- 476

mended by CBT intervention annotations. 477
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CBT Intervention Counselor Response

Skill_Acc Strategy_Acc B-2 Avg.B Rouge-L PPL (↓) B.S. Dist-1 Dist-2 Dist-3 Safety

CBT-Qwen3 42.32 31.36 3.54 3.82 10.01 5.15 50.76 9.45 38.72 62.25 ✓

-w/o SFT 41.34 30.12 3.21 3.55 9.62 5.23 50.40 9.01 37.33 61.45 ✓

-w/o GRPO 40.65 27.62 3.11 3.48 9.36 5.57 50.26 8.89 36.88 60.73 ✓

-w/o GRPO, CBT-intervened - - 2.98 3.34 9.15 5.70 50.12 8.21 35.66 59.14 ✓

Table 5: Ablation studies of our CBT-Qwen3 model. "B-2", "Avg.B", "PPL", and "B.S." represent BLEU-2, Avg
BLEU, perplexity, and BERTScore, respectively.

Counselor Response Generation. CBT-Qwen3478

also demonstrates outstanding performance in re-479

sponse generation quality. It achieves higher scores480

on traditional generation metrics such as BLEU-2481

and ROUGE-L, indicating better semantic consis-482

tency and contextual coherence. Moreover, CBT-483

Qwen3 achieves notable improvements on diversity484

metrics (Dist-1, Dist-2, and Dist-3), suggesting en-485

hanced linguistic richness and expressive variety486

while maintaining semantic accuracy. This result487

further shows that, in generating professional coun-488

seling responses, CBT-Qwen3 effectively mitigates489

the problem of expression homogeneity commonly490

observed in LLM-generated text.491

4.4 Ablation Studies492

As shown in Table 5, we conduct ablation studies493

to assess the contributions of each training stage494

and the CBT intervention signals. We consider the495

following variants: (1) "-w/o SFT": removes the496

SFT stage and directly runs GRPO without cold497

start; (2) "-w/o GRPO": keeps only the first-stage498

SFT, without GRPO stage; (3) "-w/o GRPO, CBT-499

intervened": includes only SFT while removing the500

implicit CBT intervention from the input prompt,501

training the model to produce natural counselor-502

style responses without explicit intervention cues.503

Results indicate that the cold start provided by SFT,504

the professional alignment and controllability in-505

troduced by GRPO, and the intervention guidance506

from CBT signals are all critical to the overall per-507

formance of CBT-Qwen3.508

4.5 Human Evaluation509

To further verify the effectiveness of CBT-Qwen3,510

we conducted a human evaluation on 100 randomly511

sampled cases from the test set. Three graduate512

students trained in CBT were invited to evaluate513

the responses generated by our model and the best-514

performing baseline, Gemini-2.5-Pro. Each dimen-515

sion was rated on a 1–5 Likert scale, and the final516

score was computed as the average of the three517

raters. As shown in Figure 9, CBT-Qwen3 substan-518

0% 25% 50% 75% 100%

Helpfulness

Intervention
Competence

Coherence

Fluency

CBT-Qwen3 (Ours) Gemini-2.5-Pro

Figure 9: Human evaluation results.

tially outperforms Gemini-2.5-Pro in the Interven- 519

tion Competence dimension, indicating that it bet- 520

ter captures the professional intervention structure 521

of CBT-oriented counseling. Furthermore, CBT- 522

Qwen3 also achieves higher scores in Helpfulness 523

dimension, suggesting that its responses provide 524

more substantive emotional support and cognitive 525

guidance. Finally, in Fluency and Coherence di- 526

mensions, both models perform comparably, in- 527

dicating that the GRPO stage did not lead to ba- 528

sic language degradation—CBT-Qwen3 maintains 529

natural and coherent expression while achieving 530

greater professional consistency. 531

5 Conclusion 532

We introduce CBTDialog, a CBT counseling 533

dialogue dataset that combines real-world and 534

simulated-client sessions with a hierarchical an- 535

notation scheme that captures the CBT interven- 536

tion process via CBT skills and dialogue strategies, 537

alleviating the scarcity of real-world data and pro- 538

fessional intervention annotations. Building on 539

CBTDialog, we develop CBT-Qwen3, a counselor 540

model trained in two stages (SFT then GRPO) that 541

treats CBT skills and dialogue strategies as explicit 542

guidance and constraint signals to achieve control- 543

lable, CBT-aligned generation. Both automatic 544

and human evaluations show significant improve- 545

ments in intervention competence and clinical con- 546

sistency, demonstrating the model’s promising po- 547

tential in mental health counseling. 548
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Limitations549

Although our work makes valuable contributions550

to the field of mental health support, several lim-551

itations warrant further investigation. First, the552

proposed CBTDialog dataset is collected from two553

platforms, YouTube and Alexander Street. Coun-554

seling dialogues from these platforms may exhibit555

potential sampling biases in terms of audience de-556

mographics, counseling formats, and the distribu-557

tion of presenting problems. As a result, the dataset558

may not fully represent the diversity of real-world559

counseling scenarios and populations.560

Second, CBTDialog currently contains only561

English-language counseling dialogues, which lim-562

its its linguistic and cultural diversity. Across563

different languages and cultural contexts, clients564

vary substantially in how they express psycho-565

logical concerns, manifest emotions, and respond566

to therapeutic interventions. Expression patterns,567

metaphors, and socio-cultural assumptions com-568

monly observed in English counseling settings may569

not generalize to other linguistic or cultural envi-570

ronments. This language and cultural homogeneity571

further constrains the dataset’s coverage of cross-572

cultural counseling scenarios.573

Consequently, the CBT-Qwen3 model trained on574

CBTDialog is, at its current stage, more suitable575

for clients who primarily communicate in English576

and whose counseling contexts align with West-577

ern therapeutic traditions. For users from differ-578

ent cultural backgrounds or non-English-speaking579

populations, the generated counseling responses580

may exhibit limitations in cultural appropriateness,581

pragmatic naturalness, and the suitability of inter-582

vention strategies.583

Future work will focus on incorporating counsel-584

ing data from more diverse sources and in multiple585

languages, as well as explicitly accounting for cul-586

tural differences and localization needs during data587

construction and model training, in order to im-588

prove the generalization and practical applicability589

of the model in cross-lingual and cross-cultural590

mental health support settings.591

Ethical Considerations592

Data Construction. The CBTDialog dataset is593

constructed from publicly accessible counseling594

videos collected from YouTube and Alexander595

Street. All data were accessed in accordance with596

the respective platforms’ terms of service and were597

strictly used for research purposes. We do not re-598

distribute any original video or audio content. To 599

protect individual privacy, the data construction 600

process combines automated processing with man- 601

ual review and applies a rigorous de-identification 602

procedure, including the removal or anonymization 603

of personal identifiers such as names, locations, 604

and contact information. The released CBTDia- 605

log dataset contains only de-identified textual tran- 606

scripts. 607

Data Annotation. Prior to any annotation activ- 608

ities, this study underwent an internal ethics re- 609

view and received approval. During the annotation 610

phase, we employed three graduate students spe- 611

cializing in clinical psychology who were trained 612

by a licensed CBT counselor. The annotators were 613

responsible for: (1) determining whether a coun- 614

seling session follows the CBT therapeutic frame- 615

work, (2) assisting with data de-identification, and 616

(3) annotating CBT interventions (CBT skill and 617

dialogue strategy). To ensure fair compensation, 618

annotators were paid $12 per hour, which is higher 619

than the local average wage. In addition, annotators 620

accessed the data only through a restricted internal 621

system and were not permitted to copy, distribute, 622

or re-release any data, thereby reducing the risk of 623

data leakage or misuse. 624

Model Deployment. We do not advocate de- 625

ploying the trained CBT-Qwen3 model directly 626

in real-world psychotherapy settings. Although 627

CBT-Qwen3 demonstrates strong performance in 628

experimental evaluations, its generated responses 629

may not fully meet the standards of professional 630

counseling provided by licensed practitioners. At 631

its current stage, the model is better suited as an as- 632

sistive tool to support human counselors rather than 633

as a standalone replacement. Our long-term goal is 634

to explore feasible pathways for applying large lan- 635

guage models in mental health support scenarios, 636

enhance the capabilities of counseling agents, and 637

provide insights for further research and develop- 638

ment of AI-assisted mental health counseling and 639

psychotherapy. 640
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A Details of CBTDialog 944

A.1 Data Source, Filtering and Cleaning 945

We provide detailed descriptions of the data 946

sources, counseling scenarios, and corresponding 947

links in Table 6, along with the data filtering and 948

cleaning procedures, as well as the distribution of 949

counselors and clients. 950

A.2 Session Segmentation 951

We employ five advanced LLMs to perform ses- 952

sion segmentation and presenting problem anno- 953

tation: GPT-4.14, Gemini-2.5-Pro5, Claude-Opus- 954

4.16, DeepSeek-R17, and Qwen3-235B-Instruct8. 955

The prompt design used for this procedure is illus- 956

trated in Figure 11. 957

A.3 Descriptions of CBT Intervention 958

Annotations 959

We define a hierarchical CBT intervention anno- 960

tation schema consisting of seven goal-level CBT 961

skills and eleven implementation-level dialogue 962

strategies. In this part, we provide detailed de- 963

scriptions of these labels, as shown in Table 8 and 964

Table 9. 965

A.4 Data Splitting 966

We adopted the following data partitioning princi- 967

ples: (1) Each complete counseling session served 968

as the minimum unit of division to ensure that no 969

single session was split across subsets, thereby pre- 970

venting contextual information leakage; (2) The 971
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Source Counselor/Publisher Case/Vignette Scenario
Raw

(h)
Cleaned

(h)
#CBT
Sess.

CBT
(h)

#P #C Access URL
Y

ou
Tu

be

In Therapy with Alex Howard

Belle’s Case Real 4.71 3.92 3 1.33

1

1

YouTube@AlexHoward

Paul’s Case Real 1.90 1.44 0 0.00 0
Pierre’s Case Real 4.05 3.14 4 1.41 1
Hayley’s Case Real 5.54 4.12 9 4.12 1
Al’s Case Real 4.17 3.86 4 3.02 1
Sanaya’s Case Real 6.02 5.47 8 5.47 1
Beverly’s Case Real 6.03 5.46 2 1.36 1
Katie’s Case Real 6.19 4.98 9 3.35 1
David’s Case Real 9.06 7.69 14 5.68 1
Hannah’s Case Real 6.06 4.5 10 3.35 1
Sally’s Case Real 6.40 4.78 6 1.69 1
Lauren’s Case Real 5.71 4.44 7 2.25 1
Nicole’s Case Real 0.96 0.67 0 0.00 0
Therapeutic Tuesday Real 11.38 10.34 18 9.74 14

MedCircle Kyle’s Case Real 3.47 3.23 5 2.13 2 1 YouTube@MedCircle
Judith S. Beck Teaching Vignette Simulated 1.58 1.57 2 1.58 1 1 YouTube@BeckInstitute
Judith Johnson Teaching Vignette Simulated 1.84 1.78 9 1.78 1 7 YouTube@JudithJohnson
University of Nottingham Teaching Vignette Simulated 1.67 1.44 6 1.13 3 6 YouTube@uniofnottingham
Todd Grande Teaching Vignette Simulated 11.09 10.7 20 8.76 1 19 YouTube@ToddGrande
Russ Curtis Teaching Vignette Simulated 1.64 1.45 12 1.45 1 12 YouTube@RussCurtis
Anna Freud Centre charity Teaching Vignette Simulated 0.81 0.74 1 0.74 1 1 YouTube@AnnaFreud

A
le

xa
nd

er
St

re
et

Microtraining Associates Teaching Vignette Simulated 17.54 14.26 26 10.21 16 22

video.alexanderstreet.com

Milton H. Erickson Foundation Teaching Vignette Simulated 8.35 8.2 13 7.22 8 17
Psychological & Educational Films Teaching Vignette Simulated 3.11 2.32 5 2.32 3 3
Zeig, Tucker Theisen Inc. Teaching Vignette Simulated 2.45 2.24 3 2.24 1 3
University of Manchester Teaching Vignette Simulated 5.3 4.7 5 4.7 3 14
American Counseling Association Teaching Vignette Simulated 4.45 3.12 5 3.12 4 4
University of South Wales Teaching Vignette Simulated 4.98 4.33 2 4 2 2
AIPC Educational Institution Teaching Vignette Simulated 0.42 0.36 2 0.36 2 2

Total 146.88 125.25 210 94.51 50 138

Table 6: Overview of data sources, filtering and cleaning for CBTDialog. #CBT Sess. denotes the number of CBT
sessions, #P denotes the number of CBT counselors, and #C denotes the number of clients.

data were split into training, validation, and test972

sets in proportions of 0.75, 0.10, and 0.15; (3)973

During splitting, we computed semantic similar-974

ity based on the presenting problems within ses-975

sions and applied K-Means clustering to ensure976

that semantically similar sessions were distributed977

across different subsets; (4) Both real-world and978

simulated-client sessions were evenly distributed to979

avoid source bias across splits; (5) The distribution980

also considered the number of counselor utterances981

to maintain balance in corpus scale among subsets.982

Table 7 reports the statistics of data splitting.983

A.5 Analysis of Dialogue Turn Distributions984

As illustrated in Figure 10, the average number985

of dialogue turns varies across presenting prob-986

lems. Specifically, Adolescent Psychology Issues987

shows the highest average turn count, suggesting988

that counselors tend to engage in deeper explo-989

ration and clarification when working with adoles-990

cents—helping them express and recognize their991

problems.992
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Figure 10: The distribution of presenting problem’s
average turns.

Total Training Validation Test

#Sessions 210 157 21 32
#Dialogues 2,626 1,964 316 346
#Utterances 81,486 60,903 9,580 11,003
#Counselor Utterances 38,977 29,074 4,650 5,253

Table 7: Statistics of training, validation, and test splits
of the CBTDialog dataset.

B Experimental Setting 993

All experiments were conducted on two NVIDIA 994

A800 (80 GB) GPUs. The backbone model 995
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is Qwen3-4B-Instruct-25079, and we applied996

LoRA (Hu et al., 2022) for efficient parameter fine-997

tuning with a rank of 64, using bf16 precision. For998

the SFT stage, we set the training batch size to999

64 and the learning rate to 1e-5. Training was1000

performed for three epochs, with early stopping1001

applied once the validation loss ceased to decrease.1002

For the GRPO stage, the training batch size was set1003

to 32, and the learning rate was 5e-6 for the policy1004

network. The safety of generated responses was1005

evaluated using a RoBERTa-based toxicity classi-1006

fier 10, trained on the English portions of the Jigsaw1007

2018–2020 datasets, comprising approximately 21008

million samples in total. The multi-component1009

reward was composed of four components: (1) a1010

safety reward (assigning a reward of 0.05 if the gen-1011

erated response is classified as safe), (2) a CBT in-1012

tervention reward (with a total weight of 0.4, includ-1013

ing 0.2 for CBT skill matching and 0.2 for dialogue1014

strategy matching), (3) a content fidelity reward1015

(with a total weight of 0.5, including 0.25 based1016

on ROUGE-L and 0.25 based on BERTScore), and1017

(4) a format compliance reward (assigning a re-1018

ward of 0.05 for correct format and a penalty of 1.01019

otherwise).1020

Moreover, we introduce both a length penalty1021

and a diversity bonus into the reward design. (1)1022

Length penalty. To prevent the model from exploit-1023

ing response length for reward hacking, we apply a1024

Gaussian-based penalty function to the generated1025

responses. When the response length falls within1026

50%–150% of the reference response length, only a1027

mild penalty is imposed, preserving at least 85% of1028

the original reward. In contrast, responses that are1029

excessively short (<50%) or overly long (>150%)1030

are subject to an aggressive exponential decay, with1031

the retained reward capped at a minimum of 5%.1032

(2) Diversity bonus. To mitigate entropy collapse,1033

we introduce an intra-group n-gram diversity bonus1034

that encourages responses containing unique tri-1035

grams not present in other samples within the same1036

group. This mechanism promotes the exploration1037

of diverse CBT responses rather than convergence1038

to repetitive response patterns.1039
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10
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fier

C Related Work 1040

C.1 Dialogue Datasets for Mental Health 1041

Support 1042

With the accelerating pace of modern society, men- 1043

tal health issues have become increasingly promi- 1044

nent. This trend has attracted growing attention 1045

from researchers in the field of mental health sup- 1046

port, motivating the construction of a variety of dia- 1047

logue datasets to facilitate the development of men- 1048

tal health dialogue systems. Early dialogue datasets 1049

primarily focused on modeling emotional expres- 1050

sion and empathetic capabilities, emphasizing the 1051

understanding and soothing of clients’ emotional 1052

states. Such datasets are typically collected from 1053

online mental health service platform, social media 1054

platforms, and role-playing scenarios, and are an- 1055

notated with emotion categories, empathy levels, or 1056

supportive strategies (Rashkin et al., 2019; Sharma 1057

et al., 2020; Sun et al., 2021; Liu et al., 2021; Chen 1058

et al., 2023; Li et al., 2023; Zhang et al., 2024b; 1059

Zheng et al., 2024). 1060

In recent years, some studies have gradually in- 1061

corporated psychological knowledge and clinically 1062

relevant concepts, enabling more structured mod- 1063

eling of mental health dialogue data. Specifically, 1064

several works adopt widely validated psychological 1065

scales or therapeutic frameworks, aligning dialogue 1066

content with specific symptom dimensions or inter- 1067

vention strategies to provide models with clinically 1068

meaningful supervision signals (Gupta et al., 2022; 1069

Yao et al., 2022; Xiao et al., 2024; Lee et al., 2024; 1070

Chu et al., 2025; Kim et al., 2025b; Qi et al., 2025). 1071

Meanwhile, constructing multi-turn dialogue 1072

datasets that more closely reflect real-world mental 1073

health counseling scenarios has emerged as an im- 1074

portant research direction. Some studies leverage 1075

professional counseling reports, case records, or 1076

structured interview materials, and generate high- 1077

quality multi-turn counseling dialogues through 1078

dialogue reconstruction or data synthesis meth- 1079

ods (Abacha et al., 2023; Qiu et al., 2024a; Zhang 1080

et al., 2024a; Xie et al., 2025). 1081

C.2 CBT in Mental Health Support 1082

According to the authoritative textbook by Judith 1083

S. Beck (Beck, 2020), Cognitive Behavioral Ther- 1084

apy (CBT) aims to break the negative cycle among 1085

cognition, emotion, and behavior by identifying 1086

and modifying maladaptive automatic thoughts and 1087

core beliefs, together with structured behavioral 1088

exercises. Owing to its structured and evidence- 1089
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based nature, CBT has attracted broad attention in1090

both research and clinical practice. In the field of1091

mental health support, early studies (Sharma et al.,1092

2020, 2023) introduced cognitive reframing into1093

empathetic response generation to enhance models’1094

understanding of and responses to clients’ emo-1095

tions. Other work (Sharma et al., 2021; Maddela1096

et al., 2023) focused on empathetic rewriting of1097

unhelpful thoughts to improve empathy and sup-1098

portiveness.1099

Beyond response generation, several studies1100

have incorporated CBT principles to construct sim-1101

ulated patients or clients for training and evalu-1102

ating mental health professionals and counseling1103

systems (Wang et al., 2024; Kim et al., 2025a).1104

In a complementary direction, Kian et al. (2025)1105

evaluated the intrinsic capabilities of off-the-shelf1106

large language models in CBT-oriented scenarios,1107

with a particular focus on linguistic coordination1108

and therapeutic alignment. Moreover, Syed et al.1109

(2024) analyzed real-world conversations from on-1110

line peer support platforms and demonstrated that1111

CBT-inspired conversational strategies, such as re-1112

flective listening and guided exploration, contribute1113

to higher perceived empathy. More recently, to ob-1114

tain datasets closer to real counseling scenarios, a1115

line of studies (Na, 2024; Lee et al., 2024; Xiao1116

et al., 2024; Zhang et al., 2024a; Xie et al., 2025)1117

has adopted CBT as a data construction principle,1118

designing various data synthesis schemes.1119

C.3 Psychological LLMs1120

With the rapid advancement of LLMs, domain-1121

specific LLMs for mental health have attracted1122

increasing attention from the research commu-1123

nity. Psychological LLMs have been explored1124

along four main directions: (1) Prompt-based1125

zero/few-shot methods. Researchers (Galatzer-1126

Levy et al., 2023; Xu et al., 2024) use general-1127

purpose LLMs (e.g., ChatGPT) to directly generate1128

counseling-style responses under zero- or few-shot1129

settings. (2) Instruction-driven specialized fine-1130

tuning. Some studies (Yang et al., 2024a; Team,1131

2024) construct/clean mental-health corpora and1132

design instruction templates to perform instruc-1133

tion tuning on base models, yielding models spe-1134

cialized for mental-health scenarios. (3) Agent-1135

based roles and collaboration. Several works (Yang1136

et al., 2024b, 2025) build multi-agent frame-1137

works—such as "counselor agent–client agent" con-1138

figurations—using role division, tool use, and iter-1139

ative planning to simulate interviewing workflow.1140

(4) Reinforcement learning for alignment and con- 1141

trollable generation. Another line of work (Srivas- 1142

tava et al., 2023; Li et al., 2024) introduces RL 1143

algorithms (e.g., PPO) into counseling settings and 1144

optimizes generation policies via reward design. 1145
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CBT skill Description

Understanding Reflecting, paraphrasing, or summarizing the client’s words to demon-
strate accurate listening and empathy.

Interpersonal Effectiveness Showing warmth, concern, or encouragement, positively reinforcing
client actions, and maintaining a professional and supportive tone.

Guided Discovery Using a discovery process to help clients achieve cognitive shifts and
arrive at their own conclusions, avoiding direct persuasion, and assessing
the outcome.

Focus on Key Cognitions & Behaviors Directing attention to the client’s specific thoughts, images, emotions,
sensations, or behaviors central to their concerns.

Strategy for Change Designing and integrating evidence-based CBT techniques into an overall
therapeutic plan, aligning intervention methods with targeted change
goals.

Action Plan Assigning, reviewing, or co-developing concrete between-session tasks
or goals to support ongoing skill use and progress.

Others Counselor interventions that are supportive but do not fit the above
categories.

Table 8: Seven CBT skills with corresponding descriptions.

Dialogue strategy Description

# Cognitive Strategies
Cognitive Distortion Identification Identifying distorted or maladaptive thinking patterns (e.g., overgeneralization,

catastrophizing, all-or-nothing thinking) to enhance the client’s awareness of
cognitive biases.

Cognitive Restructuring Helping the client critically evaluate maladaptive thoughts and replace them
with more balanced, adaptive cognitions through evidence examination and
alternative interpretation.

Socratic Questioning Using systematic, guided questioning to encourage the client to examine the
validity of their beliefs, consider alternative perspectives, and develop insight
through reflective dialogue.

# Behavioral Strategies

Problem-Solving & Functional Analysis Breaking down problems into manageable components, analyzing antecedents,
behaviors, and consequences, and collaboratively developing practical strategies
to address specific difficulties.

Positive Reinforcement & Shaping Encouraging adaptive behaviors by reinforcing constructive actions, gradually
shaping new skills, and promoting continued engagement in healthy behavioral
patterns.

Skills & Role Training Teaching and rehearsing coping skills or interpersonal techniques through mod-
eling, practice, and role-play exercises to enhance competence and confidence.

Other Behavioral Interventions Applying additional behaviorally oriented methods (e.g., exposure, activity
scheduling, relaxation training) that target maladaptive patterns and support
behavioral change.

# Emotional Strategies

Emotion Identification & Labeling Guiding the client to recognize, name, and differentiate emotions and emotional
triggers to build emotional awareness and clarity.

Emotion & Acceptance Skills Supporting the client in developing tolerance and acceptance of difficult emo-
tions, promoting adaptive regulation strategies, and reducing avoidance or
suppression.

# Educational & Monitoring Strategies

Psychoeducation Providing the client with evidence-based knowledge about psychological con-
cepts, disorders, or CBT principles to enhance understanding and engagement
in treatment.

Mood & Behavior Monitoring Encouraging systematic tracking of thoughts, emotions, and behaviors across
time and situations to identify patterns and evaluate progress in therapy.

Table 9: Eleven dialogue strategies with corresponding descriptions.
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Please act as a clinical psychologist with expertise in Cognitive Behavioral Therapy (CBT). You will be provided with a 
client-counselor transcript of a CBT-oriented psychotherapy session. Your task is to identify the presenting problems 
(either raised by the client or introduced by the counselor through questioning), and segment the session into multiple 
dialogue units, each corresponding to a specific type of presenting problem.

### Annotation Guidelines
• Each dialogue unit should represent a complete exchange in which the client discusses a specific issue and the counselor 
responds to that issue.
• A dialogue unit should **end when the counselor delivers a professional intervention** (e.g., emotional clarification, 
cognitive restructuring, behavioral suggestion, or empathic feedback), whenever possible. If necessary, you may include one 
final counselor response after the client completes their turn to ensure the dialogue unit ends with a counselor utterance.
• Do **not** end a dialogue unit immediately after a client's response unless it is followed by a very short final 
statement from the counselor (e.g., validation, summarization, or goal-setting), to ensure smooth continuation into the 
next unit.
• If the client expresses multiple consecutive utterances (lines) that are thematically or emotionally connected, they 
should be merged into one presenting problem unit. However, non-contiguous references to the same problem (e.g., Problem A 
→ Problem B → Problem A) must be treated as separate dialogue units. Only uninterrupted, consecutive segments can be merged 
into the same unit.
• If there is a clear topic shift, emotional transition, or change in cognitive focus, start a new dialogue unit.
• A valid dialogue unit MUST include at least **6** lines, but no more than **50** lines.
• Every line MUST be assigned to exactly one dialogue unit. No line may be omitted, duplicated, or left unassigned.
• Presenting problem labels MUST be selected from the subcategories under the following domains:
(1) Emotional Distress: fear, depression, guilt/self-blame, repressed emotions, anxiety, appearance-related anxiety, 
difficulty expressing emotions, public speaking fear, emotional eating, emotional dysregulation, health anxiety, grief, 
separation anxiety, premenstrual tension
(2) Romantic & Intimate Relationships: emotional trauma, fear of dating, long-distance relationship stress, romantic 
confusion, commitment issues, infidelity, emotional dependency, romantic jealousy, relationship burnout, love addiction, 
breakup crisis, intimate partner violence, fear of intimacy, Romantic Relationship Issues
(3) Marriage & Family: parent-child conflict, parenting anxiety, family violence, divorce-related distress, marital burnout, 
intergenerational conflict, perinatal depression, family pressure, marital conflict, parenting style issues, aging-related 
stress
(4) Personal Growth: childhood trauma, compulsive tendencies, low self-esteem, identity confusion, antisocial behavior, 
people-pleasing personality, procrastination, obsessive perfectionism, emotional emptiness, maladaptive coping, sleep 
issues, irrational spending
(5) Interpersonal Relationships: social anxiety, interpersonal conflict, fear of rejection, social withdrawal, social 
isolation, sensitivity to social cues
(6) Occupational & Academic Stress: job burnout, unemployment stress, workplace bullying, career decision difficulties, 
work-life conflict, performance anxiety, professional identity issues, workplace sexual harassment
(7) Mental Health Conditions: major depressive disorder, Obsessive-Compulsive Disorder, schizophrenia, bipolar disorder, 
generalized anxiety disorder, panic disorder, social anxiety disorder, posttraumatic stress disorder, eating disorders, 
somatic symptom disorder, insomnia disorder, borderline personality disorder, suicidal behavior disorder, substance use 
disorder, dissociative identity disorder, attention-deficit/hyperactivity disorder, adjustment disorder
(8) Adolescent Psychology Issues: Test anxiety, School refusal / Academic disengagement, Problematic behaviors / Behavioral 
dysregulation, Aggressive behavior problems, Romantic relationship distress in adolescence, Academic procrastination in 
adolescents, Trauma from school bullying, Academic anxiety, Peer relationship difficulties, Depressive symptoms in 
adolescents, Anxiety symptoms in adolescents, Obsessive-compulsive tendencies, Body image dissatisfaction / Appearance-
related anxiety, Low self-esteem / Inferiority feelings

### Return Content for Each Dialogue Unit:
For each dialogue unit, return a JSON object with the following five fields:
• **Presenting Problem Label** — The specific label that best characterizes the client's concern.
• **Descriptive Statement** — A representative and direct statement from the client that reflects the core emotional, 
cognitive, or behavioral issue (fewer than **20** words).
• **Line Range** — The range of line numbers that span the dialogue unit.
• **Confidence Score** — A numerical estimate (0 to 1) indicating how confident you are that the identified unit 
corresponds to the selected presenting problem.
• **Rationale** — A brief, clinically grounded explanation—based on CBT principles—justifying the label assignment and 
segmentation (fewer than **30** words).

### Additional Constraint:
• When choosing the endpoint of each dialogue unit, **prefer to end the unit on a counselor utterance**—especially when the 
counselor provides a summary, intervention, or transition. This is to support a downstream task of generating the 
counselor's next response.

### Output JSON Format (Do not include any explanations, markdown, or additional text):
[{
"Presenting Problem Label": "xxxx",
"Descriptive Statement": "xxxx",
"Line Range": "[xx, xx]",
"Confidence Score": float (0.0 - 1.0),
"Rationale": "xxxx"
},
{
"Presenting Problem Label": "yyyy",
"Descriptive Statement": "yyyy",
"Line Range": "[yy, yy]",
"Confidence Score": float (0.0 - 1.0),
"Rationale": "yyyy"
}]

Figure 11: Instruction design for session segmentation.
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You are a licensed psychiatrist specializing in Cognitive Behavioral Therapy (CBT). Your task is to annotate a single
counselor utterance based on the preceding dialogue history and the current counselor turn. The annotation follows a
hierarchical structure, consisting of a CBT Skill (representing the functional goal level, i.e., what the counselor aims to
achieve) and a Dialogue Strategy (representing the concrete implementation level, i.e., how the counselor carries out the
intervention). You must select exactly one CBT Skill and exactly one Dialogue Strategy that most clearly reflect the
counselor’s primary intent in the given utterance. Multiple selections are not allowed.

===== CBT Skill Options =====

- Understanding (Understanding & Reflecting, paraphrasing, or summarizing the client’s words to demonstrate accurate
listening and empathy)
- Interpersonal Effectiveness (Showing warmth, concern, or encouragement, positively reinforcing client actions, and
maintaining a professional and supportive tone)
- Guided Discovery (Using a discovery process to help clients achieve cognitive shifts and arrive at their own conclusions,
avoiding direct persuasion, and assessing the outcome)
- Focus on Key Cognitions & Behaviors (Directing attention to the client’s specific thoughts, images, emotions, sensations,
or behaviors central to their concerns)
- Strategy for Change (Designing and integrating evidence-based CBT techniques into an overall therapeutic plan, aligning
intervention methods with targeted change goals)
- Action Plan (Assigning, reviewing, or co-developing concrete between-session tasks or goals to support ongoing skill use
and progress)
- Others (Counselor interventions that are supportive but do not fit the above categories)

===== Dialogue Strategy Options =====

- Cognitive Distortion Identification (Identifying distorted or maladaptive thinking patterns (e.g., overgeneralization,
catastrophizing, all-or-nothing thinking) to enhance the client’s awareness of cognitive biases)
- Cognitive Restructuring (Helping the client critically evaluate maladaptive thoughts and replace them with more balanced,
adaptive cognitions through evidence examination and alternative interpretation)
- Socratic Questioning (Using systematic, guided questioning to encourage the client to examine the validity of their
beliefs, consider alternative perspectives, and develop insight through reflective dialogue)
- Problem-Solving & Functional Analysis (Breaking down problems into manageable components, analyzing antecedents, behaviors,
and consequences, and collaboratively developing practical strategies to address specific difficulties)
- Positive Reinforcement & Shaping (Encouraging adaptive behaviors by reinforcing constructive actions, gradually shaping
new skills, and promoting continued engagement in healthy behavioral patterns)
- Skills & Role Training (Teaching and rehearsing coping skills or interpersonal techniques through modeling, practice, and
role-play exercises to enhance competence and confidence)
- Other Behavioral Interventions (Applying additional behaviorally oriented methods (e.g., exposure, activity scheduling,
relaxation training) that target maladaptive patterns and support behavioral change)
- Emotion Identification & Labeling (Guiding the client to recognize, name, and differentiate emotions and emotional
triggers to build emotional awareness and clarity)
- Emotion & Acceptance Skills (Supporting the client in developing tolerance and acceptance of difficult emotions, promoting
adaptive regulation strategies, and reducing avoidance or suppression)
- Psychoeducation (Providing the client with evidence-based knowledge about psychological concepts, disorders, or CBT
principles to enhance understanding and engagement in treatment)
- Mood & Behavior Monitoring (Encouraging systematic tracking of thoughts, emotions, and behaviors across time and
situations to identify patterns and evaluate progress in therapy)

===== Your Response Format =====
Return your answer in the following JSON format (Do not include any explanations, markdown, or additional text):
{”CBT Skill": "Skill_Name",
"Dialogue Strategy": "Strategy_Name",
"Confidence": {
”CBT Skill": float (0.00 - 1.00),
"Dialogue Strategy": float (0.00 - 1.00)
}}

===== Example 1 =====
{”CBT Skill": "Guided Discovery",
"Dialogue Strategy": "Socratic Questioning",
"Confidence": {
”CBT Skill": 0.85,
"Dialogue Strategy": 0.90
}}

===== Example 2 =====
{”CBT Skill": "Focus on Key Cognitions and Behaviors",
"Dialogue Strategy": "Cognitive Distortion Identification",
"Confidence": {
”CBT Skill": 0.95,
"Dialogue Strategy": 0.93
}}

Figure 12: Instruction design for LLM-based annotation.
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You are a Cognitive Behavioral Therapy (CBT)-oriented counselor. Based on the presenting problem and dialogue context, 
select EXACTLY ONE CBT skill and EXACTLY ONE dialogue strategy (from the whitelists below), then generate one counselor 
reply.

### Output Format 
Return **exactly** the following JSON (no extra text, markdown, or commentary):

{"CBT Skill": "Choose one skill from the CBT Skills List",
"Dialogue Strategy": "Choose one strategy from the Dialogue Strategies List",
"Counselor Response": "Your response here"}

### Hard Rules
- Determine exactly one CBT Skill and exactly one Dialogue Strategy from the whitelists.
- In counselor response, do not reveal reasoning, chain-of-thought, labels, or mention "skill/strategy".
- Tone: warm, empathic, professional; concrete and actionable.
- Respond in English only using ASCII characters. Limit to 150 words.

### Safety Override (takes precedence over all rules)
If there are imminent risk cues (e.g., self-harm intent/plan/means, violence), prioritize brief risk assessment, 
immediate safety steps, and crisis resources. Never provide harmful instructions.

### CBT Skills Whitelist
- Understanding
- Interpersonal Effectiveness
- Guided Discovery
- Focus on Key Cognitions & Behaviors
- Strategy for Change
- Action Plan
- Others

### Dialogue Strategies Whitelist
- Cognitive Distortion Identification
- Cognitive Restructuring
- Socratic Questioning
- Problem-Solving & Functional Analysis
- Positive Reinforcement & Shaping
- Skills & Role Training
- Other Behavioral Interventions
- Emotion Identification & Labeling
- Emotion & Acceptance Skills
- Psychoeducation
- Mood & Behavior Monitoring

### Examples

===== Example 1 =====
INPUTS:
Presenting Problem: ”Adolescent psychology issues"
Dialogue Context:
"Client": "I think dealing with the grief with my mom and it."

OUTPUTS:
{"CBT Skill": "Agenda",
"Dialogue Strategy": "Mood & Behavior Monitoring",
"Counselor Response": "Okay, now did this kind of situation come up this very week?"}

===== Example 2 =====
INPUTS:
Presenting Problem: "Emotional distress"
Dialogue Context:
"Counselor": "Any other questions or anything else that you want to share at this point?"
"Client": "Yeah, so I think I did mention it but in the email. I'm feeling quite positive generally, like more than I 
have done in a really long time. I probably will feel quite good going home now, like, you know, having done this and 
having ideas in place. But that on its own, I feel, is hard to manage."

OUTPUTS:
{"CBT Skill": "Understanding",
"Dialogue Strategy": "Psychoeducation",
"Counselor Response": "Yeah, because your body doesn't distinguish between stress and positivity."}

===== Example 3 =====
INPUTS:
Presenting Problem: ”Marriage & family"
Dialogue Context:
"Client": "My sister knows about the anxiety part of it. And I think, I'm pretty sure she knows about the drinking, but 
she doesn't bring it up. But if my parents know, I'm sure she knows."
"Counselor": "So you believe that they told her?"
"Client": "I'm sure."

OUTPUTS:
{"CBT Skill": "Guided Discovery",
"Dialogue Strategy": "Socratic Questioning",
"Counselor Response": "But she's not mentioned that to you directly?"}

Figure 13: Instruction design for few-shot experiments.
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You are a Cognitive Behavioral Therapy (CBT)-oriented counselor. Based on the dialogue context, you must 
think and select EXACTLY ONE CBT skill (representing the functional goal, i.e., what the counselor aims to 
achieve) and EXACTLY ONE dialogue strategy (representing the concrete implementation, i.e., how the 
counselor carries out the intervention), then generate a single counselor response aligned with both 
selections.

Return your answer in EXACTLY these two XML blocks and nothing else:
<counselor_intervention>
<cbt_skill>[Choose one skill from the CBT Skills Whitelist]</cbt_skill>
<dialogue_strategy>[Choose one strategy from the Dialogue Strategies Whitelist]</dialogue_strategy>
</counselor_intervention>
<counselor_response>
[Your response here.]
</counselor_response>

### Hard Rules
- Use ONLY these tags: <counselor_intervention>, <cbt_skill>, <dialogue_strategy>, <counselor_response>. 
No other tags, headings, lists, quotes, or blank lines.
- The values in <cbt_skill> and <dialogue_strategy> MUST match the whitelist entries EXACTLY (case-
sensitive), excluding the explanations in parentheses.
- In <counselor_response>, do not reveal reasoning, chain-of-thought, labels, or mention "skill/strategy".
- Tone: warm, empathic, professional; concrete and actionable.
- Respond in English only using ASCII characters. Limit to 150 words.

### Safety Override (takes precedence over all rules)
If there are imminent risk cues (e.g., self-harm intent/plan/means, violence), prioritize brief risk 
assessment, immediate safety steps, and crisis resources. Never provide harmful instructions.

### CBT Skills Whitelist
- Understanding (Understanding & Reflecting, paraphrasing, or summarizing the client’s words to 
demonstrate accurate listening and empathy)
- Interpersonal Effectiveness (Showing warmth, concern, or encouragement, positively reinforcing client 
actions, and maintaining a professional and supportive tone)
- Guided Discovery (Using a discovery process to help clients achieve cognitive shifts and arrive at their 
own conclusions, avoiding direct persuasion, and assessing the outcome)
- Focus on Key Cognitions & Behaviors (Directing attention to the client’s specific thoughts, images, 
emotions, sensations, or behaviors central to their concerns)
- Strategy for Change (Designing and integrating evidence-based CBT techniques into an overall therapeutic 
plan, aligning intervention methods with targeted change goals)
- Action Plan (Assigning, reviewing, or co-developing concrete between-session tasks or goals to support 
ongoing skill use and progress)
- Others (Counselor interventions that are supportive but do not fit the above categories)

### Dialogue Strategies Whitelist
- Cognitive Distortion Identification (Identifying distorted or maladaptive thinking patterns (e.g., 
overgeneralization, catastrophizing, all-or-nothing thinking) to enhance the client’s awareness of 
cognitive biases)
- Cognitive Restructuring (Helping the client critically evaluate maladaptive thoughts and replace them 
with more balanced, adaptive cognitions through evidence examination and alternative interpretation)
- Socratic Questioning (Using systematic, guided questioning to encourage the client to examine the 
validity of their beliefs, consider alternative perspectives, and develop insight through reflective 
dialogue)
- Problem-Solving & Functional Analysis (Breaking down problems into manageable components, analyzing 
antecedents, behaviors, and consequences, and collaboratively developing practical strategies to address 
specific difficulties)
- Positive Reinforcement & Shaping (Encouraging adaptive behaviors by reinforcing constructive actions, 
gradually shaping new skills, and promoting continued engagement in healthy behavioral patterns)
- Skills & Role Training (Teaching and rehearsing coping skills or interpersonal techniques through 
modeling, practice, and role-play exercises to enhance competence and confidence)
- Other Behavioral Interventions (Applying additional behaviorally oriented methods (e.g., exposure, 
activity scheduling, relaxation training) that target maladaptive patterns and support behavioral change)
- Emotion Identification & Labeling (Guiding the client to recognize, name, and differentiate emotions and 
emotional triggers to build emotional awareness and clarity)
- Emotion & Acceptance Skills (Supporting the client in developing tolerance and acceptance of difficult 
emotions, promoting adaptive regulation strategies, and reducing avoidance or suppression)
- Psychoeducation (Providing the client with evidence-based knowledge about psychological concepts, 
disorders, or CBT principles to enhance understanding and engagement in treatment)
- Mood & Behavior Monitoring (Encouraging systematic tracking of thoughts, emotions, and behaviors across 
time and situations to identify patterns and evaluate progress in therapy)

Figure 14: Instruction design of the proposed model.
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