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Abstract001

Amidst a shortage of qualified mental health002
professionals, the integration of large language003
models (LLMs) into psychological applications004
offers a promising way to alleviate the grow-005
ing burden of mental health disorders. Recent006
reasoning-augmented LLMs have achieved re-007
markable performance in mathematics and pro-008
gramming, while research in the psycholog-009
ical domain has predominantly emphasized010
emotional support and empathetic dialogue,011
with limited attention to reasoning mechanisms012
that are beneficial to generating accurate re-013
sponses. Therefore, in this paper, we propose014

Psyche-R1, the first Chinese psychological015
LLM that jointly integrates empathy, psycho-016
logical expertise, and reasoning, built upon a017
novel data curation pipeline. Specifically, we018
design a comprehensive data synthesis pipeline019
that produces over 75k high-quality psycho-020
logical questions paired with detailed ratio-021
nales, generated through and iterative prompt-022
rationale optimization procedure, along with023
73k empathetic dialogues. Subsequently, we024
employ a hybrid training strategy wherein chal-025
lenging samples are identified through a multi-026
LLM cross-selection strategy for group relative027
policy optimization (GRPO) to improve reason-028
ing ability, while the remaining data are used029
for supervised fine-tuning (SFT) to enhance030
empathetic response generation and psycholog-031
ical domain knowledge. Extensive experiment032
results demonstrate the effectiveness of Psyche-033
R1 across several psychological benchmarks,034
where our 7B Psyche-R1 achieves comparable035
results to 671B DeepSeek-R1.036

1 Introduction037

The shortage of qualified mental health profession-038

als has spurred increasing interest in applying arti-039

ficial intelligence within the psychological domain040

to support mental health assistance (Wolohan et al.,041

2018; Al Asad et al., 2019; Tanana et al., 2021). Re-042

cently, large language models (LLMs) have demon-043

Model Size (B)

A
ve

ra
ge

 A
cc

ur
ac

y 
(%

)

7B

74

72

671B

54

Closed

56

58

72B32B

60

62

14B

PCEB
-> Reasoning
-> Psychological

Magistral
-Small

DeepSeek-R1-70B
QwQ-32B

Qwen3-30B-A3B

Qwen2.5-14B

Psyche-R1

Qwen2.5-7B

PsyDT

PsycoLLM

Claude3.7-Sonnet

Gemini1.5-Pro

Qwen2.5-72B

High
 Effic

ien
cy

DeepSeek-R1

Figure 1: Comparison of different LLMs on the PCEB,
plotted by average standard accuracy versus model size.

strated impressive capabilities across a wide range 044

of domains owing to their exceptional text under- 045

standing capabilities (Zhang et al., 2023; Naveed 046

et al., 2025). Therefore, many LLM-based studies 047

have been proposed to advancing the mental health 048

services (Cho et al., 2023; Ye et al., 2025). 049

Prior research has established the critical impor- 050

tance of empathy optimization in psychological 051

counseling (Qiu et al., 2024; Sorin et al., 2024; 052

Zhang et al., 2024). For example, SoulChat (Chen 053

et al., 2023a) enhances empathetic responding by 054

fine-tuning a model on a large-scale, multi-turn 055

empathetic dialogue dataset. Similarly, AUGESC 056

(Zheng et al., 2023) improves emotional sensitivity 057

in dialogue systems by incorporating an emotion- 058

aware attention mechanism. However, these ap- 059

proaches often lack the expertise foundation re- 060

quired for psychology, which is important for ac- 061

curate psychological understanding. Some studies 062

have attempted to address this limitation through in- 063

tegration of psychological knowledge (Chen et al., 064

2023b; Xiao et al., 2024; Wu et al., 2025). For 065

example, PsycoLLM (Hu et al., 2024) integrates 066

psychological knowledge by training its model 067

on knowledge-based question-answer (QA) pairs, 068
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Figure 2: Overview of our proposed pipeline for constructing the dataset and Psyche-R1. Our pipeline involves
generating psychological reasoning questions paired with detailed rationales, along with empathetic dialogues.

while CPsyExam (Zhao et al., 2025) leverages ex-069

amination questions covering theoretical knowl-070

edge from different psychology-related subjects to071

further improve model performance. Although ex-072

isting studies have achieved considerable success,073

they remain limited in their capacity for complex074

reasoning. In fact, reasoning-augmented LLMs075

trained through reinforcement learning (RL) have076

demonstrated superior performance across various077

domains, particularly in mathematics, code genera-078

tion, and medical domain (Chen et al., 2024; Guo079

et al., 2025). However, as shown in Figure 1, these080

reasoning-augmented LLMs exhibit limited per-081

formance in the psychological domain, since they082

focus on logic reasoning, while neglecting the uni-083

fication of empathy and expertise beyond general084

common sense. In fact, within the psychological085

domain, reasoning plays a critical role, as it con-086

tributes not only to generating more accurate and087

reliable responses but also to supporting deeper em-088

pathetic engagement and more coherent integration089

of psychological knowledge.090

Therefore, in this paper, we introduce Psyche-091

R1 that integrates empathy, domain-specific exper-092

tise, and reasoning capabilities. To construct a high-093

quality training corpus, we design a comprehensive094

data synthesis pipeline that integrates modified em-095

pathetic dialogues derived from authentic sources,096

which capture diverse and empathetic expressions,097

with knowledge-centric question-answer pairs that098

encapsulate psychological expertise. Specifically,099

we apply chain-of-thought (CoT) prompting to gen-100

erate an initial detailed rationale for each question,101

followed by an iterative prompt-rationale optimiza-102

tion process, aiming to enhance both the coher-103

ence of the reasoning and its alignment with the104

corresponding questions. In parallel, we synthe-105

size 73k empathetic dialogues drawn from diverse 106

social media sources to strengthen affective un- 107

derstanding and emotional support. To enhance 108

reasoning, we adopt a multi-LLM cross-selection 109

strategy to categorize questions into challenging 110

and non-challenging subsets based on their inferred 111

complexity. The non-challenging subset is used 112

for supervised fine-tuning (SFT) to enhance em- 113

pathetic response generation and domain knowl- 114

edge, while the challenging subset is utilized for 115

training with group relative policy optimization 116

(GRPO) to improve the model’s reasoning capabil- 117

ities, with both jointly contributing to the develop- 118

ment of the Psyche-R1. Experimental results on 119

a range of psychological benchmarks, including 120

knowledge assessment, case-based analysis, and 121

empathy evaluation, demonstrate the effectiveness 122

of our model, where 7B Psyche-R1 significantly 123

outperforms models of similar scale and achieves 124

competitive performance relative to substantially 125

larger models such as DeepSeek-R1. 126

2 Psyche-R1 127

In this section, we give details of data curation and 128

two-stage training paradigm, including data collec- 129

tion (§2.1), psychological reasoning data synthesis 130

(§2.2), and empathetic dialogue synthesis (§2.3). 131

2.1 Data Collection 132

Data Resource. To construct a comprehensive 133

and diverse dataset, we curate a wide range of re- 134

sources: 135

• Type I: Classic psychology textbooks and cur- 136

ricular materials from psychology programs, all 137

collected from publicly accessible repositories, 138

covering more than 19 subfields and concentrated 139
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and systematically organized content, including140

cognitive psychology, social psychology, etc.141

• Type II: Psychological question banks collected142

from publicly available Chinese educational plat-143

forms via web crawlers and manually curation,144

encompassing theoretical principles and concep-145

tual knowledge across psychology.146

• Type III: Synthetic data distilled from147

Qwen2.5-72B-Instruct (Team, 2024b) to sup-148

plement underrepresented subfields (e.g., sports149

psychology) and enhance dataset coverage.150

• Type IV: Dialogic interactions harvested from151

established mental health support communities152

(e.g., Yixinli, Jiandanxinli and Zhihu1) ded-153

icated to delivering mental health services.154

The Type I, Type II and Type III are used to con-155

struct the psychological reasoning question-answer156

(PCQA) dataset, designed to enhance domain-157

specific knowledge acquisition and reasoning ca-158

pabilities. The Type IV resource is employed to159

develop the empathetic dialogue dataset to improve160

affective understanding and empathetic expression.161

Data Cleaning. To ensure the data quality, we im-162

plement several important data cleaning steps: (1)163

To process materials in non-textual formats such164

as images and PDFs, we employ OLMOCR2 for accu-165

rate text recognition and conversion to text format;166

(2) We standardize the usage of Chinese and En-167

glish punctuation and remove irrelevant content,168

including emojis, emoticons, and links, to filter169

out potential noise; (3) To construct the empathetic170

dialogue data, we leverage LLMs to evaluate the171

reasonableness and relevance of QA pairs and fil-172

ter out responses that lack substantive advice. For173

example, given the question “I have recently expe-174

rienced insomnia and feel anxious. What should175

I do?”, if the response is merely “Everything will176

get better,” it would be filtered due to the absence177

of practical advice.178

2.2 Psychological Reasoning Data Synthesis179

Question Generation and Control. Following180

the data cleaning, we proceed to generate structured181

questions and corresponding answers from curated182

psychological textbooks and instructional materi-183

als (i.e., resource Type I). Specifically, the source184

material is first segmented into multiple textual185

chunks, with each chunk designed to encapsulate186

the maximum amount of domain-specific content.187

1Yixinli, Jiandanxinli, and Zhihu
2https://olmocr.allenai.org/

Subsequently, we leverage LLMs to generate a set 188

of different questions along with corresponding an- 189

swers based on these text segments. Meanwhile, 190

for resource Type III, we use the similar way to gen- 191

erate QA pairs without segment-level contextual 192

augmentation, aiming to supplement psychological 193

subfields that are underrepresented or difficult to 194

source from publicly accessible materials on the 195

Internet. Through these steps, we obtain approxi- 196

mately 200k generated QA pairs in total. 197

All generated QA pairs, together with data de- 198

rived from the Type II resource are integrated into 199

a unified QA pool containing approximately 210k 200

entries. We implement a multi-stage quality con- 201

trol procedure to ensure the integrity and utility of 202

the synthesized data. Concretely, we use min-hash 203

locality-sensitive hashing (LSH) to cluster similar 204

questions and select the optimal one through LLM- 205

based ranking. Afterward, we prompt the LLM 206

with few-shot examples to identify and filter out 207

low-quality questions, specifically those exhibit- 208

ing incomplete information, logical confusion, or 209

unclear expression. Finally, we invite 10 under- 210

graduate and graduate students to manually review 211

the questions to eliminate redundant content and 212

reduce potential noise in the dataset, ultimately 213

retaining about 90k QA pairs. 214

Rationale Generation. We further generate de- 215

tailed rationales for the aforementioned questions 216

through CoT prompting, following a multi-step rea- 217

soning approach (Hsieh et al., 2023) to provide 218

clear reasoning paths for model training. In detail, 219

the CoT prompt guides the model to first compre- 220

hend the question, recognize relevant psychologi- 221

cal concepts and knowledge, and decompose the 222

problem into a sequence of analytical steps. At 223

each stage of this process, the model is required 224

to articulate an intermediate rationale, ultimately 225

generating a final answer derived from the accu- 226

mulated reasoning. Formally, given a CoT prompt 227

P and a QA pair (qi, ai), this procedure yields 228

a rationale-augmented instance (qi, ri, âi), where 229

ri denotes the reasoning path and âi the model- 230

predicted answer. If the predicted answer aligns 231

with the ground truth (i.e., âi = ai), we regard 232

the ri as a valid rationale. In contrast, if the pre- 233

dicted answer is incorrect (i.e., âi ̸= ai), we guide 234

the model to regenerate the rationale up to T time. 235

Instances that fail to produce correct predictions 236

after T regeneration attempts are pruned from the 237

final curated dataset. After obtaining the initial ra- 238
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tionale, we employ a self-supervised optimization239

strategy to iteratively refine both the prompt and240

the rationale with the goal of enhancing their clar-241

ity and reliability. Specifically, for each instance242

(P, qi, ri, âi), the prompt P and rationale ri are243

jointly updated over multiple rounds, enabling the244

model to progressively improve its reasoning pro-245

cess. Each round of optimization process consists246

of two sequential steps:247

• Prompt refinement: We first guide the LLM248

to generate an improved candidate prompt P ∗
i249

from the current prompt, question, and rationale,250

represented as P ∗
i ← LLM(P, qi, ri), aiming to251

enhance the reasoning guidance.252

• Rationale revision: Based on the candidate253

prompt P ∗
i , the LLM subsequently generates254

a revised rationale along with its correspond-255

ing predicted answer, denoted as (r∗i , â
∗
i ) ←256

LLM(P ∗
i , qi).257

If the â∗i matches the ground truth ai, we retain P ∗
i258

as an updated prompt and continue iteration based259

on the updated instance (P ∗
i , qi, r

∗
i , â

∗
i ). Otherwise,260

the process reverts to the previous prompt-rationale261

pair to maintain alignment with correct reasoning262

paths. We repeat this process for R rounds (R = 3263

in this paper). After completing all iterations, we264

evaluate the rationales generated in each round for a265

given question and select the one that demonstrates266

the highest quality, denoted as (P ∗
i , qi, r

∗
i , â

∗
i =267

ai). At this stage, we filter approximately 75k high-268

quality instances from the initial set of 90k pairs269

obtained in the previous step.270

Question Selection. While the preceding steps271

yield high-quality data, not all instances exhibit suf-272

ficient complexity to facilitate effective reinforce-273

ment learning (RL). To address this, in this stage,274

we implement a multi-LLM cross-selection strat-275

egy aimed at identifying and isolating the most276

challenging psychology-related samples from the277

constructed dataset for subsequent use in the re-278

inforcement learning phase. In detail, we employ279

three distinct LLMs (i.e., Qwen, Llama, and Phi) to280

independently generate responses for each question281

in the constructed psychological data. Questions282

that receive incorrect responses from all three mod-283

els are aggregated into a challenging subset with284

19k instances that provide sophisticated scenarios285

in psychology. This subset is intended to represent286

highly difficult instances with strong potential to287

enhance the model’s reasoning capabilities through288

reinforcement learning.289

2.3 Empathetic Dialogue Synthesis 290

In addition to psychological QA pairs, empathy is 291

recognized as a core component of effective men- 292

tal health support (Sorin et al., 2024). To this end, 293

we incorporate empathetic expressions into the dia- 294

logue corpus derived from authentic resources to 295

enhance its emotional richness and relevance to 296

real-world psychological interactions. Specifically, 297

we refine these dialogue data through LLMs to 298

achieve the following objectives. We first enhance 299

emotional resonance by incorporating empathetic 300

expressions and supportive techniques (e.g., “Hear- 301

ing about your experience, I wish I could give you 302

a warm hug.”). Subsequently, we ensure that each 303

dialogue provides evidence-based guidance that 304

facilitates deeper understanding of users’ issues, 305

instead of limiting responses to surface-level empa- 306

thy. Finally, we deliver solution-oriented support 307

by offering concrete coping strategies and practical 308

steps that address the specific issues and challenges 309

presented. Through these steps, we ultimately ob- 310

tain 73k high-quality dialogue data equipped with 311

sufficient empathetic expressions. 312

2.4 Data Split 313

Leveraging the aforementioned pipelines, we cu- 314

rate a comprehensive dataset that comprises over 315

75k psychological questions with detailed ratio- 316

nales, among which 19k are identified as challeng- 317

ing samples through multi-LLM cross-selection. 318

The challenging subset is denoted as Dpc and the 319

remaining data are denoted as Dpr. In parallel, the 320

dataset contains over 73k empathetic dialogues en- 321

gineered for contextually appropriate psychosocial 322

interactions, denoted as Dem. To further enrich our 323

training data, we additionally introduce multi-turn 324

dialogues and knowledge-based QA from the Psy- 325

coLLM dataset (Hu et al., 2024), and a refined set 326

of 8k examination from the CPsyExam train set 327

(Zhao et al., 2025). 328

Ultimately, the curated datasets are partitioned 329

into two distinct subsets aligned with specialized 330

training objectives. One category, represented as 331

Dsft = Dpr ∪ Dem ∪ Dps, is designated for SFT. 332

The other category, denoted as Dgrpo = Dpc ∪Dcp, 333

is reserved for GRPO. Detailed prompts for the data 334

synthesis pipeline are provided in the Appendix D. 335

2.5 Model Training 336

To enhance both reasoning capabilities and per- 337

formance in empathy and expertise, we employ a 338

4



hybrid training strategy.339

Stage 1: Supervised Fine-Tuning. We340

initialize our backbone model πθ with341

Qwen2.5-7B-Instruct (Team, 2024b) and342

finetune it on Dsft. Formally, given a query x, the343

model is trained to generate a coherent rationale344

r followed by a corresponding answer a, where345

the complete output is denoted as y = [r; a]. We346

optimize model parameters θ by minimizing the347

standard negative log-likelihood loss:348

L(θ) = −E(x,y)∼Dsft

[
T∑
t=1

logP (yt | x, y<t; θ)

]
(1)349

Stage 2: Group Relative Policy Optimization.350

To further refine psychological reasoning profi-351

ciency, we employ GRPO (Shao et al., 2024) on352

Dgrpo. We design a composite reward function353

R(y, y∗) = Rfmt + Racc to guide policy learning,354

where y∗ denotes the ground truth.355

• Format reward (Rfmt): We enforce strict for-356

matting constraints. The reasoning process must357

be encapsulated within <think> and </think>358

tags, followed by the final answer. We assign359

a scalar reward Rfmt = +1.25 for structurally360

parsable outputs and −1 otherwise.361

• Accuracy reward (Racc): We formulate the an-362

swer matching as a set comparison task. Specif-363

ically, we parse the predicted answer â and the364

ground truth a into sets of discrete options. To365

encourage precise reasoning alignment while pe-366

nalizing hallucinations or omissions, we employ367

a partial-credit mechanism based on the overlap368

between the prediction and the ground truth:369

Racc =


+1, if â = a
|â∩a|
|a| , if â ⊂ a ∧ a ̸= ∅
−1, otherwise

(2)370

By integrating these logical and structural signals,371

the model learns to generate well-organized rea-372

soning processes while rewarding partial credit for373

incomplete but valid answers, leading to better per-374

formance in psychological tasks.375

3 Experiments376

3.1 Experimental Setting377

Baselines. To ensure a comprehensive analysis,378

we selected 17 representative LLMs, categorized379

as follows: (1) General LLMs, which exhibit ex-380

cellent performance across general tasks, but lack381

explicit reasoning capabilities. (2) Reasoning aug- 382

mented LLMs, which possess explicit reasoning 383

capabilities. (3) Closed-source LLMs, which typi- 384

cally represent the state-of-the-art performance. (4) 385

Psychological LLMs, which have been fine-tuned 386

on psychological datasets. A detailed summary of 387

all models is presented in Appendix C.1. 388

Benchmarks and Evaluation Metrics. We 389

conduct comprehensive evaluations on two pro- 390

fessional psychological benchmarks: 391

• Psychological counselor examination bench- 392

mark (PCEB) (Hu et al., 2024): this consists of 393

3,863 multiple-choice questions (MCQ) and 100 394

open-ended case analysis items, curated from the 395

official National Psychological Counselor Exam- 396

ination in China. 397

• CPsyExam test set (Zhao et al., 2025): this in- 398

cludes 4,102 questions spanning 39 distinct psy- 399

chological subfields. We evaluate under both 400

zero-shot and five-shot settings, ensuring con- 401

sistency by using identical exemplars across all 402

evaluated models in the latter setting. 403

Note that MCQ comprises two types of ques- 404

tions: MCQ with only a single correct option 405

(SMCQ), and MCQ with multiple correct options 406

(MMCQ). For MCQ, we adopt metrics introduced 407

in Hu et al. (2024), including standard accuracy, 408

which requires predictions to exactly match the 409

ground truth, and elastic accuracy, which gives 410

partial credit when predictions are a subset of the 411

correct answers. For open-ended questions, we uti- 412

lize the existing text generation metrics, including 413

Rouge-1 (R-1), Rouge-L (R-L) (Lin, 2004), and 414

Bleu-4 (B-4) (Papineni et al., 2002). 415

3.2 Overall Results 416

Results on the PCEB. To evaluate the perfor- 417

mance of different models, we present the results 418

on the PCEB in Table 1. These results reveal 419

several key observations. First, Psyche-R1 ex- 420

hibits strong performance across evaluation tasks in 421

both MCQ and subjective questions. This demon- 422

strates the effectiveness of our proposed dataset 423

and training strategy in simultaneously enhanc- 424

ing psychological reasoning and text generation 425

capabilities for psychological tasks. Second, while 426

DeepSeek-R1 excels in MCQ, its performance in 427

subjective questions is notably limited. This per- 428

formance disparity can be attributed to its train- 429

ing methodology, which employs RL on datasets 430

primarily consisting of mathematical and coding 431
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Model Param. Case Moral Theory Avg. Case (QA)
SMCQ MMCQ SMCQ MMCQ SMCQ MMCQ R-1 R-L B-4

General LLMs
MiniCPM4-8B 8B 50.00 28.59 43.64 81.58 50.63 58.23 65.62 34.06 43.00 51.75 (57.01) 23.05 12.90 1.35
Qwen2.5-7B 7B 47.57 31.64 47.49 87.83 59.50 71.02 78.46 42.45 55.17 57.91 (64.59) 20.94 11.28 1.28
Qwen2.5-14B 14B 47.13 41.10 55.93 89.81 63.93 73.60 80.32 50.16 61.26 62.08 (68.01) 22.69 13.93 1.53
Qwen2.5-72B 72B 46.91 40.34 53.11 90.79 70.25 78.48 82.63 47.63 59.74 63.09 (68.61) 21.43 12.02 1.16

Reasoning-Augmented LLMs
DeepSeek-R1 671B 79.25 44.25 60.86 95.39 68.99 77.95 92.19 57.60 69.41 72.95 (79.18) 17.65 9.19 0.94
DeepSeek-R1-70B 70B 56.30 30.72 46.95 88.16 52.53 65.66 68.01 25.64 45.63 53.56 (61.79) 22.77 13.23 1.16
QwQ-32B 32B 56.51 23.35 41.27 88.82 41.14 53.06 82.12 32.69 49.90 54.11 (61.95) 18.39 7.48 0.84
Qwen3-30B-A3B 30B 59.65 31.51 47.28 91.45 55.06 65.66 80.75 47.45 59.25 60.98 (67.34) 20.53 12.06 1.18
Qwen3-235B-A22B 235B 68.58 41.91 57.24 93.42 69.62 78.90 88.36 56.70 68.64 69.77 (75.86) 18.96 11.14 1.11
Magistral-Small 24B 56.58 33.26 49.11 82.89 53.80 67.99 70.10 37.76 52.35 55.73 (63.17) 22.90 11.97 1.21

Closed-Source LLMs
Claude3.7-Sonnet UNK 63.39 19.40 34.23 90.13 60.13 70.04 76.73 37.37 48.99 57.86 (63.92) 21.59 11.11 1.23
Gemini1.5-Pro UNK 61.04 35.57 49.87 84.87 62.03 70.62 80.84 43.22 53.44 61.26 (66.78) 21.63 10.93 1.06
GPT-4o UNK 65.63 13.67 34.53 88.15 33.54 54.79 74.65 24.10 45.07 49.96 (60.47) 23.45 12.75 1.18

Psychological LLMs
CPsyCounX 7B 40.87 16.91 32.90 75.17 36.08 54.85 54.78 19.03 38.90 40.47 (49.58) 22.83 11.94 1.48
EmoLLM 7B 46.93 21.87 40.02 84.21 34.17 51.05 71.72 26.18 44.49 47.51 (56.40) 22.15 11.69 1.20
PsycoLLM 14B 55.58 35.07 42.89 88.81 69.62 74.20 72.63 48.59 54.12 61.72 (64.71) 24.45 17.45 2.04
PsyDT 7B 35.56 35.20 50.14 86.33 69.70 78.66 80.70 52.72 62.26 60.04 (65.61) 20.65 13.41 1.16
Psyche-R1 7B 63.31 56.26 66.21 92.76 79.62 82.54 87.70 66.54 73.34 74.37 (77.64) 27.31 15.33 2.40

Table 1: Comparison of different models on the PCEB, where Case, Moral, Theory, and Case (QA) are case analysis,
theoretical proficiency, professional ethics, and case-based QA. The average value represents the average of the
standard accuracy rates, and values in parentheses denotes the mean of the standard accuracy for SMCQ and the
elastic accuracy for MMCQ. Results colored in red, orange, and yellow demote the best, second-best and third-best.

tasks with deterministic solutions. Although this432

approach strengthens logical reasoning, it appears433

to bias the model towards single-answer patterns,434

thereby limiting its capability to generate diverse435

and nuanced responses in open-ended psycho-436

logical assessments. Third, existing psychologi-437

cal LLMs (e.g., CPsyCounX and EmoLLM) achieve438

strong performance in subjective questions while439

demonstrating limited abilities in MCQ. This im-440

balanced performance stems from their reliance on441

training exclusively on counseling dialogues or em-442

pathetic conversations, which constrains their ca-443

pabilities to develop comprehensive competencies.444

Fourth, closed-source models such as GPT-4o and445

Claude3.7-Sonnet demonstrate relatively weaker446

performance, which may be attributed to limited447

Chinese representation in their training corpora.448

Results on the CPsyExam Test Set. To further449

explore model performance, we present the results450

on the CPsyExam test set in Table 2. Similar to451

the trends observed in previous experiments, both452

Psyche-R1 and DeepSeek-R1 demonstrate superior453

performance. Across these models, psychologi-454

cal LLMs consistently achieve higher accuracy in455

SMCQ than in MMCQ, as the latter requires ex-456

haustive evaluation of all options, demanding more457

comprehensive domain-specific knowledge and rea-458

soning capabilities. Under the five-shot setting,459

most models exhibit substantial improvements in460

MMCQ (e.g., PsyDT achieves a 47.64% improve- 461

ment in knowledge-type MMCQ). This observation 462

aligns with existing studies, which demonstrate 463

that well-designed few-shot examples can effec- 464

tively enhance model performance in certain tasks. 465

In contrast, DeepSeek-R1 exhibits a performance 466

decline under the five-shot compared to its zero- 467

shot setting, suggesting that few-shot prompting 468

may interfere with its inherent reasoning capability 469

aligning with existing findings (Guo et al., 2025). 470

3.3 Ablation Study 471

In this section, we conduct a comprehensive abla- 472

tion study, evaluating model performance by stan- 473

dard accuracy on the PCEB. 474

Effect of SFT and GRPO. We investigate the 475

effect of SFT and GRPO, with results shown in 476

Table 3. We can observe that SFT substantially 477

improves performance across the three task cat- 478

egories by leveraging our dataset of empathetic 479

dialogues and rationale-augmented psychological 480

questions. However, applying GRPO without prior 481

SFT results in performance degradation on SMCQ 482

case tasks, as the base model lacks sufficient do- 483

main knowledge and empathy, which are critical 484

for reasoning in case-based questions, leading to 485

unstable training dynamics. When combining SFT 486

with GRPO training yields further gains, particu- 487

larly on case-based tasks, as challenging samples 488

identified via multi-LLM cross-selection promote 489
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Model Param.
Zero-Shot Five-Shot

Avg.Knowledge Case Knowledge Case
SMCQ MMCQ SMCQ MMCQ SMCQ MMCQ SMCQ MMCQ

General LLMs
MiniCPM4-8B 8B 69.58 41.74 57.33 37.00 68.50 42.77 54.67 38.00 60.46
Qwen2.5-7B 7B 76.99 43.66 68.67 44.50 78.63 42.00 68.67 40.50 67.37
Qwen2.5-14B 14B 81.39 49.30 72.00 48.50 82.42 54.29 71.00 48.00 71.84
Qwen2.5-72B 72B 84.61 52.75 73.50 54.50 86.64 63.77 75.33 55.00 74.98

Reasoning-Augmented LLMs
DeepSeek-R1 671B 87.49 56.98 76.83 59.00 88.78 66.58 77.30 61.50 78.28
DeepSeek-R1-70B 70B 76.48 22.80 61.81 19.17 76.89 40.99 62.70 37.95 60.57

Closed-Source LLMs
Gemini1.5-Pro UNK 82.08 40.59 68.33 43.00 83.93 53.65 71.00 45.00 69.66
GPT-4o UNK 80.70 30.73 66.33 28.00 81.82 54.80 68.67 51.50 65.79

Psychological LLMs
CPsyCounX 7B 57.56 22.41 46.33 31.00 63.46 21.77 50.67 23.50 47.44
EmoLLM 7B 78.41 45.33 72.50 48.00 79.92 36.88 74.17 39.50 69.32
PsycoLLM 14B 78.33 51.98 65.33 42.00 78.63 50.45 65.57 36.00 69.20
PsyDT 7B 80.83 48.91 69.67 41.50 81.13 40.97 68.33 40.00 70.71
Psyche-R1 7B 82.72 61.59 70.50 49.50 83.45 61.46 76.17 52.00 74.90

Table 2: Comparisons of different models on the CPsyExam test set. The average represents the overall zero-shot
accuracy. The first, second, and third-best results are marked in red, orange, and yellow, respectively.

Model Case ∆ Moral ∆ Theory ∆

Base 38.97 - 73.39 - 63.83 -

Ablation study on training stage
+GRPO 36.69 -5.85% 77.74 5.93% 73.34 14.90%
+SFT 48.51 24.48% 83.82 14.21% 73.44 15.06%
+SFT+GRPO 67.07 72.11% 86.06 17.26% 79.10 23.92%

Ablation study on rationale optimization
+QA 48.27 23.86% 81.89 11.58% 71.22 11.58%
+Rat. 55.25 41.78% 85.14 16.01% 75.55 18.36%
+Rat.+Iter. 67.07 72.11% 86.06 17.26% 79.10 23.92%

Table 3: Ablation study evaluating the effects of training
stages (SFT and GRPO) and the contributions of ratio-
nale component (Rat.) and iterative prompt–rationale
optimization (Iter.).

deeper reasoning and contextual understanding.490

Effect of the Rationale and Iterative Optimiza-491

tion. We explore the contributions of rationales492

and iterative prompt–rationale optimization, with493

results presented in Table 3. Note that +QA is494

the model trained solely on question–answer pairs495

without incorporating detailed rationales. Com-496

pared with the base model, training with our pro-497

posed dataset (i.e., +QA, +Rat. and +Rat.+Iter.)498

leads to consistent performance improvements,499

demonstrating the effectiveness of the curated data.500

Integrating rationale-augmented data substantially501

enhances performance over training with option-502

only answers, indicating that rationales provide503

valuable intermediate reasoning signals that fa-504

cilitate learning. Furthermore, applying iterative505

prompt–rationale optimization (i.e., +Rat.+Iter.)506

yields further gains, confirming that progressively507

refined rationales contribute to better supervision508

SMCQ MMCQ

(a) Case

40

60

80

100
A

cc
ur
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y 

(%
)

SMCQ MMCQ

(b) Moral
SMCQ MMCQ

(c) Theory

RS MLCS

Figure 3: Comparison of performance using challenging
question selection methods, including multi-LLM cross-
selection (MLCS) and random selection (RS).

and more robust model reasoning. 509

Effect of the Question Selection. We further ex- 510

amine the effect of question selection by comparing 511

multi-LLM cross-selection (MLCS) with random 512

selection (RS), as illustrated in Figure 3. The com- 513

parison between MLCS and RS demonstrates that 514

leveraging multiple LLMs for selecting challenging 515

instances yields markedly superior outcomes across 516

all these tasks. This finding confirms that our se- 517

lection mechanism effectively selects high-quality 518

training data for GRPO, which is instrumental in 519

enhancing reasoning and generalization within the 520

psychological domain. 521

3.4 Discussion 522

Effect of Datasets. We evaluate the model per- 523

formance across different combinations of subsets, 524

with results presented in Table 4. It is observed 525

that fine-tuning with either psychological reason- 526

ing data (PRD) or empathetic dialogues (ED) in 527

isolation delivered marginal improvements in task 528

7



Settings Case Moral Theory Avg.SMCQ MMCQ SMCQ MMCQ SMCQ MMCQ

Base 47.57 31.64 87.83 59.50 78.46 42.45 57.91

+ED 35.77 29.74 70.00 60.90 65.84 44.40 51.11
+PRD 37.94 35.45 91.45 51.27 80.47 37.53 55.69
+ED+PRD 61.71 53.56 92.72 76.58 86.13 68.16 73.14

+ED+PRD+APD 63.31 56.26 92.76 79.62 87.70 66.54 74.37

Table 4: Effect of different dataset compositions, includ-
ing empathetic dialogues (ED, i.e.,Dem), psychological
reasoning data (PRD, i.e., Dpc ∪ Dpr), and additional
public datasets (APD, i.e., Dps ∪ Dcp).

Model EmoE. CogE. Con. Sta.

Qwen2.5-7B-Instruct 1.52 2.00 2.36 1.72
CPsyCounX 1.73 2.05 2.15 1.96
EmoLLM 1.86 2.44 2.84 2.34
PsycoLLM 1.97 2.27 2.41 2.10
PsyDT 2.21 2.46 2.36 2.34

Psyche-R1 2.33 2.69 2.78 2.11

Table 5: Comparisons of psychological LLMs on PsyDT
test set. The evaluation metrics comprise: emotional
empathy (EmoE.), cognitive empathy (CogE.), conver-
sation strategy (Con.), and state and attitude (Sta.).

performance, and in some cases, led to a slight de-529

cline in overall accuracy. In contrast, the combina-530

tion of PRD and ED achieves substantial improve-531

ments across these tasks, highlighting the quality532

and comprehensiveness of our proposed data syn-533

thesis pipeline. This result demonstrates that inte-534

grating domain-specific knowledge with emotional535

understanding enhances psychological reasoning.536

Moreover, the incorporation of additional public537

datasets (APD) leads to further performance im-538

provements.539

Performance on Counseling Tasks. Beyond ex-540

amination tasks, we evaluate the performance of541

Psyche-R1 on counseling tasks and compare it with542

its base model and several outstanding psycholog-543

ical LLMs. Following the method of PsyDT (Xie544

et al., 2025) but constrained by limited resources,545

we randomly sample 200 instances from its test set546

and employ GPT-4o as the evaluator. As shown in547

Table 5, Psyche-R1 achieves notable improvements548

compared to its base model, demonstrating its ca-549

pability in counseling tasks that demand emotional550

empathy, cognitive empathy and so on. This excel-551

lent performance stems from the synergistic inter-552

play between two crucial elements: the empathetic553

dialogues, which directly improve counseling ef-554

fectiveness, and advanced reasoning mechanisms,555

which enable a deeper understanding of questions,556

thereby yielding more accurate and emotionally557

informed responses within relevant contexts.558

25
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75

Case
SMCQ

Case
MMCQ

Case
MMCQ*

Moral
SMCQ

Moral
MMCQ

Moral
MMCQ*

Theory
SMCQ

Theory
MMCQ

Theory
MMCQ*

(a) Challenging PCEB

25
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75
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Case
MMCQ
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MMCQ*

Moral
SMCQ

Moral
MMCQ

Moral
MMCQ*

Theory
SMCQ

Theory
MMCQ

Theory
MMCQ*

(b) Non-Challenging PCEB

Base Model Psyche-R1

Figure 4: Comparison of model performance on (a)
Challenging and (b) Non-Challenging subsets of the
PCEB. An asterisk(*) indicates elastic accuracy, while
the remaining metrics represent standard accuracy.

Error Analysis. To assess the impact of our 559

approach across varying difficulty levels, we di- 560

vide the PCEB into (a) challenging and (b) non- 561

challenging subsets following the question selec- 562

tion method described in §2.2. The results are 563

presented in Figure 4. It is observed that Psyche- 564

R1 demonstrates consistent improvements across 565

these tasks in both subsets. For the non-challenging 566

one, performance gains are primarily concentrated 567

in the theory and moral dimensions, reflecting the 568

model’s proficiency in handling foundational psy- 569

chological concepts. Notably, our model exhibits 570

more pronounced improvements on the challenging 571

subset. This observation can be attributed to the 572

synergistic effect of our data generation pipeline 573

and hybrid training strategy. 574

4 Conclusion 575

In this paper, we propose Psyche-R1, the first 576

Chinese psychological LLM that jointly integrates 577

empathy, expertise, and reasoning. To support 578

model development, we design a multi-stage data 579

synthesis pipeline that generates high-quality psy- 580

chological reasoning samples with detailed ratio- 581

nales and empathetic dialogues. The reasoning 582

rationales are further enhanced through iterative 583

prompt–rationale optimization, and a multi-LLM 584

cross-selection strategy is employed to identify 585

challenging examples. Finally, the challenging sub- 586

set is used for GRPO, while the remaining data 587

are employed for SFT, together contributing to the 588

final model. Extensive experiments demonstrate 589

that Psyche-R1 outperforms existing psychologi- 590

cal LLMs, achieving performance comparable to 591

DeepSeek-R1. Moreover, we perform comprehen- 592

sive ablation studies and analyses to evaluate the 593

individual contributions of each component and 594

strategy within the proposed framework. 595
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Limitations596

Despite the promising results of our Psyche-R1, our597

study is subject to several limitations that remain598

to be addressed in future research.599

Language and Cultural Specificity. To miti-600

gate the shortage of mental health professionals in601

China, current Psyche-R1 and its training corpus602

are predominantly tailored to the Chinese language603

and cultural context. Consequently, the model’s em-604

pathetic reasoning involves specific cultural norms605

that may not directly transfer to other languages.606

We frame this as a necessary step for local appli-607

cability, noting that cross-cultural generalization608

remains challenging for future research.609

Model Scale. Constrained by computational re-610

sources, Psyche-R1 is built upon a 7B-parameter611

backbone. While it achieves competitive perfor-612

mance, we posit that employing a base model with613

a larger scale would yield superior performance.614

Ethical Considerations615

The development and deployment of LLMs in the616

mental health domain necessitate rigorous adher-617

ence to ethical standards.618

Nature of the System. Psyche-R1 is designed619

as a supportive tool for mental health support and620

education, rather than a replacement for qualified621

mental health professionals. The model is not au-622

thorized to provide medical diagnoses, prescribe623

treatments, or handle crisis interventions. Users624

facing severe mental health crises should seek help625

from human professionals or emergency services.626

Data Privacy and Safety. We prioritize the pri-627

vacy and safety of individuals in our data cura-628

tion process. For data collected from social me-629

dia platforms (Type IV), we implemented strict630

de-identification procedures to remove all person-631

ally identifiable information, including names, lo-632

cations, and contact details. We strictly adhere to633

data usage policies and ensure that the synthesized634

data does not reconstruct real-world private interac-635

tions. Furthermore, our data synthesis pipeline that636

prioritizes high-quality, constructive psychologi-637

cal advice filtered out toxic content and harmful638

suggestions to align with safety guidelines.639
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A Related Work948

A.1 LLMs for Psychology949

The success of LLMs has spurred interest in de-950

veloping LLM-driven mental health applications951

(Demszky et al., 2023). Early research focused952

primarily on improving the accessibility of men-953

tal health services. Research in this phase primar-954

ily concentrated on two directions: One direction955

involves leveraging NLP techniques for emotion956

recognition to enable automated detection of de-957

pression (Huang et al., 2020) and suicidal ideation958

(Lee et al., 2020). The other focuses on construct-959

ing empathetic dialogue systems by fine-tuning960

LLMs on single-turn (Lai et al., 2023) or multi-961

turn (Qiu et al., 2024) dialogue data to enhance962

their abilities in affective understanding and emo-963

tional support (Team, 2024a; Xie et al., 2025). As964

research progressed, researchers began to explore965

more diverse mental health applications. Some966

studies have transformed traditional psychometric967

tools (e.g., psychological scales) into interactive968

systems to improve user engagement (Kuribayashi969

et al., 2024; Yang et al., 2024). Another line of970

research has focused on the specialized demands of971

the psychological domain, developing professional-972

grounded mental health applications based on es-973

tablished psychological therapies (Lee et al., 2024;974

Shen et al., 2024) or concepts (Zhang et al., 2025).975

A.2 LLM Reasoning976

In recent years, techniques such as CoT prompt-977

ing (Wei et al., 2022; Hsieh et al., 2023) have978

significantly advanced the development of LLM979

reasoning. Building upon this foundation, re- 980

searchers have explored more sophisticated reason- 981

ing architectures. For instance, Tree of Thoughts 982

(Yao et al., 2023) enables systematic exploration 983

of multiple reasoning paths with self-evaluation, 984

while PAL (Gao et al., 2023) integrates reasoning 985

with external tools through program generation. 986

These approaches further enhance model perfor- 987

mance in handling complex tasks. A new break- 988

through was marked by the release of reasoning 989

LLMs like OpenAI o1 (Jaech et al., 2024) and 990

DeepSeek-R1 (Guo et al., 2025). These models, 991

which are trained through reinforcement learning 992

with reasoning techniques to enhance reasoning 993

capabilities, demonstrate exceptional performance 994

in mathematical and coding tasks (Comanici et al., 995

2025; Yang et al., 2025). Motivated by these ad- 996

vances, researchers have employed advanced RL 997

algorithms, such as GRPO (Shao et al., 2024) and 998

DAPO (Yu et al., 2025), to further extend reasoning 999

capabilities to domain-specific applications, includ- 1000

ing medicine (Liu et al., 2025) and finance (Zhu 1001

et al., 2025). However, within the field of psychol- 1002

ogy, limited research has investigated the utility of 1003

reasoning. To our knowledge, Psyche-R1 is the first 1004

psychological LLM that unifies empathy, domain- 1005

specific expertise, and reasoning capabilities. 1006

B Case Study 1007

We present a case study examining how Psyche-R1 1008

and Qwen2.5-72B-Instruct formulate their con- 1009

clusions derived from narratives and deliver mental 1010

health support, as illustrated in Figure 5. These 1011

two models display distinct counseling strategies 1012

when addressing the case involving a company 1013

manager confronting a career transition dilemma. 1014

Psyche-R1 begins by expressing empathy (e.g., “I 1015

can really sense...”), followed by applying rele- 1016

vant psychological concepts tailored to user’s sit- 1017

uations, thereby demonstrating both emotional at- 1018

tunement and domain-specific expertise. In con- 1019

trast, Qwen’s empathetic expressions appear less 1020

natural and engaging (e.g., “Your situation is truly 1021

understandable...”), and it fails to apply theoretical 1022

knowledge to contextualize or explain the user’s 1023

dilemma, which undermines the credibility of its 1024

analysis and recommendations. Moreover, Psyche- 1025

R1 exhibits a clear and efficient reasoning path 1026

progressing from surface-level observations to in- 1027

depth analysis, whereas Qwen merely enumerates 1028

generic suggestions lacking step-by-step and in- 1029
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Case Question …I became general manager at the age of 30, was dedicated and conscientious in my work... Six months ago... I was not rehired. The 

newly appointed manager is only 32 years old... I feel extremely wronged and treated unjustly... I can't muster any energy all day long, have no appetite, 

and nothing tastes good anymore… When I see colleagues talking, I always suspect they're gossiping about me… I don't even want to go out anymore. I've 

declined all social gatherings… I really can't accept failing like this. This situation truly causes me great pain. Can you help me relieve this suffering?

Psyche-R1 …I can really sense the internal struggle and pain you are 

experiencing, which in psychology is referred to as “role transition” and 

“identity crisis”… This sudden shift in identity has left you feeling lost and 

defeated… Your emotional responses… are all common psychological 

reactions when facing major life changes. These symptoms indicate that you 

are experiencing adjustment disorder and... First, accepting reality is key... 

You need to learn to view your worth from a broader perspective… Second, 

adjust your mindset and maintain a positive attitude… Third, establish a 

strong social support system… Finally, if symptoms persist and affect your 

daily life, it is suggested that seeking help from professional psychologists…

Qwen2.5-72B-Instruct Your situation is truly understandable and 

deserves sympathy… Accept Reality: First, try to accept the current 

situation... Seek Support: Share your feelings with trusted friends or family 

members... Adjust Your Mindset: Maintaining a positive and optimistic 

attitude is crucial for overcoming difficulties. Focus on Personal Growth: 

Use this time to concentrate on personal interests and development… 

Improve Lifestyle Habits: Pay attention to healthy eating and... Build Your 

Social Network: … maintaining some social activities is very helpful for 

improving your mood... Make a Plan: Think about your next career move… 

Everyone's feelings when facing difficulties are real and valid…

Figure 5: A qualitative example from the CPsyExam test set comparing Psyche-R1 and Qwen2.5-72B-Instruct.
Highlights indicate empathetic expressions (red), psychological expertise (green), and reasoning (blue).

Case Question …三十岁就当上了总经理，对工作兢兢业业…半年前国企改制…我居然落聘了。新聘任的总经理才32岁…我受不了这种气…

我烦，我气…一天到晚打不起精神，也没什么胃口，吃什么都不香…看到同事们在说话，总怀疑是不是在议论我…我都不想出门了，各种聚会
我都给推掉了…我真不甘心就这样失败了，这事确实让我很痛苦。您能帮我解除痛苦吗？

Psyche-R1 …我能感受到你内心的挣扎和痛苦，这在心理学上被称为

“角色转换”和“自我认同危机”…这种身份的突然转变让你感到失
落和挫败…你的情绪反应…都是在面对重大生活变化时常见的心理反
应。这些症状表明你正在经历心理适应障碍……首先，接受现实是关
键…你需要学会从更广阔的视角看待自己的价值…其次，调整心态，
保持积极的心态…再次，建立良好的社会支持系统…最后，如果症状
持续存在并影响日常生活，建议寻求专业心理医生的帮助……

Qwen2.5-72B-Instruct 您的情况确实让人感到同情……接受现实：

首先，尝试接受当前的情况…寻求支持：与信任的朋友或家人分享您
的感受…调整心态：…保持积极乐观的态度对于克服困难至关重要。
专注于个人成长：利用这段时间专注于个人兴趣和发展…改善生活习
惯：注意饮食健康…建立社交网络：…维持一定的社交活动对恢复心
情很有帮助…制定计划：思考接下来的职业规划…每个人面对困境时
的感受都是真实合理的……

Figure 6: The Chinese version of the qualitative example presented in the Case Study. Highlights indicate
empathetic expressions (red), psychological expertise (green), and reasoning (blue).

depth reasoning. For the Chinese version of this1030

case, see Figure 6.1031

C Details of Experiments1032

C.1 Details of Baselines1033

We compare Psyche-R1 with four categories1034

of LLMs, including: (1) General LLMs,1035

including MiniCPM4-8B (Team et al., 2025),1036

Qwen2.5-7B/14B/72B (Team, 2024b). (2)1037

Reasoning augmented LLMs, encom-1038

passing DeepSeek-R1 (Guo et al., 2025),1039

DeepSeek-R1-70B, QwQ-32B, Qwen3-30B-A3B,1040

Qwen3-235B-A22B (Yang et al., 2025), and1041

Magistral-Small. (3) Closed-source LLMs,1042

including Claude3.7-Sonnet, Gemini1.5-Pro1043

(Team et al., 2024), and GPT-4o (Hurst et al.,1044

2024). (4) Psychological LLMs, including1045

CPsyCounX (Zhang et al., 2024), EmoLLM (Team,1046

2024a), PsycoLLM (Hu et al., 2024), and PsyDT1047

(Xie et al., 2025). Notice that for the hybrid1048

reasoning-augmented models Qwen3 series and1049

Claude3.7-Sonnet, we set them to reasoning1050

mode to stimulate their best performance. Details1051

of the model information are provided in Table 7.1052

C.2 Implementation Details 1053

In our experiments, we employ the LLaMA- 1054

Factory (Zheng et al., 2024) framework for SFT. 1055

Specifically, we adopt a learning rate of 1e-5, a 1056

batch size of 256, and conduct training for 2 epochs. 1057

For the GRPO phase, we implement the VeRL 1058

framework (Sheng et al., 2025) with a learning 1059

rate of 1e-6, a batch size of 128, and 2 training 1060

epochs. All experiments are performed on 8 RTX 1061

A6000 GPUs, each equipped with 48GB. 1062

During evaluation, we set temperature to 0.0, 1063

maximum sequence lengths to 1024, and top-p to 1064

0.95 to ensure the fairness of evaluation. 1065

C.3 Details of Model Training 1066

For SFT training, the hyperparameters utilized for 1067

training the model are configured as follows: the 1068

learning rate is set to 1e-05, the batch size is set to 1069

256, the number of epochs is set to 2. We employ 1070

AdamW as the optimizer, configured with the ep- 1071

silon set to 1e-08. The learning rate scheduler is 1072

set to cosine type with a warmup ratio of 0.1. 1073

For GRPO training, the hyperparameters are con- 1074

figured as follows: the learning rate is set to 1e-06, 1075

the batch size is set to 128, and the number of 1076

epochs is set to 2. The PPO mini-batch size is con- 1077
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Dataset Dialogue Knowledge Question CoT Rationales Empathetic Dialogue Expertise

CPSYCOUND (Zhang et al., 2024) 3,134 - ✕ ✓ ✕

PsyDTCorpus (Xie et al., 2025) 5,000 - ✕ ✓ ✕

SMILECHAT (Qiu et al., 2024) 55,165 - ✕ ✓ ✕

PsycoLLM (Hu et al., 2024) 173k 9,106 ✓ ✕ ✓
Ours 72,920 75,465 ✓ ✓ ✓

Table 6: Comparison of psychological datasets.

Model Param. Version

MiniCPM4-8B 8B openbmb/MiniCPM4-8B
Qwen2.5-7B 7B Qwen/Qwen2.5-7B-Instruct
Qwen2.5-14B 14B Qwen/Qwen2.5-14B-Instruct
Qwen2.5-72B 72B Qwen/Qwen2.5-72B-Instruct
DeepSeek-R1 671B deepseek-ai/DeepSeek-R1
DeepSeek-R1-70B 70B deepseek-ai/DeepSeek-R1-Distill-Llama-70B
QwQ-32B 32B Qwen/QwQ-32B
Qwen3-30B-A3B 30B Qwen/Qwen3-30B-A3B
Qwen3-235B-A22B 235B Qwen/Qwen3-235B-A22B
Magistral-Small 24B mistralai/Magistral-Small-2506
GPT-4o UNK gpt-4o-2024-05-13
Gemini1.5-Pro UNK gemini-1.5-pro-latest
Claude3.7-Sonnet UNK claude-3-7-sonnet-20250219
CPsyCounX 7B finetuned on Internlm-7B-Chat
EmoLLM 7B finetuned on Qwen2-7B-Instruct
PsycoLLM 14B finetuned on Qwen1.5-14B-Instruct
PsyDT 7B finetuned on Qwen2-7B-Instruct

Table 7: Detailed information of baselines.

figured to 32, with a micro-batch size per GPU of1078

20. We incorporate KL divergence regularization1079

with the KL loss coefficient set to 1e-03, employing1080

the low-variance KL loss type.1081

D Details of Prompts1082

We provide the prompts used throughout our data1083

synthesis pipeline. Only the English version is1084

presented due to compilation issues in LATEX with1085

non-English languages.1086

Prompts for Data Cleaning

You are a professional evaluator with ex-
tensive knowledge in psychology. Users
on mental health platforms are facing dif-
ficulties in their lives, so they have pro-
vided questions and detailed descriptions
and have received some responses from
counselors. Please carefully analyze the
given questions, descriptions, and responses,
determine whether the responses are helpful
to the users and have positive significance,
and return “reasonable” or “unreasonable”.

1087

Prompts for Question Generation

You are an expert in designing psychol-
ogy examination questions with extensive
work experience. Your task is to generate
{num_questions} clear and challenging psy-
chology questions based on the text below.
Do not add any information that is not men-
tioned in the provided text.
Note: When generating questions that refer-
ence the text, you must provide the detailed
and complete textual evidence to offer suffi-
cient information.
# Text Content: {text}
Please generate {num_questions}
{type_instruction} questions based on
the text above. These questions must
be based on the text content, and you
must ensure that the answers have clear
evidence within the text. Please try to
ensure diversity and variation among the
generated questions.
You must strictly adhere to the following
guidelines:

1. The questions should be challeng-
ing and require reasoning to test the
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candidate’s reasoning skills and aca-
demic literacy, rather than being simple
knowledge-recall questions.

2. The questions need to be clear, accu-
rate, and well-structured, with reason-
ably set options and an appropriate dis-
tribution of difficulty.

3. Ensure that the questions and their
corresponding answers have clear evi-
dence in the text.

Follow the JSON format below to generate
the questions:

```JSON
{
"question": "...",
"options": "...",
"answer": "....",
"type": "..."

}

You need to repeat the structure above to
generate a total of {num_questions} ques-
tions.

1089

Prompts for Question Control

You are an expert in psychology. Now, I
have a batch of questions that were con-
verted from book texts using large language
models. However, some of these questions
have missing information. Your task is to
judge whether the following psychology
questions are reasonable.
The criteria for judging question reasonable-
ness are whether the question provides suf-
ficient information for candidates to solve
the problem. Since these questions are gen-
erated by large language models based on a
batch of book texts, candidates can only see
the questions and cannot access the original
texts.
Therefore, a “reasonable” question should
be: after reading the question, candidates
can choose the correct answer from the op-
tions through deep thinking about the ques-
tion content (i.e., the "question") combined
with their existing knowledge, without need-
ing to read the original text content. Con-
versely, an “unreasonable” question should

1090

be, there is missing information, and with-
out reading the original text, it is impossible
to choose the correct answer based solely
on the question and one’s own knowledge.
Note: you need to carefully read the ques-
tion, understand its content, and ensure that
you give an accurate judgment!
# Examples: {examples}
Now, please follow the above guidelines to
judge whether the following question is rea-
sonable. Note that you only need to return
“reasonable” or “unreasonable” without any
other text content:
# Question Type: {type}
# Question: {question}

1091

Prompts for Rationale Generation (for
rationale generation)

You are an expert in psychology with exten-
sive professional experience.
Please carefully read the following psychol-
ogy question, analyze and reason through it
using psychological knowledge, and explain
your reasoning step by step along with your
final predicted answer. This requires com-
prehensive analysis, summarization, explo-
ration, re-evaluation, reflection, backtrack-
ing, and iteration to develop a thoughtful
reasoning process. In the reasoning section,
each of your reasoning steps should be con-
sidered in detail from a professional psy-
chological perspective, such as analyzing
the problem, summarizing relevant findings,
brainstorming, verifying the accuracy of the
current step, improving any errors, and re-
visiting previous steps.
Now, you must follow the JSON format be-
low to present your rationale and prediction:

```JSON
{
"rationale": "...",
"prediction": "..."

}

# Question: {question}
1092
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Prompts for Rationale Generation (for
candidate prompt generation)

You are an expert in prompt optimization
with extensive professional experience.
Based on the following psychological ques-
tion and initial prompt, please generate a bet-
ter prompt to guide large language models to
conduct more accurate and detailed analysis
and reasoning for **this question**.
# Current Prompt: {current_prompt}
# Question: {question}

1093

Prompts for Rationale Generation (for
rationale comparison)

You are an expert in psychology exam grad-
ing with extensive work experience.
Below are different responses to the same
psychology question. You need to ob-
jectively, thoroughly, and comprehensively
evaluate these responses, ultimately choose
the best one from among them, and provide
your detailed explanation for the choice.
# Rationales: {rationale_1} ... {ratio-
nale_n} ...
Please return your selection in the following
JSON format:

```JSON
{
"best_rational_index": "...",
"reason": "..."

}
1094

Prompts for Question Selection

You are participating in a psychology exam.
Please choose an answer based on the pro-
vided question and options. Directly output
the letter of the option. No explanation is
needed.
# Question: {question}
Please present the predicted answer directly
with the letter of the option. No explanation
is needed.

1095

Prompts for Empathetic Dialogue Synthe-
sis

# Role: You are a psychological counselor
with extensive theoretical knowledge and

1096

counseling experience. You possess strong
empathy and compassion, keen observa-
tional skills, excellent listening abilities, and
conversational techniques. Your aim is to
help users improve their mood and over-
come difficulties.
# Your tasks are: Since users’ questions
commonly contain issues like inappropriate
expressions and logical confusion, making
the questions often unclear, you need to:

1. Organize the sequence of events:
conduct detailed analysis of the con-
text and content within the problem;

2. Understand psychological confusion:
you need to combine your psychologi-
cal knowledge and counseling experi-
ence to uncover the mental issues and
states within the user’s question;

3. Adopt the user’s perspective and re-
fine the question: You must refine
the question from user’s first-person
perspective. Based on the given ques-
tion, you need to polish and orga-
nize it into a complete, logically clear,
and sufficiently detailed expression.
This expression should highlight the
user’s psychological confusion or men-
tal state to provide adequate substan-
tive content.

Note: You only need to return the refined
question without providing any other irrele-
vant text! Now, try to address the following
problem using the above guidelines:
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