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Abstract001

Theory of Mind (ToM), the ability to infer002
others’ mental states from behavior, is piv-003
otal for developing machines with human-level004
social intelligence. Existing methods endow-005
ing LLMs with ToM fall into two paradigms:006
training-free methods and those repurposing007
ToM evaluation benchmarks as training data for008
RL-based fine-tuning. However, training-free009
methods fail to internalize the augmented ToM010
into the LLMs. Meanwhile, using evaluation011
benchmarks as training sources is conceptually012
problematic and, in practice, results in narrow013
in-domain overfitting rather than robust ToM.014
To address the lack of training resources within015
the ToM community and to empower LLMs016
with robust ToM, we introduce ToM-Synth, a017
factorial combinatorial synthesis framework of018
6912 social units. This framework enables the019
systematic synthesis of ToM data, yielding a020
training dataset of 27,648 instances, termed021
ToM-Synth-27K. Utilizing ToM-Synth-27K for022
RL fine-tuning, experimental results demon-023
strate consistent and significant improvements024
across models of varying families and scales025
on ToM, Emotional Intelligence, and Social026
Commonsense benchmarks. Furthermore, we027
observe concurrent enhancements in IQ-related028
tasks (math, science, logic) and effective per-029
formance scaling with increasing data scale.030

1 Introduction031

Theory of Mind (ToM) involves inferring others’032

mental states (e.g., beliefs, emotions, and inten-033

tions) based on their behaviors in complex, real-034

world social contexts, and is fundamental to human035

social interaction (Premack and Woodruff, 1978;036

Wimmer and Perner, 1983). As Large Language037

Models (LLMs) advance and become increasingly038

integrated into real-world applications, developing039

robust and generalizable ToM in LLMs is crucial040

for ensuring productive and natural human-AI in-041

teraction (Liu et al., 2016; Wang et al., 2021; Ying042

et al., 2024; Zhang et al., 2025b).043

Given the critical importance of ToM in LLMs, 044

substantial efforts have been devoted to their eval- 045

uation. Beyond assessments based on classic 046

paradigms (Baron-Cohen et al., 1985; Perner et al., 047

1987) such as the Sally-Anne Test (Unexpected 048

Transfer) and the Smarties Test (Unexpected Con- 049

tents), Shapira et al. (2024) and Ullman (2023) 050

demonstrate that trivial adversarial perturbations 051

to these classic tests, such as changing an opaque 052

container to a transparent one, lead to significant 053

performance degradation, suggesting that LLMs 054

lack robust ToM. More recently, a growing body of 055

benchmarks such as ToMBench (Chen et al., 2024), 056

OpenToM (Xu et al., 2024), ToMATO (Shinoda 057

et al., 2025), SimpleToM (Gu et al., 2024), and 058

TactfulToM (Liu et al., 2025) have been introduced 059

to evaluate LLMs across richer dimensions of men- 060

tal states and scenarios that better align with real- 061

world social interactions. Empirical results from 062

these benchmarks consistently reveal a substantial 063

gap between LLMs’ ToM and human-level ToM. 064

The deficiency of ToM in LLMs has spurred sig- 065

nificant research efforts aimed at enhancing this 066

capability. As illustrated in Figure 1, these efforts 067

can be broadly categorized into two paradigms: 068

training-free methods and Reinforcement Learn- 069

ing (RL)-based fine-tuning. Among training-free 070

methods, representative works include SimToM 071

(Wilf et al., 2024), which adopts perspective-taking 072

prompting strategies; TimeToM (Hou et al., 2024), 073

which constructs a temporal space and designs 074

a time-aware belief solver; MetaMind (Zhang 075

et al., 2025a), a multi-agent framework inspired by 076

metacognitive theories that decomposes ToM tasks 077

into three collaborative stages; DeL-ToM (Wu et al., 078

2025), which introduces a process belief model 079

for inference-time scoring and selection among 080

multiple belief traces; and AutoToM (Zhang et al., 081

2025b), which automatically constructs a suitable 082

agent model and performs automated bayesian in- 083

verse planning using an LLM as the computational 084
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Figure 1: Comparison of paradigms for endowing LLMs with ToM. Unlike training-free methods that fail to
internalize ToM due to frozen parameters, or methods that train on evaluation benchmarks, which is conceptually
problematic and yields poor robustness, we synthesize training data from a unified formal formulation for ToM data
to develop foundation models across diverse families and scales that exhibit advanced and robust ToM.

backend. Despite their demonstrated effectiveness,085

these methods share a fundamental limitation: they086

fail to fundamentally internalize the augmented087

ToM into the LLMs themselves.088

Most existing works on ToM focus primarily089

on designing benchmarks for evaluation, leaving090

a notable gap in the lack of training resources091

for developing ToM in LLMs. Current RL-based092

fine-tuning methods uniformly rely on data drawn093

from these evaluation benchmarks to construct094

training sets. For instance, TimeHC-RL (Hou095

et al., 2025) and ToM-RL (Lu et al., 2025) directly096

split existing benchmarks into training and test097

sets, a practice we argue is conceptually funda-098

mentally problematic. Furthermore, Sarangi and099

Salam (2025) critically demonstrates that LLMs100

fine-tuned via RL on ToM benchmarks, despite101

achieving substantial in-domain improvements,102

show only marginal gains on Out-Of-Distribution103

(OOD) tasks. This suggests that the learned behav-104

ior constitutes a form of narrow overfitting rather105

than the acquisition of robust ToM.106

In this work, to bridge the notable gap in the lack107

of training resources within the ToM community108

and to empower LLMs with robust ToM, we first109

present a unified formal formulation for ToM110

data. This formulation is anchored in the intrinsic111

definition of ToM, which essentially involves in-112

ferring various dimensions of mental states across113

diverse real-world social situations. Leveraging114

the structured dimensions from this formulation,115

we introduce ToM-Synth, a factorial combinato-116

rial synthesis framework comprising 2 presentation117

formats (Narrative / Dialogue), 36 capabilities span-118

ning 6 mental state dimensions (e.g., Hidden Emo- 119

tions, Content False Beliefs), and 96 real-world 120

social situations (e.g., Workplace Meetings, Family 121

Dinner), yielding a systematically structured syn- 122

thesis space of 36×96×2 = 6,912 social units, as 123

illustrated in Figure 2. This multi-factorial combi- 124

natorial design ensures comprehensive coverage of 125

the ToM data landscape. Each unit corresponds to a 126

unique combination of factors (e.g., [Hidden Emo- 127

tions, Workplace Meetings, Dialogue]). We lever- 128

age Claude Opus 4.5 (Anthropic, 2025) to synthe- 129

size four data entries per unit based on its specific 130

factor combination, yielding a training dataset of 131

27,648 instances, termed ToM-Synth-27K. Data 132

quality is ensured through a rigorous multi-stage 133

pipeline, including cross-model verification using 134

Gemini 3 Pro Preview (DeepMind, 2025). 135

Utilizing the ToM-Synth-27K dataset, we ap- 136

ply Group Relative Policy Optimization (GRPO) 137

(Guo et al., 2025) to fine-tune a diverse array of 138

LLMs across varying families and scales, specif- 139

ically LLaMA-3.1-8B-Instruct (Grattafiori et al., 140

2024) and the Qwen2.5 series (7B, 32B, and 72B) 141

(Yang et al., 2024). Experimental results demon- 142

strate consistent performance improvements across 143

all models on six ToM benchmarks, one Emotional 144

Intelligence (EI) benchmark, and one Social Com- 145

monSense (CS) benchmark, yielding overall gains 146

of +9.31, +5.95, +2.26, and +4.08, respectively. 147

Notably, the 32B and 72B models achieve perfor- 148

mance comparable to the advanced GPT-5 (Ope- 149

nAI, 2025) on multiple benchmarks. Furthermore, 150

we observe consistent enhancements in IQ-related 151

tasks, spanning mathematics, science, and logic, 152

2



Figure 2: Visualization of the ToM-Synth social units. Each unit within the space corresponds to a unique
combination of factors. We utilize Claude Opus 4.5 to generate data based on these combinations, followed by
cross-model verification using Gemini 3 Pro Preview to ensure data unambiguity and the reliability of answer.

highlighting the intrinsic value of the ToM-Synth-153

27K dataset. Beyond standard evaluations, we con-154

duct comprehensive analyses to: (1) investigate155

the trade-off between increasing unit diversity and156

data entries per unit under a fixed data budget; (2)157

explore performance scaling laws with respect to158

Unit Scaling and Per-Unit Data Scaling; and (3)159

compare reasoning trajectories before and after RL.160

2 Unified Formalization of ToM Data161

Fundamentally, ToM data can be characterized by162

three orthogonal dimensions: the target mental163

state being inferred (M ), the social situation in164

which the mental state arises (S), and the presen-165

tation format (P ). Different ToM data vary pri-166

marily in their specific instantiations along these167

axes. Consequently, by systematically exploring168

the combinatorial space of these dimensions, we169

can construct a structured and scalable framework170

that provides comprehensive coverage of the ToM171

data landscape. Formally:172

O = F(m, s, p),

where (m, s, p) ∈ M × S × P
(1)173

where F denotes the Foundation Model (instanti-174

ated here as an LLM). An LLM exhibiting robust175

ToM is expected to consistently produce contextu- 176

ally accurate outputs (O) across diverse combina- 177

torial inputs of (m, s, p). 178

3 ToM-Synth Framework 179

This section details the ToM-Synth Framework, 180

which operates in three steps: (1) constructing 181

structured social units by defining value sets for 182

dimensions M , S, and P ; (2) synthesizing data con- 183

ditioned on these units; and (3) multi-stage quality 184

refinement to ensure dataset validity. 185

3.1 Constructing Structured Social Units 186

For dimension M (the target mental state being 187

inferred), we first establish a set of core mental 188

state dimensions grounded in canonical literature 189

(Premack and Woodruff, 1978) and American 190

Psychological Association1 definitions: Score = 191

{Belief,Emotion, Intention,Desire,Knowledge}. 192

We also include Non-literal Communication 193

which, while not formally defined as a mental 194

state, is widely acknowledged as a complex 195

pragmatic function that necessitates advanced ToM 196

(Happé, 1994). Leveraging the taxonomy from 197

Ma et al. (2023), we expand these six high-level 198

1https://dictionary.apa.org/theory-of-mind
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dimensions into 31 fine-grained sub-dimensions.199

For instance, Emotion is further decomposed200

into sub-dimensions such as Mixed Emotion and201

Hidden Emotion. Furthermore, we introduce five202

supplementary sub-dimensions by proposing a gen-203

eralized schema of “Belief about X”. Extending204

standard second-order belief (typically restricted205

to X = Belief), we argue that inferring beliefs206

regarding other latent states is equally significant.207

Accordingly, we define the supplementary set as:208

Ssupp = {Belief about X | X ∈ Score \ {Belief}}
(2)209

This schema accounts for sub-dimensions such as210

Belief about Emotion (i.e., what one believes about211

another’s emotional state). Consequently, the final212

variable space consists of the union of the 31 fine-213

grained sub-dimensions and these supplementary214

sub-dimensions, totaling 36 distinct values.215

For dimension S (the social situation in which216

the mental state arises), we first prompt the Claude217

Opus 4.5 model to identify a diverse set of social218

domains (e.g., Workplace, Family, Education) serv-219

ing as high-level thematic anchors. Conditioned on220

each domain, we subsequently generate granular221

interaction situations (e.g., Meetings, Negotiations,222

and Performance Reviews within the Workplace223

domain). From an initial pool of 20 social domains224

and 15 granular interaction situations per domain,225

we conduct a manual review to retain those exhibit-226

ing high prevalence and broad representative-227

ness in real-world contexts. This result in a final228

selection of 12 social domains and 8 granular inter-229

action situations each, totaling 96 distinct values.230

For dimension P (the presentation format), we231

consider 2 values: Narrative and Dialogue. We con-232

ceptualize the dimensions M , S, and P as three233

distinct factors. By exhaustively combining them,234

we form a total of 6,912 unique structured social235

units (36× 96× 2). The value set for each dimen-236

sion is detailed in Appendix A.237

3.2 Data Synthesis Based on Social Units238

As illustrated in Figure 2, each social unit corre-239

sponds to a specific combination of factors, such as240

[Mental State: Content False Beliefs, Situation:241

Workplace Meeting, Format: Narrative]. This fac-242

tor combination serves as the parameter configu-243

ration for data generation using Claude Opus 4.5,244

where the meaning of each factor is explicitly artic-245

ulated to the model. We enforce rigorous genera-246

tion constraints include ensuring that distractors are247

plausible and non-trivial, eliminating length bias in 248

correct options, and mental states must be inferred 249

from observable behavioral cues rather than stated 250

explicitly, thereby producing sufficiently challeng- 251

ing data. The complete data generation prompt is 252

provided in Appendix B. 253

3.3 Multi-stage Dataset Quality Refinement 254

Based on 6,912 structured social units, we gen- 255

erate four entries per unit, forming a dataset of 256

27,648 samples termed ToM-Synth-27K. To guar- 257

antee high data quality, we apply a multi-stage 258

refinement pipeline: 259

• Stage 1: Format and Consistency Check. 260

We screen the generated outputs for adherence 261

to the specified format and check for content 262

duplication among options. This step filters 263

out 89 invalid entries (0.32%). 264

• Stage 2: Answer Distribution Balancing. 265

We address the positional bias where the 266

model disproportionately assigns the correct 267

answer to options “B” or “C” by balancing 268

the distribution of the answer keys. 269

• Stage 3: Cross-Model Verification. We 270

leverage Gemini 3 Pro Preview to perform 271

cross-validation against the generating model 272

(Claude Opus 4.5). We eliminate samples 273

containing ambiguities or disagreements re- 274

garding the answer between the two advanced 275

models. This rigorous filtering removes 1,703 276

entries (6.2%), resulting in a final curated 277

dataset of 25,856 samples. 278

4 RL on Synthetic Data 279

Building on the recent advances in Reinforcement 280

Learning with Verifiable Rewards (RLVR), we fo- 281

cus on applying RL to synthetic data using the 282

GRPO algorithm. Following Guo et al. (2025), we 283

adopt a structured training prompt template that 284

encourages the model to first engage in explicit rea- 285

soning before providing the final answer. Specif- 286

ically, the reasoning process and the answer are 287

enclosed within <think> </think> and <answer> 288

</answer> tags, respectively. Our reward function 289

is composed of two additive components: a format 290

reward and an outcome reward. Specifically, let y 291

denote the model response. We define the reward 292

function as: 293

R(y) = Rformat(y) +Routcome(y) (3) 294
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Model ToM Benchmarks EI & Social CS Avg
ToMi HiToM ToMBench SimpleToM ToMATO OpenToM EmoBench SocialIQA

Representative and Advanced Foundation Models
Doubao-1.5-pro-32k 75.53 58.70 69.53 47.11 70.60 56.40 50.92 77.70 63.31
Deepseek-v3-1 73.10 52.50 67.97 53.56 51.50 50.72 52.17 78.25 59.97
Qwen3-max 72.00 48.98 75.04 50.48 81.60 47.32 56.50 84.55 64.56
Qwen3-235B-A22B 71.70 78.15 74.59 65.71 76.70 51.42 52.00 86.70 69.62
GPT-4o 68.50 42.50 75.22 59.37 76.40 57.12 62.25 83.35 65.59
GPT-5 96.80 88.60 77.64 67.45 83.40 72.18 57.50 86.50 78.76

Our Trained Models
LLaMA-3.1-8B-Instruct 56.90 37.31 59.03 48.93 58.54 55.38 40.67 71.70 53.56

+ ToM-Synth-27K 70.20 47.59 66.32 72.59 65.78 61.50 46.00 74.00 62.87
∆ +13.30 +10.28 +7.29 +23.66 +7.24 +6.12 +5.33 +2.30 +9.31

Qwen2.5-7B-Instruct 64.60 35.92 65.41 41.61 61.50 58.50 39.33 72.30 54.90
+ ToM-Synth-27K 67.30 50.27 65.78 52.16 66.39 63.12 42.50 79.30 60.85

∆ +2.70 +14.35 +0.37 +10.55 +4.89 +4.62 +3.17 +7.00 +5.95
Qwen2.5-32B-Instruct 74.80 52.22 73.73 58.96 71.66 62.40 52.83 83.80 66.30

+ ToM-Synth-27K 75.80 55.37 74.10 65.38 75.16 64.56 54.00 84.10 68.56
∆ +1.00 +3.15 +0.37 +6.42 +3.50 +2.16 +1.17 +0.30 +2.26

Qwen2.5-72B-Instruct 77.20 56.11 73.56 58.26 66.02 65.75 46.50 81.10 65.56
+ ToM-Synth-27K 77.80 57.77 76.12 64.57 76.75 70.62 50.00 83.45 69.64

∆ +0.60 +1.66 +2.56 +6.31 +10.73 +4.87 +3.50 +2.35 +4.08

Table 1: Results on ToM, EI, and Social CS benchmarks. Avg denotes the mean score across eight benchmarks.
Green numbers indicate improvements following RL with ToM-Synth-27K. Bold orange highlights our trained
foundation models, which achieve performance close to the advanced GPT-5. EI: Emotional Intelligence; CS:
Common Sense. Specific version details for the reference models are provided in C.2.

where format reward penalizes malformed outputs:295

Rformat(y) =

{
0 if y follows required format
−1 otherwise

(4)296

and outcome reward incentivizes correct answers:297

Routcome(y) =

{
1 if the answer is correct
0 otherwise

(5)298

This formulation yields a total reward R(y) ∈299

{−1, 0, 1}: the model receives R(y) = 1 when300

both format and answer are correct, R(y) = 0301

when format is correct but the answer is wrong,302

and R(y) = −1 when the format is malformed.303

5 Experiments304

5.1 Setup Details305

Training Setup. We employ LLaMA-3.1-8B-306

Instruct (Grattafiori et al., 2024) and the Qwen2.5307

series (7B, 32B, and 72B) (Yang et al., 2024) as308

our baseline models. We utilize the VeRL frame-309

work (Sheng et al., 2025) to implement RL on these310

models. All experiments are conducted on NVIDIA311

A100 (80GB) GPUs. Specifically, we use 8 GPUs312

for the 7B and 8B models, 32 GPUs for the 32B313

model, and 64 GPUs for the 72B model. The RL314

parameter configurations are provided in C.315

Dataset Name Explanation. ToM-Synth-27K- 316

Contrast is constructed to investigate the trade-off 317

between unit diversity and the number of data en- 318

tries per unit under a fixed data budget. This dataset 319

comprises 2,304 structured social units, where the 320

set of mental state dimension values is reduced 321

from 36 to 12 (specifically retaining six high-level 322

dimensions and six dimensions under the second- 323

order “Belief about X” pattern), with each unit con- 324

taining 12 data entries. ToM-Synth-Merged-55K 325

is obtained by directly merging ToM-Synth-27K 326

and ToM-Synth-27K-Contrast. 327

5.2 Evaluation Benchmarks 328

To rigorously assess the enhancement of ToM 329

in LLMs trained with ToM-Synth-27K, we em- 330

ploy a suite of six ToM benchmarks: ToMi 331

(Nematzadeh et al., 2018), HiToM (Wu et al., 332

2023), ToMBench , SimpleToM , ToMATO , 333

and OpenToM . Furthermore, to demonstrate the 334

broader utility of our synthetic data, we extend our 335

evaluation to include EmoBench (Sabour et al., 336

2024) for EI, SocialIQA (Sap et al., 2019) for 337

Social CS reasoning, and three IQ-related bench- 338

marks: AIME 2025 (Mathematical Association 339

of America, 2025), GPQA Diamond (Rein et al.), 340

and AGIEval (Zhong et al., 2024). This compre- 341
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Figure 3: Comparison of average performance on ToM,
EI, and Social CS benchmarks across different data
strategies under a fixed 27,648 data budget.

hensive evaluation suite comprises a total of 14,015342

samples, with the detailed data distribution for each343

benchmark provided in the Appendix C.3.344

5.3 Quantitative Experimental Results345

Consistent Improvements on ToM, EI, and So-346

cial CS Benchmarks. As shown in Table 1, mod-347

els across different scales and families exhibit348

consistent performance gains after RL with ToM-349

Synth-27K. Notably, the Qwen2.5-72B-Instruct350

model achieves an overall performance of 69.64.351

This performance not only surpasses the leading352

open-source model, Qwen3-235B-A22B-Instruct-353

2507, but also demonstrates capabilities compara-354

ble to the advanced GPT-5 on a majority of bench-355

marks (five out of eight, 62.5%).356

Unit Diversity vs. Data Entries per Unit. As357

illustrated in Figure 3, we investigate the trade-off358

between increasing unit diversity and the number of359

data entries per unit under a fixed data budget (com-360

paring 2,304 units × 12 entries against 6,912 units361

× 4 entries). Experimental results across models of362

varying scales and families (60.59 vs. 62.87, 59.51363

vs. 60.85, 67.16 vs. 68.56, and 68.14 vs. 69.64)364

demonstrate that, given a fixed 27,648 data bud-365

get, higher unit diversity consistently outperforms366

increasing data entries per unit.367

Scaling of Model Performance with Data Scale.368

As illustrated in Figure 4, with the number of Social369

Units fixed at 6,912, model performance exhibits370

a near-linear scaling trend as the number of data371

entries per unit increases from 1 to 4. Starting from372

a baseline of 2, 304 units × 4 entries, we compare373

Figure 4: Comparison of scaling strategies: Unit-scaling
(diversity) vs. Entry-scaling (depth). Performance of
Qwen2.5-7B-Instruct across varying ToM-Synth data
scales (Units× Entries).

scaling data density (2, 304×12) versus expanding 374

unit count (6, 912×4). Notably, the latter approach 375

yields superior performance gains. Figure 5 further 376

demonstrates that applying RL to Qwen2.5-72B- 377

Instruct with ToM-Synth-Merged-55K achieves a 378

score of 71.45, surpassing the 69.64 of ToM-Synth- 379

27K, validating effective scaling. 380

RL on ToM Data Enhances Performance on 381

IQ-related Tasks. As shown in Table 2, mod- 382

els across various scales and families exhibit con- 383

sistent performance improvements on IQ-related 384

benchmarks (including mathematics, science, and 385

logic) following RL with ToM-Synth-27K. For in- 386

stance, the Qwen2.5-72B-Instruct model achieves 387

improvements of +1.67, +6.09, and +1.31, respec- 388

tively. Given that ToM is intrinsically associated 389

with Emotional Quotient (EQ), its capacity to bol- 390

ster performance in IQ-centric domains is particu- 391

larly noteworthy. These findings suggest a promis- 392

ing foundation for developing LLMs that possess 393

both advanced IQ and EQ. 394

5.4 Qualitative Analysis 395

The Superiority of ToM-Synth: A Data Synthe- 396

sis Perspective Our data synthesis framework, 397

ToM-Synth, generates novel data through funda- 398

mental combinatorial composition of factors rather 399

than paraphrasing or imitating existing examples. 400

This design theoretically minimizes the risk of di- 401

rect repetition. Figure 6 illustrates data generation 402

using PersonaHub (Ge et al., 2024) with a sample 403

from ToMi as seed data. Although this approach, 404

which uses a persona description as inspirational 405

text, is more likely to produce novel data compared 406
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Figure 5: Performance trajectory on ToM, EI, and Social
benchmarks. We illustrate the progressive performance
gains, achieving a total increase of +5.89 points via our
proposed ToM-Synth data scaling. Dashed lines repre-
sent the performance ceilings established by leading pro-
prietary models, including Gemini-2.5-Pro (Comanici
et al., 2025) and Claude-Sonnet-4 (Anthropic, 2025),
highlighting how our method narrows the gap between
open-weight models and leading proprietary models.

to direct paraphrasing or imitation, the generated407

data still exhibits substantial similarity to the seed408

data. This highlights a fundamental limitation of409

generation approaches that depend on seed data.410

The prompt used for PersonaHub-based data gener-411

ation is provided in Appendix B.412

Comparison of Reasoning Trajectories Be-413

fore and After RL with ToM-Synth-27K for414

Qwen2.5-7B-Instruct. As illustrated in Figure415

C.4, the upper panel presents an example from416

the Mixed Emotions category in ToMBench. Be-417

fore RL with ToM-Synth-27K, the Qwen2.5-7B-418

Instruct model fails to effectively identify the419

mixed emotional state, feeling frustrated about420

one’s own situation while simultaneously experi-421

encing genuine happiness for a friend’s achieve-422

ment. After RL training, the model bridges this gap423

through more elaborate reasoning, as reflected in in-424

creased response length. The lower panel shows a425

second-order belief example from HiToM. Surpris-426

ingly, before RL with ToM-Synth-27K, Qwen2.5-427

7B-Instruct explicitly states that the question can-428

not be answered, indicating a complete inability to429

handle this problem. After RL training, the model430

systematically deduces each event in the narrative,431

ultimately arriving at the correct answer. Addi-432

tional case studies comparing reasoning trajectories433

are provided in the Appendix C.4.434

Model AIME 2025 GPQA Diamond AGIEval

LLaMA-3.1-8B-Instruct 0.83 9.14 16.08
+ ToM-Synth-27K 0.83 13.70 20.43

∆ 0.00 +4.56 +4.35

Qwen2.5-7B-Instruct 2.50 24.36 24.34
+ ToM-Synth-27K 5.42 31.97 24.78

∆ +2.92 +7.61 +0.44

Qwen2.5-32B-Instruct 0.83 40.60 25.65
+ ToM-Synth-27K 4.17 43.65 32.17

∆ +3.34 +3.05 +6.52

Qwen2.5-72B-Instruct 0.00 35.53 31.73
+ ToM-Synth-27K 1.67 41.62 33.04

∆ +1.67 +6.09 +1.31

Table 2: Evaluation on IQ-related benchmarks across
different models. Purple numbers denote improvements
yielded by RL with ToM-Synth-27K. All values repre-
sent percentage accuracy.

6 Related Work 435

Data Synthesis Existing data synthesis methods 436

can be broadly categorized into three paradigms. 437

The first involves rewriting seed data from multiple 438

perspectives. MetaMath (Yu et al., 2024) augments 439

mathematical reasoning data through diverse re- 440

formulations of original problems. The second 441

paradigm synthesizes data from scratch without 442

relying on seed data. GRIP (Wang et al., 2025a) 443

constructs a relational graph over key concepts to 444

enable synthesis based on diverse concept com- 445

Figure 6: The top panel shows a ToMi sample used as
seed data, while the bottom panel displays data gen-
erated using PersonaHub with persona descriptions as
inspiration text.
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Figure 7: Comparison of Qwen2.5-7B-Instruct’s reasoning trajectories before and after RL with ToM-Synth-27K.
Upper: A Mixed Emotions example from ToMBench where after RL training enables the model to identify
concurrent emotional states. Lower: A second-order belief example from HiToM where after RL training transforms
complete reasoning failure into systematic narrative deduction.

binations, while TreeSynth (Wang et al., 2025b)446

employs a hierarchical tree structure. The third447

paradigm performs online data synthesis during RL448

(Liang et al., 2025), where problems that the pol-449

icy model struggles to solve are identified, evolved450

into challenging variants, and then combined with451

the original data for subsequent policy updates.452

These methodologies have been extensively applied453

across domains, including mathematical reasoning,454

logical inference, and code generation.455

Methods for Enhancing ToM in LLMs Beyond456

the methods for enhancing LLMs’ ToM discussed457

in the introduction, several notable approaches have458

been proposed. SymbolicToM (Sclar et al., 2023)459

constructs an explicit belief tracker to maintain460

mental state representations. PercepToM (Jung461

et al., 2024) improves perception-to-belief infer-462

ence by extracting relevant contextual information463

from the input. Agentic-ToM (Sarangi et al., 2025)464

enables LLMs to autonomously determine when to465

invoke cognitive tools for solving ToM problems.466

BIP-ALM (Jin et al., 2024) adopts a Bayesian in-467

verse planning framework and, distinctively, em-468

ploys a language model fine-tuned on human ac- 469

tivity data to evaluate the likelihood of hypotheses 470

regarding an agent’s beliefs and goals. DWM-ToM 471

(Huang et al., 2024) utilizes an LLM as a world 472

model to track environmental dynamics and itera- 473

tively refine prompts. 474

7 Conclusion 475

In this paper, we introduce ToM-Synth, a facto- 476

rial combinatorial synthesis framework compris- 477

ing 6,912 social units, which we use to synthesize 478

the ToM-Synth-27K training dataset. By applying 479

RL with ToM-Synth-27K, models across different 480

scales, families achieve consistent improvements 481

on ToM, EI, and Social CS benchmarks. Notably, 482

we also observe transfer effects to IQ-related task 483

benchmarks, suggesting that structured social cog- 484

nition training may enhance broader cognitive ca- 485

pabilities. Theoretically, our framework enables 486

infinitely scalable data generation; both the number 487

of social units and the data entries per unit can be 488

scaled up to achieve performance levels beyond 489

those reported in this paper. 490
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Limitations491

To our knowledge, this work has the following492

limitations:493

• In our current data synthesis pipeline, each so-494

cial unit contributes an equal number of data495

entries. Investigating optimal data allocation496

ratios across social units may help cultivate497

stronger ToM in LLMs while potentially im-498

proving data efficiency.499

• As we continue to scale the data volume, it500

remains an open empirical question whether501

a performance plateau will emerge at a cer-502

tain threshold. In our current experiments, we503

have scaled the dataset to 55K entries across504

the 6,912 social units. Our findings indicate505

that up to this 55K limit, model performance506

scales monotonically with data size without507

signs of saturation. Should a bottleneck occur508

in future scaling, it may necessitate a further509

expansion of the underlying social units to510

maintain performance gains.511
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A Value Sets784

We present the complete set of possible values for785

character roles in Figure 8, and the full sets of786

possible values for the three dimensions M , S, and787

P in Figure 9.788

` 

Character
James, Michael, Robert, John, David, William, Richard, Joseph, Thomas, 
Christopher, Charles, Daniel, Matthew, Anthony, Mark, Donald, Steven, 
Andrew, Paul, Joshua, Kenneth, Kevin, Brian, Timothy, Ronald, George, 
Jason, Edward, Jeffrey, Ryan, Jacob, Nicholas, Gary, Eric, Jonathan, Stephen, 
Larry, Justin, Scott, Brandon, Benjamin, Samuel, Gregory, Alexander, 
Patrick, Frank, Raymond, Jack, Dennis, Jerry, Tyler, Aaron, Jose, Adam, 
Nathan, Henry, Zachary, Douglas, Peter, Kyle, Noah, Ethan, Jeremy, 
Christian, Walter, Keith, Austin, Roger, Terry, Sean, Gerald, Carl, Dylan, 
Harold, Jordan, Jesse, Bryan, Lawrence, Arthur, Gabriel, Bruce, Logan, Billy, 
Joe, Alan, Juan, Elijah, Willie, Albert, Wayne, Randy, Mason, Vincent, Liam, 
Roy, Bobby, Caleb, Bradley, Russell, Lucas, Mary, Patricia, Jennifer, Linda, 
Elizabeth, Barbara, Susan, Jessica, Karen, Sarah, Lisa, Nancy, Sandra, Betty, 
Ashley, Emily, Kimberly, Margaret, Donna, Michelle, Carol, Amanda, 
Melissa, Deborah, Stephanie, Rebecca, Sharon, Laura, Cynthia, Dorothy, 
Amy, Kathleen, Angela, Shirley, Emma, Brenda, Pamela, Nicole, Anna, 
Samantha, Katherine, Christine, Debra, Rachel, Carolyn, Janet, Maria, 
Olivia, Heather, Helen, Catherine, Diane, Julie, Victoria, Joyce, Lauren, Kelly, 
Christina, Ruth, Joan, Virginia, Judith, Evelyn, Hannah, Andrea, Megan, 
Cheryl, Jacqueline, Madison, Teresa, Abigail, Sophia, Martha, Sara, Gloria, 
Janice, Kathryn, Ann, Isabella, Judy, Charlotte, Julia, Grace, Amber, Alice, 
Jean, Denise, Frances, Danielle, Marilyn, Natalie, Beverly, Diana, Brittany, 
Theresa, Kayla, Alexis, Doris, Lori, Tiffany

Figure 8: Complete set of possible values for character
roles.

B Prompt789

Cross-Model Verification Prompt

You are an expert evaluator for Theory of
Mind (ToM).
Your task is to evaluate the quality of a
ToM data entry.

## Data Entry to Evaluate

### {key1}:
{val1}

### {key2}:
{val2}

### {key3}:
{val3}

Please evaluate the entry based on the
following strict criteria logic:

1. Ambiguity Check:
* Is the overall design coherent?
Is the Question logically based on the {
key1}?

* Is there exactly one unique correct
option?
(Check to ensure there are no multiple
reasonable answer
options and no situations where all
options are incorrect).

790

Emotions Desires

Intentions

Knowledge

Beliefs

Discrepant Emotions
Mixed Emotions
Hidden Emotions
Moral Emotions
Emotion Regulation
Typical Emotional Reactions
Atypical Emotional Reactions

Discrepant Desires   Desire-action Contradiction
Multiple Desires    Desires influence on emotions and actions

Completion of Failed Actions
Discrepant Intentions
Prediction of Actions
Intentions Explanations

Knowledge-pretend Play Links
Percepts-knowledge Links
Information-knowledge Links
Knowledge-attention Links

Content False Beliefs
Location False Beliefs
Identity False Beliefs
Second-order Beliefs
Beliefs Based Action/Emotions
Sequence False Beliefs
Second-order Beliefs (Belief about emotion) 
Second-order Beliefs (Belief about non-literal communication)
Second-order Beliefs (Belief about intention) 
Second-order Beliefs (Belief about desire)
Second-order Beliefs (Belief about knowledge)

Non-literal Communication
Irony/sarcasm         Involuntary Lies      White Lies   
Egocentric Lies        Humor                      Faux Pas

Workplace: Meetings, Negotiations, Performance Reviews, Workplace Conflicts, Team Collaboration, 
Promotion Competition, Cross-Departmental Communication, Resignation Handover

Family: Parent-Child Interaction, Sibling Rivalry, Family Dinner, Inheritance Disputes, Elderly Care, 
Parenting Disagreements, In-law Relations, Family Financial Decisions

Education:Classroom Discussions, Teacher-Student Interaction, Group Projects, Academic 
Competitions, Parent-Teacher Conferences, School Bullying, College Counseling, Thesis Defense

Healthcare: Doctor-Patient Consultations, Delivering Bad News, Treatment Decisions, Psychological 
Counseling, End-of-Life Care Discussions, Medical Fee Negotiations, Surgical Informed Consent, 
Rehabilitation Training

Business: Sales Interactions, Customer Complaints, Bargaining, Contract Signing, Returns and 
Refunds, Business Negotiations, Supplier Communication, Warranty Claims/After-Sales Rights

Social Gatherings: Parties, Weddings, Funerals, Class Reunions, Birthday Banquets, Holiday Dinners, 
Graduation Ceremonies, Awards Galas

Public Services: Government Services, Police Enforcement, Court Litigation, Immigration Interviews, 
Banking Services, Emergency Assistance, Pettiions and Complaints, Public Transportation

Romantic Relationships: First Dates, Couples' Conflicts, Proposals, Breakups, Meeting the Parents, 
Long-Distance Communication, Fidelity Questions, Discussing Future Plans

Community: Neighborhood Disputes, Homeowners Meetings, Volunteer Activities, Local Elections, 
Noise Complaints, Pet Disputes, Parking Space Conflicts, Property Management Communication

Friendship: Making New Friends, Borrowing/Lending Money, Keeping Secrets, Resolving 
Misunderstandings, Drifting Apart, Competition and Jealousy, Travel Companions, Crisis Support

Stranger Interactions: Asking for Directions, Waiting in Line, Carpooling/Ridesharing, Accidental 
Collisions, Seat-Offering Etiquette, Asking for Help in Public, Witnessing Incidents, Impromptu 
Cooperation

Crisis Response: Sudden Accidents, Medical Emergencies, Financial Crisis, Family Upheaval, Coping 
with Unemployment, Bereavement, Diagnosis of Major Illness, Handling Legal Disputes

Social Situations

Mental State

Narrative: Third-person story description         Dialogue: Conversational interaction between characters

Presentation Format

Figure 9: Complete set of possible values for mental
state (M ), social situation in which the mental state
arises (S), and presentation format (P ) dimension.

* Decision: If any ambiguity exists, the
Judgment is AMBIGUOUS.

2. Answer Verification (If not ambiguous):
* Is the labeled answer {val4} the unique
correct option?

* Decision:
* If YES, the Judgment is PASS.
* If NO (another option is the correct
one),
the Judgment is FALSE.

3. Other Defects:
* If the entry contains other significant
flaws
(e.g., severe logical gaps not covered
above),
the Judgment is OTHER.

## Output Format

791

12



You must output a single JSON object.
Do not output any other text.

{
"judgment": "AMBIGUOUS" | "PASS" | "FALSE"
| "OTHER",
"correct_answer": "Only fill this if
judgment is FALSE, otherwise null",
"reason": "A concise explanation for your
judgment"

}

792

Data Synthesis Prompt

You are an expert in Theory of Mind (ToM).
ToM involves reasoning
about others' mental states. Your task is to
generate a high
quality ToM data entry.

## Generation Configuration

- Format: {format_key}
- Social Scenario: {scenario_key}
- Specific Situation: {situation}
- Target Mental State Dimension: {
ability_key}
- Target Concept (Key Focus): {xilidu_key}
- {xilidu_key} Concept Definition: {
xilidu_value}

## Generation Requirements

1. {format_key} Construction:
- {format_value}
- In {scenario_key} scenario, a {
situation} situation.
{format_key} should be natural and
plausible.

- Select the characters from {selected}
that you will use to
construct {format_key}. The number of
characters in
{format_key} should not exceed 4.

- Do NOT explicitly state the character's
mental state (e.g.,
do not say "John think X" or "Mary feel
Y"). Instead, provide
observable cues (context, actions,
information access) that
allow a reader to infer the mental
state.

- Ensure all necessary information to
answer the question is
embedded in the {format_key}, but
requires synthesis (not
just distinct recall).

- The constructed {format_key} should not
exceed 800 characters.

2. Question Design:
- For the {ability_key} mental state
dimension.
- The question must strictly target the {
xilidu_key}.

793

3. Answer Options Requirements:
- There should be 4 options (1 correct, 3
distractors) in total.
The distractors options should be
designed to appear
plausible, avoiding obvious outliers
that can be easily
eliminated.

- The position of the correct answer
should be randomized
among A, B, C, and D to avoid
positional bias.

- Option lengths should not exhibit
obvious bias, such as the
correct option being noticeably longer
or shorter than others.

4. The overall design of the {format_key},
Question, and Answer

options should be coherent and reasonable.

- Avoid the question phrasing hinting at
the correct answer,
the correct answer being explicitly
stated in the
{format_key}, or spurious correlations
between {format_key}
elements and the correct answer that
could enable shortcut
reasoning without genuine comprehension.

- Avoid overly detailed descriptions of
body language or facial
expressions in {format_key}. These
factors should not
dominate the questions and answers.

- The question and corresponding answer
options should be based
on {format_key}, maintaining complete
and rigorous logic.
The correct answer should not be based
on partial speculation
or conjecture.

- The overall design must be unambiguous;
there should be no
cases where two options both seem
reasonable answers to the
question.

5. Difficulty Requirement:
- The question should be of a high level
of difficulty and
present a non-trivial challenge.

- Increase the challenge by ensuring the
correct answer relies
on implicit inference rather than
explicit statements.

- Elevate difficulty by constructing
highly deceptive
distractors.

## Output Format

Return the result as a single valid JSON
object contained within
a list. Do not output markdown code blocks.
Just the raw JSON.

794
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Example Output:
[
{
"{format_key}": "{format_value}...",
"Question": "The specific question...",
"Options": {
"A": "Option text...",
"B": "Option text...",
"C": "Option text...",
"D": "Option text..."

},
"Answer": "one of A, B, C, D",
"Analysis": "explanation for the
selected answer"

}
]
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Prompt for PersonaHub-based Synthesis

You are an expert in Theory of Mind, skilled
at analyzing human
psychological activities. You are adept at
capturing and
interpreting various mental states that
humans display during
social interactions.

Task Description:
Please imitate the case below (including the
story, questions,
and options) to generate one similar case in
Chinese for the
given scenario, to serve as a test sample
for evaluating the
Theory of Mind capabilities of large
language models.

I will provide you with:

Reference case: I will provide you with a
sample that tests the
same task capability for your reference

Inspiration text: This serves as a basis and
direction for this
generation, similar to a prompt for a
composition

Input

[A reference case]:
Story:
Alice and Bob are in a room with a basket
and a box.
Alice puts some celery in the basket and
leaves the room.
Bob then moves the celery into the box.

First-order question:
Where will Bob search for the celery?
Options: (a) basket (b) box
Answer: box

Second-order question:

796

Where does Bob think that Alice will look
for the celery
when she returns?
Options: (a) basket (b) box
Answer: basket

[Inspiration text]:
Name: Elena Martinez
Age: 22
Gender: Female
Race: Hispanic
Born Place: San Diego, California

Appearance:
Elena has shoulder-length, wavy dark brown
hair that she often
ties back when she's deep in study. Her
expressive hazel eyes
are framed by a pair of stylish, yet
practical, glasses. She
stands at 5'6" with a slender build, often
seen in casual,
comfortable clothing that allows her to move
freely between
classes and study sessions.

General Experience:
Elena is currently in her final year of a
Political Science
degree at a prestigious university. She has
interned with
several non-profit organizations focused on
conflict resolution
and has participated in numerous academic
conferences where
she presented her research on political
communication. Her
work has been recognized by her professors
for its depth and
originality.

Personality:
Elena is naturally curious, always eager to
ask questions and
dig deeper into the subjects that fascinate
her. Her ambition
drives her to excel academically and seek
out opportunities to
apply her knowledge in real-world settings.
She is empathetic
and has a strong sense of justice, which
fuels her passion for
understanding and resolving conflicts.
Despite her serious
academic pursuits, Elena has a warm and
approachable demeanor,
making her a beloved figure among her peers.
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C Experiment Settings 798

C.1 Training Parameter Configuration 799

For training hyperparameters, we set the maxi- 800

mum prompt and response lengths to 1,280 and 801

768, respectively. The learning rate is initialized at 802

3× 10−7, and the KL coefficient is set to 0.001 to 803
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Figure 10: Comparison of Qwen2.5-7B-Instruct’s reasoning trajectories before and after RL with ToM-Synth-27K.
Upper: A Mental state example from SimpleToM where after RL training the model correctly distinguishes between
observing an action and knowing its specific contents. Lower: An Emotion Cause example from EmoBench
where after RL training transforms superficial causal attribution into systematic analysis of conflicting emotional
motivations.

ensure sufficient optimization of the policy model.804

The sampling temperature is fixed at 1.0. Regard-805

ing the GRPO algorithm, the group size is set to 8.806

For the 7B, 8B, and 32B models, we set the global807

batch size to 64. For the 72B model, we set the808

global batch size to 128.809

C.2 Reference Models810

To contextualize the capabilities of our trained foun-811

dation models, we select a diverse set of repre-812

sentative and advanced models to serve as per-813

formance references. Specifically, we include814

four open-source models: Doubao-1.5-pro-32k-815

character-250228 (Doubao Team, 2025), Deepseek-816

v3-1-250821 (DeepSeek, 2025), Qwen3-max, and817

Qwen3-235B-A22B-Instruct-2507 (Yang et al.,818

2025); as well as two proprietary models: GPT-4o-819

2024-11-20 (Hurst et al., 2024) and GPT-5-2025-820

08-07 (OpenAI, 2025).821

C.3 Evaluation Benchmark Data Distribution822

As shown in Table 3, we present the number of data823

instances for each benchmark used in our evalua-824

tion.825

C.4 Case Study 826

As shown in Figure 10, we present additional rea- 827

soning trajectory analysis for the Qwen2.5-7B- 828

Instruct model before and after RL training with 829

ToM-Synth-27K. 830

D Synthetic Data Examples 831

We present two additional visualizations of the syn- 832

thesized data. Figure 11 illustrates a case involving 833

mixed emotions in a school bullying social situa- 834

tion, while Figure 12 illustrates a case involving the 835

link between knowledge access and pretend play 836

in a teacher-student interaction. 837
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Figure 11: Visualization of a synthesized data based on: [Mental State: Mixed Emotions | Situation: Education
School Bullying | Format: Dialogue]. The red text highlights the complex behavioral cues (shaking, fear of
retaliation) and metacognitive reflection that justify the inference of mixed emotions (satisfaction vs. anxiety)
following a bullying incident.

Figure 12: Visualization of a synthesized data based on: [Mental State: Knowledge-Pretend Play Links |
Situation: Education Teacher-Student | Format: Dialogue]. Red text highlights the causal link between the lack
of access to specific information ("Jordan was not told") and the inability to perform the corresponding pretend
action.

16



Theory of Mind (Total: 11,157)

ToMi 1,000 Hi-ToM 600 ExploreToM 1,000
ToMbench 2,816 SimpleToM-Mental 1,147 SimpleToM-Behavior 1,147
SimpleToM-Judgement 1,147 ToMATO 1,000 OpenToM 1,300

Social & Emotional Intelligence (Total: 2,400) IQ-Related Reasoning (Total: 458)

SocialIQA 2,000 EmoBench 400 AIME 2025 30
GPQA Diamond 198
AGIEval 230

Grand Total: 14,015

Table 3: Evaluation Benchmarks Overview
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