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Abstract001

Personality detection aims to label an individ-002
ual’s traits via identifying linguistic cues from003
his or her written text. Previous approaches004
typically perform a direct mapping between005
text and trait labels or apply static reasoning006
to this task. In this paper, we argue that dy-007
namic reasoning, underpinned by psychologi-008
cal theory, is essential for personality trait in-009
ference. To address this, we propose PsyPath,010
a novel framework that models personality de-011
tection as a process of psychologically-guided012
self-exploration. By enabling large language013
models (LLMs) to dynamically generate and014
answer psychologically meaningful questions,015
our method creates a dynamic reasoning path016
to explore the underlying dimensions of person-017
ality traits. This mechanism not only makes the018
reasoning process transparent, but also helps019
the model understand personality nuances in020
a way that mirrors expert psychological rea-021
soning. For the “guided self-exploration”, we022
propose a novel hybrid scoring mechanism to023
step-by-step evaluate the generated nodes in the024
reasoning paths that balances psychological co-025
herence (black-box scoring) and model output026
dynamics (white-box scoring). This reasoning-027
based formulation inherently reflects how psy-028
chologists assess personality, as they rely on029
iterative, diagnostic reasoning. Experiments on030
two benchmark datasets demonstrate that Psy-031
Path consistently outperforms strong baselines,032
yielding improvements in predictive accuracy033
and model interpretability. Moreover, the gen-034
erated reasoning paths provide psychologically035
meaningful training data, significantly improv-036
ing performance and psychologically grounded037
interpretability in downstream tasks.038

1 Introduction039

Personality, defined as enduring patterns in how in-040

dividuals behave, think, and feel, is a core construct041

in psychological science (John et al., 2008). Person-042

ality detection from text is a fundamental challenge043

Prediction:

High Neuroticism

(b) What a psychologist would do

He may express an ability 

to adapt to change.

This might be associated 

with low neuroticism.

Text: I'm pretty happy with 

my first week and a half of classes…

(a) What a model would do

(c) What a model with PsyPath would do

Text: I'm pretty happy with 

my first week and a half of classes…

Q: Is he expressing an 

ability to adapt to change? 

A: Yes

      This suggests a lower 

tendency toward neuroticism.

Figure 1: Comparison of personality detection
paradigms. (a) Traditional models predict traits directly
from text, (b) human psychologists reason via constructs
like adaptability. (c) PsyPath mimics human psycholo-
gists by prompting reasoning through step-by-step QAs.

at the intersection of psychology and natural lan- 044

guage processing, increasing application value and 045

profound impact across various domains, including 046

personalized recommendation (Lu and Kan, 2023), 047

healthcare (Ramachandran et al., 2020), market- 048

ing (Meskelis and Whittington, 2020), political tar- 049

geting (Zarouali et al., 2024), and human-computer 050

interaction (Sharan and Romano, 2020). Due to 051

its wide impact and inherent challenges, personal- 052

ity detection has recently seen growing attention, 053

especially in identifying MBTI and OCEAN traits. 054

Traditional approaches typically frame personal- 055

ity detection as a classification problem, attempting 056

to perform a direct mapping between text and trait 057

labels, as illustrated in Figure 1(a). This paradigm 058
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spans a wide spectrum of methodologies, from059

early psycholinguistic feature-based models (Fran-060

cis and Booth, 1993; Cui and Qi, 2017) to so-061

phisticated pre-trained language models (Devlin062

et al., 2019; Liu et al., 2019). While recent meth-063

ods (Yang et al., 2023; Hu et al., 2024; Li et al.,064

2024) have attempted to leverage predefined rea-065

soning templates (e.g., fixed questionnaires), their066

reasoning logic remains largely simple and static,067

failing to capture the dynamic nature of psycholog-068

ical assessment. As illustrated in Figure 1(b), hu-069

man psychologists apply their explicit and implicit070

psychological knowledge in intermediate analy-071

sis and multi-step reasoning to derive conclusions072

and reach final judgments (Vertue and Haig, 2008;073

Meehl, 1954). However, existing methods rarely074

incorporate such a psychological reasoning process075

into the inference of personality traits. To simulate076

human psychologists, there exist two key problems:077

(1) how to effectively model the psychological rea-078

soning process; (2) how to embed the psychological079

reasoning into personality detection.080

For the first problem, drawing on insights081

from clinical psychology (Vertue and Haig, 2008;082

Meehl, 1954), we treat psychological reasoning083

as a dynamic diagnostic process, in which reason-084

ing evolves through iterative question-answering085

(Q&A) guided by psychological knowledge. This086

mechanism enables the model to construct step-087

by-step reasoning trajectories composed of diag-088

nostic Q&A steps, aligning with how human psy-089

chologists analyze personality traits. Technically,090

to avoid the expense of human labeling, we im-091

plement this process via Monte Carlo Tree Search092

(MCTS), which guides the model through a process093

of self-exploration to generate diagnostic paths by094

optimizing a hybrid reward that balances psycho-095

logical coherence (black-box scoring) and model096

output dynamics (white-box scoring).097

It is worth highlighting that the black-box and098

white-box scores form a complementary mech-099

anism: the former provides a psychologically100

grounded structural evaluation, while the latter cap-101

tures probabilistic shifts in model prediction, to-102

gether ensuring both psychological plausibility and103

computational effectiveness. The black-box score104

offers an external assessment rooted in psychologi-105

cal theory, evaluating whether the reasoning path106

aligns with core clinical constructs in personality107

assessment. It incorporates three key dimensions:108

(1) behavioral consistency, (2) cognitive process-109

ing styles, and (3) underlying motivations and self-110

concept—dimensions that mirror how human psy- 111

chologists interpret trait expression. Serving as a 112

complement, the white-box score captures internal 113

model signals by comparing the prediction proba- 114

bility of the correct label before and after applying 115

the reasoning path, helping to identify which ques- 116

tions or paths most effectively improve model per- 117

formance. Together, these two scores ensure that 118

the generated reasoning paths are both theoretically 119

grounded and practically impactful. 120

For the second problem, we adopt Direct Pref- 121

erence Optimization (DPO) to embed psycholog- 122

ically guided reasoning. Since Monte Carlo Tree 123

Search (MCTS) has already explored the search 124

space, DPO can efficiently distill the outcomes of 125

this exploration, thereby avoiding the costly online 126

sampling processes required by RL methods such 127

as GRPO. Crucially, unlike tasks in mathematics 128

or programming, psychological reasoning lacks de- 129

terministic verification rules. Although sampling 130

data in such open-ended domains is susceptible to 131

high variance, MCTS mitigates this issue by ag- 132

gregating evaluation results from multiple simula- 133

tions. Therefore, leveraging static, high-confidence 134

preference pairs generated by MCTS for DPO op- 135

timization is more robust than relying on online 136

sampled data. This approach ensures the stable 137

internalization of the reasoning structure. 138

Our experiments show that PsyPath significantly 139

outperforms prior approaches in predictive perfor- 140

mance. On the Kaggle MBTI dataset, PsyPath 141

outperforms previous works, improving average 142

accuracy (Acc.) by 12% and the F1-score (F1) by 143

15.6%. Similarly, on the Essays dataset, it achieves 144

gains of 3.6% in accuracy and 7.2% in F1-score. 145

These results fully highlight the remarkable value 146

of our method’s structured, psychology-driven rea- 147

soning mechanism for enhancing accuracy and in- 148

terpretability in computational personality detec- 149

tion. To summarize, this work makes the following 150

three key contributions: 151

• We introduce a novel paradigm of leveraging 152

psychological principles to enable interpretive 153

reasoning in LLMs for personality detection. 154

• We instantiate this paradigm through a tech- 155

nical framework that employs iterative self- 156

exploration guided by a hybrid reward, bal- 157

ancing psychological coherence (black-box) 158

and model dynamics (white-box) to generate 159

diagnostic paths. 160
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Text: I'm pretty happy with my first 

week and a half of classes…

Q1: Plan social activities in advance?

A1: No

Q2: Prioritize relaxation after class?  

A2: Yes

Q3: Focus more on others than self?  

A3: No

Prediction: Low Extraversion

White-Box score: 1

Black-Box score:

  - Motivation and Self-Concept: 3 

  - Behavioral Consistency: 4  

  - Cognitive Style: 2  

Total score: 1.5

Text: I'm pretty happy with my first 

week and a half of classes…

Q1: Enjoy social activities?  

A1: Yes

Q2: Adapted to social challenges?

A2: Yes

Q3: Adjusting to new environment?

A3: Yes

Prediction: High Extraversion

White-Box score: 8.5  

Black-Box score:

  - Motivation and Self-Concept: 6  

  - Behavioral Consistency: 8  

  - Cognitive Style: 7  

Total score: 8.25

LLM

Figure 2: Overview of the PsyPath framework. PsyPath is mainly composed of two phases: the Generation phase
uses Monte Carlo Tree Search (MCTS) with a hybrid scoring mechanism to produce psychologically guided Q&A
paths. The Personality Detection phase uses the high-quality paths as training data to fine-tune an LLM.

• Under a unified evaluation protocol, our ap-161

proach achieved competitiveness with state-162

of-the-art general-purpose LLMs while also163

significantly surpassing traditional baselines.164

2 Model Overview165

We formalize text-based personality detection166

as a psychologically guided reasoning process.167

Given a collection of user-authored texts x =168

{s1, s2, . . . , sn}, where si is a textual utterance, the169

goal is to infer a personality label y ∈ Y (e.g., Big170

Five: Extraversion, Openness, Conscientiousness,171

Agreeableness, Neuroticism). Grounded in psy-172

chological theory (Fleeson, 2001; Epstein, 1994;173

Rogers et al., 1959), we model it as a diagnostic174

reasoning process involving behavioral patterns,175

cognitive styles, and motivational factors.176

As shown in Figure 2, we design PsyPath as a177

two-stage framework inspired by how psycholo-178

gists infer personality through structured reasoning.179

In the first stage, the framework applies Monte180

Carlo Tree Search (MCTS) to iteratively generate181

Q&A paths, guiding a language model to explore182

key behavioral, cognitive, and motivational signals183

from the text. These paths are designed to be in-184

terpretable and psychologically grounded. In the185

second stage, the generated paths are used as super-186

vision to fine-tune a language model. By learning187

from these structured examples, the model acquires188

the ability to perform multi-step reasoning and pro-189

duce transparent trait predictions.190

3 MCTS-based Self-Exploration 191

We describe the first stage of our framework which 192

applies MCTS to self-explore the diagnostic rea- 193

soning process of psychologists. Given a text and a 194

target trait, MCTS guides a generative model to iter- 195

atively pose and answer relevant questions, forming 196

a structured Q&A path. The search is constrained 197

by a fixed depth and number of simulations, and 198

proceeds in four steps: Selection, Expansion, Sim- 199

ulation, and Backpropagation. 200

3.1 Selection 201

The MCTS process starts from the root node (the 202

input text) and selects child nodes (candidate next- 203

step Q&A pairs) based on the Upper Confidence 204

Bound for Trees (UCT) score: 205

U(v) =
Q(v)

N(v)
+ C

√
lnN(p)

N(v)
(1) 206

Here Q(v) is the total score of node v, N(v) and 207

N(p) are the visit counts of v and its parent, and 208

C controls the trade-off between exploration and 209

exploitation. The selection continues until reaching 210

an unexpanded leaf or the maximum depth. 211

3.2 Expansion 212

In the Expansion phase, once a leaf node is se- 213

lected, the LLM generates yes/no questions related 214

to the target trait. To maintain diversity, the previ- 215

ously used questions are excluded using a dynamic 216
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question history. The LLM also answers each ques-217

tion based on the user’s text. Here we design the218

prompts to elicit questions which can cover the219

three key dimensions including: (1) Behavioral220

Consistency: stable patterns across contexts and221

time (Fleeson, 2001); (2) Cognitive Style: typical222

modes of processing and judgment (Epstein, 1994);223

and (3) Motivation and Self-Concept Values: inner224

drives, and beliefs shaping trait expression (Rogers225

et al., 1959; Schwartz, 1992). These factors align226

with earlier psychological principles and the black-227

box scoring criteria (Figure 2). If the LLM fails to228

generate enough valid questions, a fallback mecha-229

nism completes the path.230

3.3 Simulation231

The simulation step scores each root-to-leaf Q&A232

path with a Hybrid Scoring Mechanism (black-box233

plus white-box) to guide the MCTS search.234

The Black-box scoring operationalizes psycho-235

logical validity with an LLM rater conditioned on236

the author’s texts and the candidate Q&A path. Us-237

ing a scoring criterion aligned with the three dimen-238

sions introduced in Section 3.2, the rater outputs239

a score from 1 to 10 for each dimension. The240

black-box score takes the average of these three241

dimension scores (see Appendix C for the scoring242

prompt).243

The White-Box scoring measures the internal244

prediction confidence of the LLM. We quantify245

confidence shift as the probability difference with-246

out/with Q&A Path. That is, ∆P = Paug − Pbase,247

where Pbase = P (y | Text) and Paug = P (y |248

Text,Q&A Path). Both probabilities are computed249

with a fixed generator Llama-3-8B-Instruct as the250

softmax probability of the verbalized ground-truth251

label token (e.g., high/low). Further, we map ∆P252

to a bounded white-box score via a scaled sigmoid:253

Swhite = clip
(
λ1

(
2σ(k∆P )− 1

)
+ λ2

+ β · I(Paug ≥ τ), smin, smax

)
,

(2)254

Here σ(·) is the sigmoid, k controls sensitivity, λ255

sets the score range, β rewards high posterior con-256

fidence, and the result is clipped to [smin, smax] to257

align with the black-box score for the weighted258

combination. Using Llama-3 as a fixed external259

evaluator keeps white-box scoring separate from260

the downstream detector Qwen2-7B, preventing261

evaluator-detector coupling and ensuring stable262

search rewards. The final reward Sfinal = αSwhite +263

(1 − α)Sblack balances confidence shift with psy- 264

chological validity, see ablations in Sec. 5.5. 265

3.4 Backpropagation 266

After scoring a path, we backpropagate the score 267

from the evaluated leaf to the root. For each vis- 268

ited node, we increment its visit_count and add 269

the path’s Sfinal to its total_score. This update 270

strengthens promising regions of the tree and steers 271

subsequent MCTS selection toward optimizing 272

high-quality Q&A sequences. 273

After the preset number of simulations, MCTS 274

selects the explored path with the highest Sfinal as 275

the optimal PsyPath for the input text. 276

4 Personality Inference and Detection 277

This section aims to train a downstream model for 278

interpretable personality trait detection, using the 279

self-explored high-quality Q&A paths generated 280

by the PsyPath generation module. 281

4.1 Data Preparation and Training 282

For each text x, we employ MCTS to explore the 283

reasoning space and identify the optimal Q&A 284

path. This yields a high-quality dataset of triplets 285

(x, Popt, ytrue), where Popt is the path with the high- 286

est hybrid score. 287

We then fine-tune the target LLM using a two- 288

stage process: Supervised Fine-Tuning (SFT) es- 289

tablishes the Q&A format, while Direct Preference 290

Optimization (DPO) aligns the model’s generation 291

with the psychological evaluation criteria. 292

DPO minimizes the loss on preference pairs 293

(P+, P−), where P+ corresponds to the MCTS- 294

selected optimal path, and P− is a rejected candi- 295

date with a lower hybrid score: 296

LDPO =

− log σ
(
β
[
log πθ(P

+|x)
πref(P+|x) − log πθ(P

−|x)
πref(P−|x)

])
(3) 297

298
where πθ is the optimized model, πref is the SFT 299

reference, and β controls the preference strength. 300

This approach effectively enables the model to 301

internalize the diagnostic logic derived from the 302

MCTS exploration. 303

4.2 Multi-step Inference 304

During inference, the fine-tuned model performs 305

multi-step inference, which generates a structured 306

sequence of diagnostic Q&A for the target trait and 307
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follows this path to a final prediction (e.g., “high”308

or “low”). Trained with DPO on paired paths, it309

prioritizes psychologically coherent, diagnostically310

effective reasoning and produces transparent step-311

by-step outputs that clearly explain the judgment,312

and the final trait label is extracted from the struc-313

tured output for evaluation. This procedure im-314

proves interpretability and mirrors psychological315

assessment.316

5 Experiments317

5.1 Data Preparation318

We evaluated PsyPath on two standard personal-319

ity detection benchmarks. The first is the Kaggle320

MBTI dataset1, which has 8,674 entries from the321

personality forum PersonalityCafe2, each labeled322

with one of the 16 Myers-Briggs Type Indicator323

(MBTI) types (Myers-Briggs, 1991). The second324

is the Essays dataset (Pennebaker and King, 1999),325

containing 2,468 texts annotated with the Big Five326

personality traits. For data preparation, we used327

80% of each dataset to generate the training data328

and reserved a random 10% as the final test set.329

5.2 Baselines330

We compare PsyPath against a set of existing meth-331

ods in personality detection.332

These include neural network models like333

W2V+CNN (Rahman et al., 2019) combining334

word2vec embeddings, AttRCNN (Xue et al., 2018)335

integrating a hierarchical Inception variant; and pre-336

trained language models such as BERT (Devlin337

et al., 2019), DDGCN (Yang et al., 2022) employ-338

ing domain-adapted BERT with a dynamic deep339

graph network, and RoBERTa (Liu et al., 2019)340

fine-tuned for the task.341

For LLM baselines, we evaluate five widely342

used off-the-shelf general-purpose LLMs under343

a unified prompting/evaluation pipeline without344

task-specific fine-tuning: Kimi-K2 (Moonshot AI,345

2025), a Mixture-of-Experts model from Moon-346

shot AI aimed at agentic/computer-use scenar-347

ios; Gemini 2.5 Pro (Google DeepMind, 2025;348

Kavukcuoglu, 2025), a “thinking” model fam-349

ily from Google DeepMind designed for com-350

plex reasoning and coding; Qwen3-8B (Qwen351

Team, 2025b,a), Alibaba’s next-generation 8B352

model emphasizing deeper reasoning and faster353

tool-use; LLaMA 3 8B Instruct (Meta AI, 2024),354

1https://www.kaggle.com/datasnaek/mbti-type
2https://www.personalitycafe.com/forum

Meta’s open-weight instruction-tuned 8B baseline; 355

and Claude Sonnet 4 (Anthropic, 2025), a mid- 356

size Claude 4 routing variant accessed through a 357

provider-specific API. To ensure fair comparison, 358

these baselines utilize the same prediction prompt 359

template as the final stage of our method, which 360

is provided in Appendix E. In addition, we adopt 361

various strategies for performance improvement, 362

including TAE (Hu et al., 2024) which improves 363

performance through text augmentation and con- 364

trastive learning, and PsyCoT (Yang et al., 2023) 365

which uses psychological questionnaires in a Chain- 366

of-Thought (CoT) process for dialogue ratings. 367

To comprehensively evaluate the effectiveness of 368

our method’s Q&A path generation and utilization 369

strategies, we introduce four specific Qwen2-based 370

variants: 371

Direct represents the performance of the Qwen2 372

model directly fine-tuned on raw data, serving as 373

a reference for conventional LLM fine-tuning. 374

FixedQ conducts MCTS by selecting questions 375

from a fixed, predefined set instead of dynamic 376

generation by the LLM, to evaluate the value of 377

dynamic question generation. 378

RandPath uses randomly selected Q&A paths 379

in the training phase that lead to correct predic- 380

tions. By fine-tuning on these instead of rely- 381

ing on MCTS optimization, aiming to explicitly 382

quantify the potential performance gain from the 383

MCTS search optimization. 384

BoN employs a “Best-of-N” strategy (N = 8), 385

generating multiple candidate reasoning paths and 386

selecting the optimal one via our Hybrid Scoring. 387

This baseline strictly isolates the specific contri- 388

bution of the structured MCTS lookahead search 389

relative to a simple “generate-and-rerank” strategy 390

under an identical reward function. 391

5.3 Implementation Details 392

We utilize Meta-Llama-3-8B-Instruct for PsyPath 393

generation and scoring, and Qwen2-7B for down- 394

stream detection. MCTS is configured with 50 iter- 395

ations and a maximum search depth of 3. For scor- 396

ing (Eq. 2), we set the balancing weight α = 0.5, 397

with white-box parameters λ1 = 10, λ2 = 0.5, 398

sensitivity k = 5, and a bonus β = 2 for high con- 399

fidence (Paug ≥ 0.8). Qwen2 is fine-tuned using 400

LoRA (rank 16, alpha 32). SFT training employs a 401

learning rate of 3.0× 10−5 (10 epochs, batch 16), 402
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Methods I/E S/N T/F J/P Average

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

AttRCNN - 59.74 - 64.08 - 78.77 - 66.44 - 67.26
DDGCN 78.10 70.26 84.40 60.66 79.30 78.91 73.30 71.73 78.78 70.39
BERT 77.30 62.50 84.90 54.04 78.30 77.93 69.50 68.80 77.50 65.82
RoBERTa 77.10 61.89 86.50 57.59 79.60 78.69 70.60 70.07 78.45 67.06

Kimi-K2 84.00 71.43 86.17 89.09 89.50 88.27 84.25 76.96 85.98 81.44
Gemini-2.5-Pro 82.83 69.07 89.00 93.45 85.00 84.15 83.00 75.47 84.96 80.54
Qwen3-8B 73.50 50.47 74.50 84.31 66.50 68.25 63.00 70.40 69.38 68.36
LLaMA3-8B 65.00 44.44 74.00 83.95 63.00 61.86 63.00 68.38 66.25 64.66
Claude-Sonnet-4 80.50 70.68 91.00 94.77 89.30 88.77 73.00 75.62
TAE - 70.90 - 66.21 - 81.17 - 70.20 - 72.07
PsyCoT 79.00 66.56 85.00 61.70 75.00 74.80 57.00 57.83 74.00 65.22

Direct 73.43 72.00 81.57 81.83 73.29 72.23 70.71 72.50 74.75 74.64
FixedQ 78.00 82.00 73.00 72.16 74.00 75.00 73.67 73.93 74.67 75.77
RandPath 85.50 71.84 86.67 70.59 83.30 83.30 79.00 63.16 83.62 72.22
BoN 87.40 71.10 89.18 85.03 84.82 85.13 83.09 69.90 86.12 77.79
PsyPath (our) 91.00 81.63 95.13 97.24 90.25 89.57 86.62 82.14 90.75 87.65

Table 1: Overall results of PsyPath and baselines on the Kaggle MBTI dataset.

while DPO uses a rank of 8 and a rate of 8.0×10−6403

(3 epochs, batch 8). Experiments were conducted404

on 3 NVIDIA A800 GPUs using vLLM with 50405

parallel workers. Results are reported as averages406

over 5 random seeds. See Appendices A–E for407

prompts and Appendix H for cost analysis.408

5.4 Main Experiments409

To evaluate our method’s effectiveness, we per-410

formed quantitative assessments for each person-411

ality trait dimension. We measured performance412

using Accuracy and F1-score, standard binary clas-413

sification metrics. Our main experiment results,414

summarized in Table 1 (Kaggle MBTI dataset) and415

Table 2 (Essays dataset), consistently demonstrate416

the superior performance of PsyPath across all eval-417

uated personality trait dimensions. As the results418

clearly show, PsyPath achieves the highest Accu-419

racy and F1-score across both datasets, outperform-420

ing all baseline models.421

Specifically, PsyPath substantially and consis-422

tently surpasses various baseline models, including423

traditional machine learning approaches and BERT,424

RoBERTa, etc., as well as strong LLM-based base-425

lines such as TAE and PsyCoT. For instance, on the426

MBTI dataset, PsyPath’s average score improved427

by approximately 15%-20% compared to tradi-428

tional methods and outperformed LLMs by at least429

5%; on the Essays dataset, the average score also430

significantly increased by about 7%-8% points431

over traditional methods and at least 2% points432

over LLMs. Furthermore, comparing Qwen2-based433

variants isolates the contribution of each compo- 434

nent. PsyPath consistently outperforms Direct 435

(Qwen2 standard fine-tuning) and FixedQ, con- 436

firming the necessity of our specialized framework 437

and dynamic questioning capability. Crucially, 438

regarding path optimization, we observe a clear 439

performance hierarchy: RandPath < BoN < Psy- 440

Path. While BoN improves over random selection 441

(validating the effectiveness of our hybrid scorer), 442

PsyPath’s superior performance demonstrates that 443

structured MCTS lookahead captures deep diagnos- 444

tic logic beyond what simple “generate-and-rerank” 445

strategies can achieve. 446

5.5 Ablation Study 447

Impact of LLM Dynamic Question Generation 448

The importance of LLM dynamic question gener- 449

ation is highlighted by comparing PsyPath with 450

Qwen2-FixedQ. Qwen2-FixedQ conducts MCTS 451

by using a fixed set of predefined questions instead 452

of dynamically generated ones. As shown in Ta- 453

ble 1 and Table 2, Qwen2-FixedQ’s performance 454

is far lower than PsyPath’s by an average of 16.08 455

Acc./11.18 F1 on Kaggle and 10.05 Acc./17.01 F1 456

on Essays, which further affirms the significant 457

value of LLM’s capability to tailor effective diag- 458

nostic inquiries for personality detection. 459

Impact of MCTS Search Optimization We 460

demonstrate the value of MCTS search opti- 461

mization by comparing PsyPath with Qwen2- 462

RandPath. Qwen2-RandPath utilizes randomly 463

selected Q&A paths that lead to correct predic- 464
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Methods AGR CON EXT NEU OPN Average

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

W2V+CNN - 46.16 - 52.11 - 39.40 - 58.14 - 59.80 - 51.12
BERT 56.84 54.72 57.57 56.41 58.54 58.42 56.60 56.36 60.00 59.76 57.91 57.13
RoBERTa 59.03 57.62 57.81 56.72 57.98 57.20 56.93 56.80 60.16 59.88 58.38 57.64

Kimi-K2 52.00 52.48 45.50 15.50 54.00 61.02 47.50 45.60 59.00 61.86 51.60 47.29
Gemini-2.5-Pro 53.00 61.16 47.00 34.57 58.00 68.18 55.00 58.87 58.00 62.00 54.20 56.96
Qwen3-8B 53.00 51.86 45.50 15.50 54.00 51.02 52.00 52.48 47.50 45.60 50.4 43.29
LLaMA3-8B 54.00 58.93 51.50 50.26 43.50 48.40 48.00 46.39 48.50 44.32 49.1 49.66
Claude-Sonnet-4 53.00 51.05 38.00 13.89 58.00 65.00 56.00 58.71 42.00 36.9 61.35 45.52
PsyCoT 61.13 61.13 59.92 57.41 59.76 59.74 56.68 56.58 60.73 57.30 59.64 58.43

Direct 51.00 50.00 47.50 21.05 45.00 26.67 43.00 21.92 53.00 47.19 47.9 33.37
FixedQ 55.10 56.27 51.50 45.81 54.5 38.93 54.04 52.40 51.09 49.90 53.25 48.66
RandPath 58.84 58.09 51.50 55.30 53.5 55.07 53.80 53.06 58.74 54.40 55.28 55.18
BoN 59.09 60.18 57.73 55.50 57.27 55.24 55.45 56.64 57.27 56.07 57.36 56.73
PsyPath (our) 65.00 75.86 65.00 56.34 65.50 69.33 60.50 59.07 60.50 67.76 63.30 65.67

Table 2: Overall results of PsyPath and baselines on the Essays dataset. We use Accuracy(%) and Macro-F1(%) as
metrics. Best results are listed in bold and the second best results are shown with underline.
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Figure 3: The Performance of Different α’s methods.

tions for training, instead of those generated via465

MCTS optimization. As shown in Table 1 and Ta-466

ble 2, despite the correctness of its paths, Qwen2-467

RandPath’s performance still falls short of Psy-468

Path’s by an average of 7.13 Acc./15.43 F1 on469

Kaggle and 8.02 Acc./10.49 F1 on Essays, under-470

scoring the vital role of MCTS in selecting optimal471

reasoning sequences.472

Impact of α Parameter We examine the impact473

of the weighting parameter α. As shown in Figure474

3, the model performs best when α = 0.5. Specif-475

ically, the hybrid strategy (90.77 Acc./87.68 F1)476

outperforms both pure black-box (α = 0, 83.77477

Acc./F1) and white-box guidance (α = 1, 87.77478

Acc./85.89 F1). This confirms that balancing both479

information sources provides optimal guidance for480

MCTS search.481

60.00

65.00

70.00

75.00

80.00

85.00

90.00

95.00

E/I N/S T/F P/J Average

Effectiveness of Hybrid Scoring Strategy

DirectScore HybridScore (PsyPath)

Figure 4: Comparative Performance of Direct Scoring
and Hybrid Scoring Strategies.

Effectiveness of Hybrid Scoring Strategy We 482

compared the full PsyPath (using hybrid scoring) 483

with an MCTS guidance method based on model 484

direct scoring (PsyPath DirectScore version). In Di- 485

rectScore, we prompted the LLM directly to score 486

“whether the question could aid in personality judg- 487

ment for that dimension" as the MCTS reward sig- 488

nal. As Figure 4 shows, while the DirectScore ver- 489

sion achieved average Accuracy 87.1%, it remained 490

significantly lower than PsyPath’s average accuracy 491

of 90.75%. This result strongly proves the superi- 492

ority of our proposed hybrid scoring mechanism 493

by demonstrating how the integration of external 494

psychological alignment (black-box) and internal 495

model confidence (white-box) provides a more ef- 496

fective reward signal for MCTS search, enhancing 497

overall model performance. 498
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5.6 Human Expert Evaluation499

To rigorously validate our Black-box Scoring mech-500

anism, we conducted a blind evaluation with five501

psychology experts. We sampled 50 instances and502

presented experts with two reasoning paths gener-503

ated by PsyPath: one with a High Black-box Score504

(top 25%) and one with a Low Black-box Score505

(bottom 25%). Experts performed two tasks: 1-5506

Likert ratings on diagnostic dimensions and a pair-507

wise comparison of overall value. See Appendix G508

for detailed evaluation protocol.509

Inter-annotator agreement was assessed using bi-510

narized ratings (Acceptable ≥ 3; see Appendix G).511

As shown in Table 3, experts achieved near-perfect512

consensus (>99%) on Cognitive Style and strong513

agreement on other dimensions. In pairwise514

comparisons, experts preferred High-Score paths515

(57.5%) significantly more than Low-Score ones516

(24.0%; p < 0.001), validating the scorer’s ef-517

fectiveness. Qualitative analysis attributes lower518

ratings primarily to redundancy (32%) rather than519

hallucinations. To further scrutinize the model’s520

limitations, we provide a comprehensive error anal-521

ysis of representative bad cases in Appendix I.522

Dimension SD Agree.%

Behavioral Consistency 1.04 79.2%
Cognitive Style 0.53 >99%
Motivation & Self-Concept 0.82 91.7%

Table 3: Expert agreement statistics. SD denotes the
Standard Deviation of raw scores.

6 Related work523

The field of personality detection from text has tra-524

ditionally framed the task as a direct classification525

problem, mapping text to trait labels. Early ap-526

proaches used psycholinguistic features (Cui and527

Qi, 2017), evolving into complex neural networks528

like W2V+CNN (Rahman et al., 2019), and so-529

phisticated pre-trained language models such as530

BERT (Devlin et al., 2019), DDGCN (Yang et al.,531

2022), and RoBERTa (Liu et al., 2019). While532

these methods advanced mapping capabilities, they533

often lacked transparency and failed to capture534

the intricate, iterative psychological reasoning pro-535

cesses that human experts employ.536

More recent explorations with Large Language537

Models (LLMs) have introduced some forms of538

reasoning to improve personality detection perfor-539

mance (Yang et al., 2023; Hu et al., 2024; Li et al.,540

2024). However, these still struggle to fully emu- 541

late the nuanced, diagnostic inquiry characteristic 542

of human psychological assessment. 543

To further enhance reasoning capabilities, a 544

growing body of literature explores augmenting 545

LLMs with search-based planning strategies. Con- 546

currently, advanced planning algorithms like Tree 547

of Thoughts (ToT) (Yao et al., 2023) and MCTS- 548

based RAP (Hao et al., 2023; Feng et al., 2023) 549

have revolutionized reasoning in deterministic do- 550

mains (e.g., math/coding). However, these methods 551

rely on objective verifiers. PsyPath adapts MCTS 552

for subjective psychological reasoning via a novel 553

hybrid scoring mechanism. 554

Beyond detecting personality in human-authored 555

texts, significant research now focuses on un- 556

derstanding and manipulating LLM personality. 557

This includes evaluating their psychometric prop- 558

erties (Maharjan et al., 2025; Heston and Gillette, 559

2025; Serapio-García et al., 2025), assessing con- 560

sistent persona maintenance (Bhandari et al., 2025), 561

and inducing specific traits via latent feature steer- 562

ing or targeted fine-tuning (Jiang et al., 2023; 563

Yang et al., 2025; Chen et al., 2024). Other stud- 564

ies investigate LLM-generated text’s personality 565

detection and explanation (Ji et al., 2025), and 566

parameter-efficient fine-tuning for personality de- 567

tection tasks (Shen et al., 2025). The broader land- 568

scape of personality computing also considers criti- 569

cal threats, challenges, and future directions (Celli 570

et al., 2025), alongside deriving new insights from 571

natural language processing (Saeteros et al., 2025). 572

7 Conclusion 573

Our paper introduces PsyPath, a new framework 574

that improves model performance in personality 575

trait detection by using a dynamic, psychologically- 576

guided reasoning process. Instead of relying on a 577

static and shallow intermediate reasoning process, 578

PsyPath enables LLMs to iteratively generate and 579

answer diagnostic questions, forming psycholog- 580

ically aligned and confidence-sensitive reasoning 581

paths that reflect how human psychologists struc- 582

ture personality assessment. This dynamic infer- 583

ence process is guided by a hybrid scoring mecha- 584

nism that combines psychological alignment cap- 585

tured via black-box evaluation, and model confi- 586

dence shifts captured via white-box signals within 587

an MCTS framework. Experiments show that Psy- 588

Path significantly outperforms existing methods on 589

two benchmark datasets. 590
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Limitations591

This study primarily focuses on improving the592

LLM’s performance by leveraging psychological593

knowledge. How to exploit more trainable and tun-594

able models to further optimize PsyPath is left for595

future investigation.596

Additionally, we acknowledge the inherent noise597

and psychometric debates surrounding the Kaggle598

MBTI dataset. While we utilize it as a standard599

benchmark for comparison with prior work, we600

mitigate these validity concerns by also evaluating601

our framework on the scientifically more rigorous602

Big Five Essays dataset.603

This method carries certain potential risks. Even604

with well-intentioned use, personality detection605

may lead to misjudgments, negatively impacting606

individuals’ careers or social relationships.607

Reproducibility, Artifacts, and Ethics608

Datasets and Artifacts609

Public datasets used: Kaggle MBTI, Essays610

(OCEAN). LLM baselines via APIs (Gemini 2.5611

Pro, Claude Sonnet 4 , Kimi-K2, Qwen3-8B,612

LLaMA3-8B-Instruct). We release PsyPath code613

and used datasets (details in Licensing).614

Dataset Statistics and Splits615

Report counts, train/dev/test splits, and preprocess-616

ing steps.617

Intended Use and Compliance618

All uses restricted to research/education; no high-619

stakes deployment. Derivatives from research-only620

sources remain research-only; users must comply621

with original terms.622

Data Privacy and Safety623

No intentional collection of PII; we do not redis-624

tribute raw third-party text. Offensive content may625

exist in-source; we follow dataset terms and apply626

basic filtering where applicable.627

Compute, Model Sizes, and Budget628

List parameter counts (e.g., 8B), hardware (GPU629

type/num), API token usage/cost ranges.630

Experimental Setup and Hyperparameters631

Training/inference settings, search spaces, best hy-632

perparameters, prompts/configs.633

Reporting and Variance 634

State whether results are single-run vs. mean±std 635

over k seeds; note any deterministic settings. 636

Software and Package Versions 637

Experiments were conducted on Linux (Ubuntu 638

20.04) using Python 3.10. We implemented the 639

models using Torch 2.6.0 and Transformers 640

4.51.3. Evaluation metrics (Accuracy, F1-score) 641

were calculated using scikit-learn 1.6.1. Data 642

processing was performed using Pandas and 643

NumPy. Full dependency versions are provided in 644

the environment.yml included in the supplemen- 645

tary materials. 646

Use of AI Assistants and Synthetic Data 647

Generation 648

We distinguish between the use of AI tools for 649

manuscript preparation and their role in our experi- 650

mental methodology: 651

• Manuscript Preparation: AI assistants (e.g., 652

ChatGPT) were used limitedly for grammat- 653

ical polishing, LATEX formatting, and code 654

refactoring. All scientific claims and analyses 655

remain the authors’ original work. 656

• Methodological Generation: As explicitly 657

described in our proposed framework (Psy- 658

Path), we utilized Large Language Models 659

(specifically Llama-3-8B-Instruct) to generate 660

synthetic reasoning paths and pseudo-labels. 661

This AI-generated data is central to our dis- 662

tillation process and is documented as a core 663

component of the research contribution rather 664

than an undisclosed artifact. 665
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A Question Generation Prompt859

To elicit psychologically meaningful diagnostic860

questions during MCTS search, we use the prompt861

shown in Figure 5.862

You are an expert in personality psychology and
psychometrics .

Your task is to generate 3 new yes/no questions that
can help identify whether the author exhibits the

personality trait : **{TraitName}**.

Please use the author ' s posts and avoid repeating
previous questions .

Author's Posts :
{UserText}

Previously asked questions :
{UsedQuestions}

What makes a good question :
− It explores consistent behavioral patterns across

time or situations
− It reflects the author ' s cognitive style
− It reveals internal motivations , values , or self −

concept
− It must be answerable based on the text

Rules:
− Generate exactly 3 questions .
− Format:

Q1: ...
Q2: ...
Q3: ...

− Use ' the author ' instead of ' you'
− Avoid cliches and vague phrasing

New diagnostic questions :
Q1: ...
Q2: ...
Q3: ...

Figure 5: Prompt used for dynamic question generation.

B Answering Prompt863

To simulate step-by-step reasoning over personality864

traits, the model answers each generated question865

using the prompt shown in Figure 6.866

You are an AI assistant who specializes in MBTI
personality trait detection .

Given a post by an author , I will ask you a question
about one MBTI dimension. You need to choose the
most likely answer.

Author's Posts :
{UserText}

Question:
{Question}

Please answer in the following format :
Answer: (a single −word response: ' yes ' or ' no ')
Explanation : (1 sentence with evidence from the text .)

Figure 6: Prompt used for answering diagnostic ques-
tions.

C Black-box Scoring Prompt 867

The black-box scorer evaluates the Q&A path using 868

psychological constructs via the prompt shown in 869

Figure 7. 870

You are an expert in personality psychology. Given the
author ' s posts and a Q&A sequence, your task is

to evaluate how helpful these Q&As are for
inferring the trait : '{TraitName}'.

Rate the Q&A path on three dimensions (1−10):
1. Behavioral Consistency
2. Cognitive Style
3. Motivation and Self−Concept

Author's Posts :
{UserText}

Q&A Path:
Q1: ...
A1: ...
Q2: ...
A2: ...

Your output format :
Behavioral Consistency : <score>
Cognitive Style : <score>
Motivation and Self−Concept: <score>

Figure 7: Prompt used for black-box psychological scor-
ing.

D White-box Scoring Prompts 871

White-box scoring measures belief shift using pre- 872

and post-Q&A prompts, as detailed in Figure 8. 873
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# Baseline Confidence (p_before)
You are an AI assistant trained to determine if the

author is {TraitName}.
Read the text and decide whether their {TraitName} is

high or low.

Author's Posts :
{UserText}

Question: Is the author ' s {TraitName} high or low?
Answer: (only ' high ' or ' low ')

# Updated Confidence ( p_after )
You are also given diagnostic Q&A pairs to refine your

prediction .

Author's Posts :
{UserText}

Q&A Pairs:
Q1: ...
A1: ...
Q2: ...
A2: ...

Question: Is the author ' s {TraitName} high or low?
Answer: (only ' high ' or ' low ')

Figure 8: Prompts used for white-box scoring before
and after reasoning.

E Universal Prompt Template for874

Personality Prediction875

To ensure a fair and consistent evaluation, we em-876

ploy a unified prompt template for both the fi-877

nal inference stage of PsyPath and the zero-shot878

evaluation of general-purpose LLM baselines (e.g.,879

Kimi-K2, Gemini 2.5 Pro, Qwen3). This template880

was applied to all LLM baselines to ensure fair881

comparison.882

As shown in Figure 9, this template is designed883

to elicit a binary personality trait prediction.884

You are an expert in personality detection .
Given the following posts from one author , generate 3

new and different yes/no questions and answer
them to help determine whether the author is {
type[dimension]}.

Use these questions to explore the author ' s behavior
or preferences .

After answering, make a final prediction about
whether the author is {type[dimension]} or not .

What makes a good question :
− It explores consistent behavioral patterns across

time or situations
− It reflects the author ' s cognitive style (how they

perceive or process the world)
− It reveals internal motivations , value systems, or

self −concept
− It must be answerable based on the text (avoid

generic or abstract items)

Note: Your reasoning should be guided by the author ' s
original posts , not only by the questions
themselves .

Author's Post :
{UserText}
Carefully examine the posts and generate 3 insightful

yes/no questions .
Use not only the answers but also the author ' s

original posts to help form your final judgment
about the author ' s personality .

Based on the above, is the author {TraitName} high or
low?

Answer: (' high ' or ' low ')

Figure 9: Prompt used for final personality trait predic-
tion.

F Sample Reasoning Paths 885

Figure 10 shows two full reasoning paths generated 886

by PsyPath, one leading to high and the other to 887

low extraversion predictions. 888

G Human Evaluation Details 889

G.1 Annotation Guidelines 890

To ensure consistency, experts were provided with 891

detailed criteria for each score level. Table 4 sum- 892

marizes the rubric used for the "Cognitive Style" 893

dimension as an example. 894

G.2 Expert Demographics 895

We recruited five domain experts to ensure high- 896

quality evaluation. To strictly control for domain 897

knowledge, all annotators met the following crite- 898

ria: 899
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# Sample 1: Predicting High Extraversion

Author's Posts :
"I ' m pretty happy with my first week and a half of

classes ..."

Q1: Does the author enjoy participating in group
activities ?

A1: Yes

Q2: Does the author adapt well to social challenges ?
A2: Yes

Q3: Does the author proactively seek out social
engagement?

A3: Yes

Final Prediction : High Extraversion
White−Box Score: 9.5
Black−Box Score: 8.25

−−−

# Sample 2: Predicting Low Extraversion

Author's Posts :
"I ' m pretty happy with my first week and a half of

classes ..."

Q1: Does the author prefer solitary relaxation after
class ?

A1: Yes

Q2: Does the author avoid initiating conversations
with peers?

A2: Yes

Q3: Does the author prioritize introspection over
socializing ?

A3: Yes

Final Prediction : Low Extraversion
White−Box Score: −4.96
Black−Box Score: 2.35

Figure 10: Reasoning paths predicting high and low
extraversion.

• Educational Background: Current graduate900

students (Master’s or PhD candidates) in Psy-901

chology at a major research university.902

• Longitudinal Training: All experts possess903

an undergraduate degree in Psychology, ensur-904

ing a solid foundation in psychometric theo-905

ries and cognitive science.906

• Task Familiarity: Prior to the formal eval-907

uation, experts underwent a tutorial phase908

where they annotated 5 trial instances (ex-909

cluded from the final results) to calibrate their910

understanding of the rubric.911

The experts were compensated at a rate exceeding912

the local minimum hourly wage. The evaluation913

was conducted in a double-blind manner.914

Score Criteria Description

5 (Excellent) The generated reasoning perfectly cap-
tures the subject’s unique cognitive pat-
terns, vocabulary, and sentence struc-
tures. No generic phrasing.

4 (Good) High consistency with the subject’s style.
Minor generic phrases present but do not
disrupt the persona.

3 (Fair) Valid Baseline. The reasoning is logi-
cal and does not contradict the subject’s
profile, but the tone may be somewhat
generic or flat.

2 (Poor) Noticeable inconsistencies in tone or
logic. The persona feels "off" or robotic.

1 (Very Poor) Severe hallucinations or complete mis-
match with the subject’s known cogni-
tive style.

Table 4: Annotation Rubric for Cognitive Style.

G.3 Questionnaire Design and Sample 915

Instance 916

The evaluation was conducted using a standard 917

web-based survey platform. Each task presented 918

the experts with a subject profile, two candidate 919

reasoning paths (A and B), and a set of evaluation 920

questions. To facilitate reproducibility, we provide 921

a translated sample of one evaluation instance in 922

Figure 11. 923

Sample Instance (Target Dimension: Intuition/ 924

Abstract Thinking). In this example, Path A 925

(High-Score) correctly addresses the target dimen- 926

sion, while Path B (Low-Score) focuses on irrele- 927

vant traits, illustrating the "Weak Relevance" issue. 928

G.4 Recruitment and Compensation 929

We recruited five domain experts to ensure high- 930

quality evaluation. To strictly maintain anonymity 931

while ensuring fair labor practices, we report com- 932

pensation in USD equivalents. Annotators were 933

compensated at an hourly rate of approximately 934

$14 USD/hr (based on an average session dura- 935

tion of 1.5 hours). We confirm that this rate is 936

highly competitive, exceeding the statutory min- 937

imum hourly wage in the annotators’ region of 938

residence by a factor of approximately 4×. 939
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[Part 1: Survey Instructions & Guidelines]
1. Overview: This questionnaire evaluates the diagnostic value of two "Reasoning Paths" (Path A & Path B). Please judge
which path better helps understand the author’s personality traits based on the text.
2. Key Concepts:

• Behavioral Consistency: Stability of behavioral tendencies across situations.
• Cognitive Style: Preferred thinking mode (abstract vs. concrete, rational vs. emotional).
• Motivation: Intrinsic motivations and self-view.

3. Scoring Standards (1–5 Scale):
• 5 (Excellent): Perfectly captures cognitive patterns/style. No generic phrasing.
• 4 (Good): High consistency. Minor generic phrases.
• 3 (Fair): Valid Baseline. Logical, no contradiction, but tone is generic.
• 2 (Poor): Inconsistent tone or logic. Robot-like.
• 1 (Very Poor): Severe hallucinations or mismatch.

[Part 2: Task Instance Example]
Context Snippet: "The author’s posts contain significant personal feelings... sharing of interpersonal relationships...
enjoying solitude... reflecting on life changes..."

Path A (High-Score Candidate):
Q1: Does the author tend to base evaluations on logic and objective standards rather than emotional reactions or personal

preferences?
Answer: No.
Explanation: The author’s posts emphasize emotional experiences, personal dilemmas, and interpersonal interactions,
indicating a subjective and emotion-oriented evaluation style.

Q2: Is the writing and expression style focused on clarity, rigor, and logical structure rather than creative expression,
emotional resonance, or narrative?
Answer: No.
Explanation: The writing is casual, colloquial, and emotionally charged, focusing on personal sharing rather than structured
or logical argumentation.

Q3: When forming opinions or making decisions, does the author tend to analyze information objectively rather than
relying on intuition or emotional connection?
Answer: No.
Explanation: The author frequently mentions their "inner world" and "solitude," suggesting a reliance on personal intuition
and internal feeling states to understand and judge things.

Path B (Low-Score Candidate):
Q1: Does the author tend to plan and organize time in advance, with clear tasks and activity schedules, rather than acting
spontaneously?
Answer: No.
Explanation: The author’s posts show a preference for "going with the flow," enjoying leisure and spontaneous activities
rather than emphasizing planning and time management.

Q2: Even without explicit planning, does the author maintain a sense of structure and regularity in daily life?
Answer: No.
Explanation: The author repeatedly mentions enjoying "solitude" and "me-time" in a way that suggests a preference for
flexibility and mood-based actions over a stable daily structure.

Q3: When engaging in creative activities (like writing or gaming), does the author usually set a clear plan beforehand and
execute it strictly?
Answer: No.
Explanation: The author tends to let the creative process unfold naturally based on their current state, rather than pushing
forward according to a pre-set plan.

Evaluation Questions:
Q1. Diagnosis Value (Pairwise Comparison)
Which path has greater diagnostic value for the target dimension (Intuition)?
[ ] Path A [ ] Path B [ ] Tie

Q2. Quality Rating (Matrix Scale)
Rate the selected path on (1–5):
• Behavioral Consistency (1–5) • Cognitive Style (1–5) • Motivation (1–5)

Q3. Error Analysis (Multi-select)
What issues exist in the reasoning paths?
[ ] Generic phrasing [ ] Weak relevance [ ] Leading questions [ ] Logic issues [ ] Redundancy

Figure 11: Full layout of the human evaluation interface, including the instruction set, definition of dimensions, and
detailed scoring rubric provided to experts.
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H Computational Cost Analysis940

In this section, we provide a formal analysis of the941

time complexity and computational cost of our pro-942

posed MCTS-based data generation method com-943

pared to the Best-of-N (BoN) baseline. We decom-944

pose the pipeline into three stages: Data Genera-945

tion, Model Training, and Inference.946

H.1 Variable Definitions947

We define the computational cost based on atomic948

Large Language Model (LLM) API calls or infer-949

ence steps. Let:950

• Tgen (Generation Latency): The time re-951

quired to generate candidate questions for a952

single node.953

• Tans (Answering Latency): The time re-954

quired to generate a "Yes/No" response for955

a specific question given the context.956

• Teval (Evaluation Latency): The time re-957

quired to evaluate a complete path (depth958

D = 3), including the final prediction, white-959

box scoring, and black-box scoring.960

H.2 Data Generation (Offline)961

This is the stage where the computational differ-962

ence lies. We compare our MCTS method (with963

score caching) against the BoN baseline (N = 8).964

1. Proposed Method: MCTS Our MCTS imple-965

mentation uses a ternary tree structure (Branching966

Factor K = 3) with a maximum depth of D = 3.967

The maximum iteration is set to M = 50, and968

a caching mechanism is implemented to prevent969

redundant evaluations of identical paths.970

• Tree Expansion Cost: The tree has inter-971

nal nodes at Depth 0, 1, and 2. The total972

number of internal nodes to be expanded is973 ∑D−1
i=0 Ki = 30 +31 +32 = 1+ 3+ 9 = 13974

unique expansion points. Each expansion in-975

volves generating questions once and obtain-976

ing K = 3 answers.977

• Evaluation Cost: With score caching en-978

abled, the evaluation is performed at most979

once for each unique leaf node. The maxi-980

mum number of unique leaves (i.e., complete981

paths) is KD = 33 = 27.982

The total time cost for MCTS is:

CostMCTS = 13·Tgen+(13×3)·Tans+27·Teval

CostMCTS = 13 · Tgen + 39 · Tans + 27 · Teval

2. Baseline: Best-of-N (BoN) The baseline gen- 983

erates N = 8 independent paths of depth D = 3. 984

• Path Generation Cost: Generating 8 inde- 985

pendent chains requires N ×D = 8×3 = 24 986

sequential steps. Each step involves generat- 987

ing a question and an answer. 988

• Evaluation Cost: All 8 completed paths are 989

evaluated. 990

The total time cost for BoN is:

CostBoN = (8×3)·Tgen+(8×3)·Tans+8·Teval

CostBoN = 24 · Tgen + 24 · Tans + 8 · Teval

3. Comparative Analysis Comparing the two 991

methods: 992

• Question Generation Cost (Tgen): MCTS 993

requires fewer generation calls (13 calls) com- 994

pared to BoN (24 calls). This represents a 995

reduction of approximately 45.8% (calculated 996

as (24−13)/24×100%) in the number of gen- 997

eration API calls. This efficiency stems from 998

the hierarchical reuse of parent nodes in the 999

tree structure, avoiding redundant generation 1000

of initial questions. 1001

• Answer Generation Cost (Tans): MCTS re- 1002

quires more answering calls (39 calls) com- 1003

pared to BoN (24 calls), as it must obtain an- 1004

swers for all K = 3 branches at each expan- 1005

sion point to explore the full tree. 1006

• Path Evaluation Cost (Teval): MCTS invests 1007

more in evaluation (27 calls) compared to 1008

BoN (8 calls). This is a deliberate design 1009

choice: we expend roughly ≈ 3.3× (calcu- 1010

lated as 27/8) the evaluation compute to ex- 1011

plore a search space that is 3.3× larger than 1012

the baseline, thereby ensuring higher potential 1013

data quality. 1014

H.3 Training and Inference (Online) 1015

A crucial advantage of our framework is that the 1016

additional computational cost is confined strictly 1017

to the offline data generation phase. 1018

• Training (SFT + DPO): Both methods se-
lect the single best path ("Chosen") per sam-
ple to construct the training dataset. The
model architecture, dataset size, and average
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token length remain identical across both ap-
proaches. Thus, the training time is invariant:

CostMCTS
Train ≈ CostBoN

Train

• Inference (Test): During testing, the trained
model generates the chain-of-thought and pre-
diction in a single pass (Direct Generation).
The inference latency depends solely on the
model architecture (e.g., Llama-3-8B) and out-
put length, which are consistent across both
methods.

CostMCTS
Inference ≈ CostBoN

Inference

H.4 Conclusion1019

While the proposed MCTS method incurs a higher1020

evaluation cost during the data construction phase1021

(≈ 3.3× increase in evaluation calls for 3.3x search1022

coverage), it significantly reduces the number of1023

question generation calls by ≈ 45.8%. More im-1024

portantly, this represents an efficient "Offline Com-1025

pute for Online Quality" trade-off. We effectively1026

distill the "System 2" search capabilities of MCTS1027

into a "System 1" model, achieving superior per-1028

formance in the ultimate trained model without1029

increasing online inference latency.1030

I Qualitative Error Analysis and Human1031

Evaluation1032

To strictly address the request for a comprehensive1033

error analysis, we present a qualitative deep-dive1034

into representative failure cases from our human1035

evaluation campaign. We selected four distinct1036

examples that highlight specific limitations in the1037

current PsyPath framework.1038

For each case, we provide the English transla-1039

tion of the Input Text, the generated Reasoning1040

Paths (PsyPath vs. Baseline), and the Human An-1041

notation Details from 5 independent annotators.1042

The annotation metrics include Preference (Q1),1043

Dimension Ratings (Q2: Behavioral Consistency,1044

Q3: Cognitive Style, Q4: Motivation), and Error1045

Tags (Q5).1046

I.1 Case 1: The “Safe but Redundant” Trap1047

Observation: PsyPath (Path A) achieves unani-1048

mous preference (5/5), yet it is heavily penalized1049

for Redundancy (E) and Potential Bias (C). This1050

indicates that while the model captures the correct1051

trait direction, it struggles to generate diverse diag-1052

nostic questions.1053

• Input Text: “I just cherish my alone time be- 1054

cause I am more immersed in my inner world, 1055

whereas most of the time I am working... En- 1056

joy the solitude while you can. || Moving to 1057

the Denver area to start a new life for myself.” 1058

• Path A (PsyPath): 1059

Q1: Does the author tend to evaluate matters 1060

based on logical reasoning and objective stan- 1061

dards rather than emotional reactions? 1062

A: No. Explanation: The author’s statements 1063

show... 1064

Q2: Does the author prioritize analyzing infor- 1065

mation over relying on intuition or emotional 1066

connection? 1067

A: No. Explanation: The author repeatedly 1068

mentions “inner world” and “alone time,” in- 1069

dicating a reliance on internal feelings... 1070

• Path B (Baseline): 1071

Q1: Does the author tend to plan and orga- 1072

nize time in advance rather than being sponta- 1073

neous? 1074

A: No. Explanation: The author emphasizes 1075

enjoying the moment... 1076

Annotator Pref (Q1) Q2 Q3 Q4 Error Tags (Q5)

#1 Path A 3 4 4 Weak Correlation (B), Redundancy (E)
#2 Path A 2 4 2 Leading/Bias (C), Redundancy (E)
#3 Path A 2 5 4 Redundancy (E)
#4 Path A 5 5 5 No Issues (F)
#5 Path A 3 4 3 Redundancy (E)

Table 5: Human evaluation details for Case 1.

Root Cause Diagnosis: Semantic Saturation. 1077

The model correctly identified the “Introverted” 1078

trait but failed to expand the reasoning graph. In- 1079

stead of exploring why the user likes solitude (e.g., 1080

for creativity vs. recovery), the MCTS process got 1081

stuck in a local optimum, repeatedly generating 1082

variations of the same question. 1083

I.2 Case 2: Interpretation Divergence on 1084

Ambiguous Text 1085

Observation: While preference for PsyPath is high 1086

(5/5), the numerical ratings for specific dimensions 1087

diverge significantly (e.g., Motivation scores range 1088

from 1 to 5). This suggests the model’s reason- 1089

ing logic is persuasive but the evidence cited is 1090

ambiguous. 1091

• Input Text: “This is another stupid misunder- 1092

standing. || Approaching problems logically 1093

is the key to unlocking the results you truly 1094
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want. || ...If you aren’t using critical thinking,1095

you aren’t using your brain at all. || I am loyal1096

to the vision itself.”1097

• Path A (PsyPath):1098

Q1: Does the author tend to evaluate specific1099

events using abstract principles rather than1100

specific contexts?1101

A: Yes.1102

Q2: When making decisions, do they rely on1103

rational analysis over emotional intuition?1104

A: Yes. Explanation: The author explicitly1105

distinguishes value judgments from emotional1106

reactions...1107

• Path B (Baseline):1108

Q1: Does the author tend to rely on estab-1109

lished norms or social consensus to judge right1110

from wrong?1111

A: No.1112

Annotator Pref (Q1) Q2 Q3 Q4 Error Tags (Q5)

#1 Path A 3 5 3 Weak Correlation (B)
#2 Path A 2 4 1 Redundancy (E)
#3 Path A 5 5 5 No Issues (F)
#4 Path A 4 5 5 No Issues (F)
#5 Path A 3 3 2 Weak Correlation (B)

Table 6: Human evaluation details for Case 2.

Root Cause Diagnosis: Subjectivity of Aggres-1113

sive Tone. The input text is aggressive. Annota-1114

tors split on interpretation: some viewed this as1115

strong “Cognitive Style” (Score 5), while others1116

interpreted the aggressive tone as emotional volatil-1117

ity disguised as logic, rating the model’s “Rational1118

Analysis” explanation poorly (Score 1–2).1119

I.3 Case 3: Stereotypical Profiling1120

(Hallucination)1121

Observation: High scores for Cognitive Style,1122

but inconsistent scores for Behavioral Consis-1123

tency. Multiple annotators flagged the reasoning1124

as “Generic/Templated”, indicating a disconnect1125

between high-level theory and text evidence.1126

• Input Text: “Dear INTP, I enjoyed our con-1127

versation... || I collect shoes because I like the1128

sense of status. || Logic is a set of internally1129

self-consistent principles. || I find cognition1130

itself more interesting than motivation.”1131

• Path A (PsyPath):1132

Q1: Does the author frequently show a value1133

for independence and autonomy?1134

A: Yes. Explanation: The author repeatedly 1135

expresses... 1136

Q2: Are they willing to revise their views 1137

when new information appears? 1138

A: Yes. 1139

Annotator Pref (Q1) Q2 Q3 Q4 Error Tags (Q5)

#1 Path A 4 4 3 Generic/Templated (A)
#2 Path A 2 5 5 Generic/Templated (A)
#3 Path B 4 5 5 Weak Correlation (B)
#4 Path A 4 5 5 No Issues (F)
#5 Path A 3 5 4 Generic/Templated (A)

Table 7: Human evaluation details for Case 3.

Root Cause Diagnosis: Prior Knowledge Over- 1140

reliance (The “Barnum Effect”). The text explic- 1141

itly mentions “INTP.” The model likely ignored 1142

specific details (e.g., “collecting shoes for status”) 1143

and instead hallucinated a generic, textbook de- 1144

scription of an INTP type. 1145

I.4 Case 4: The Failure of Abstract Reasoning 1146

Observation: Preference is split (2 votes for A, 2 1147

for B, 1 Tie). The dominant criticism is Genericity 1148

and Redundancy. PsyPath fails to outperform the 1149

baseline when the text itself is abstract. 1150

• Input Text: “Science is not perfect. || Ratio- 1151

nal thinking is very valuable... || First learn the 1152

whole system... || Religion should be critically 1153

examined.” 1154

• Path A (PsyPath): 1155

Q1: Does the author tend to understand prob- 1156

lems starting from holistic systems? 1157

A: Yes. 1158

Q2: Do they show a sustained interest in ab- 1159

stract concepts? 1160

A: Yes. 1161

Annotator Pref (Q1) Q2 Q3 Q4 Error Tags (Q5)

#1 Path B 4 4 3 Redundancy (E)
#2 Tie 1 4 3 Generic (A), Redundancy (E)
#3 Path B 5 5 4 Redundancy (E)
#4 Path A 5 5 3 Weak Correlation (B)
#5 Path A 4 4 4 Generic (A)

Table 8: Human evaluation details for Case 4.

I.5 Summary of Failure Modes 1162

Based on the analysis above, we categorize the 1163

primary failure modes of PsyPath into three types: 1164

1. Redundancy Loops: The MCTS sometimes 1165

converges on a single salient trait and gener- 1166

ates variations of the same question. 1167
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2. Stereotypical Hallucination: When explicit1168

personality labels are present in the text, the1169

model may default to “textbook definitions”1170

ignoring contradictory details.1171

3. Ambiguity in Tone Interpretation: The1172

model tends to take text literally, mistaking1173

emotional ranting for cognitive rationality.1174
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