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Abstract001

Socially embedded LLM agents must not only002
interpret what is said, but also infer latent003
motives, track group-level atmosphere, and004
choose actions that remain normatively appro-005
priate under uncertainty. We present Group-006
Mind, a benchmark for evaluating Field In-007
telligence via a progressive three stage chain:008
Subtext Deciphering, Atmosphere Recogni-009
tion, and Social Appropriateness. GroupMind010
contains 3,084 multi-turn, high-tension so-011
cial interactions spanning seven scenario fam-012
ilies, constructed with a sociology simulation013
pipeline that instantiates interaction topologies014
and applies LLM-assisted generation with con-015
sensus and human verification. We evaluate016
models under controlled factors of information017
visibility and conversational noise, and intro-018
duce Holistic Social Success Rate (HSR) to019
measure end-to-end reliability across the full020
cognition-to-action loop. Experiments on 20021
LLMs reveal a consistent knowledge–action022
gap: strong subtask accuracy does not reliably023
translate into socially appropriate decisions,024
with the best model achieving only 70.0% HSR025
in the easiest setting and dropping to 55.2%026
under combined constraints. Code and data027
are available at https://anonymous.4open.028
science/r/Groupmind-EA56.029

1 Introduction030

As Large Language Models (LLMs) advance from031

passive tools toward autonomous agents, their de-032

ployment is increasingly situated within socially033

embedded settings, such as teamwork, negotiation,034

education, and interpersonal support (Hua et al.,035

2024; Ziems et al., 2024; Schwartz et al., 2023;036

Hu et al., 2025; Ullman, 2023). In these contexts,037

failure rarely arises from misunderstanding literal038

content alone. Instead, breakdowns often occur039

when an agent misjudges implicit intentions, over-040

looks group-level atmosphere, or selects an action041

that is logically coherent, yet socially inappropri-042

Figure 1: Overview of the GroupMind Frame-
work. Unlike literal interpretation by current LLMs
(Left), GroupMind evaluates FI—perceiving group at-
mosphere and hidden motives for socially appropriate
action (Right).

ate (Binkyte, 2025; Heyder et al., 2023). Such fail- 043

ures can lead to loss of trust, escalation of conflict, 044

or long-term relational damage, even when the rea- 045

soning at the surface-level appears correct (Wool- 046

ley et al., 2010; Dillenbourg and Pierre, 1999; M. 047

and L., 2000). 048

The core challenge lies in the fact that real- 049

world social interaction operates under informa- 050

tion asymmetry and normative uncertainty. Par- 051

ticipants must infer hidden motives from indirect 052

cues, track group tension that is not reducible to in- 053

dividual emotions (Gao et al., 2023; Zhang et al., 054

2025), and calibrate their actions according to un- 055

spoken social norms rather than explicit rules. Cru- 056

cially, successful interaction requires not only ac- 057

curate perception, but also the ability to translate 058

social understanding into contextually appropriate 059

action under uncertainty. 060

We refer to this integrated capability as Field In- 061

telligence (FI). FI denotes an agent’s ability to (i) 062

infer latent motives beneath surface utterances, (ii) 063

perceive the emergent atmosphere of a social field, 064

and (iii) select actions that are normatively appro- 065
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Figure 2: Overview of the GroupMind dataset scenarios. Our benchmark spans seven core social dimensions,
ranging from collaborative to adversarial interaction topologies. Representative examples at the bottom illustrate
the gap between explicit utterances and the implicit motives.

priate within that field. Unlike isolated social per-066

ception or goal-oriented reasoning, FI emphasizes067

the end-to-end coherence from social inference to068

action selection in dynamic group interactions.069

Despite growing interest in social reasoning070

and emotional intelligence, existing evaluation071

benchmarks remain insufficient for assessing FI.072

Most prior work decomposes social understanding073

into static classification tasks or evaluates success074

purely in terms of explicit goal completion (Choi075

et al., 2023; Xu et al., 2025; Kosinski, 2023). As076

a result, models may achieve high accuracy on in-077

dividual subtasks while still failing to act appropri-078

ately in realistic social situations, revealing a per-079

sistent gap between knowing and doing.080

To bridge this gap, we introduce GroupMind,081

a benchmark designed to evaluate FI as a cogni-082

tive–behavioral process, capturing the full chain083

from social inference to action selection in realistic084

group interactions. Our contributions are summa-085

rized as follows:086

• GroupMind Benchmark: We propose087

GroupMind, the first benchmark for “FI,”088

featuring 3,084 samples to evaluate social089

reasoning under information asymmetry and090

group dynamics.091

• Sociology-Seeded Simulation Pipeline: We092

develop a data construction framework that093

leverages literary social structures and LLM094

simulations to generate high-tension sce-095

narios, addressing social data scarcity and096

Ground Truth annotation challenges.097

• Empirical Analysis of the Knowledge–098

Action Gap: Through extensive evaluation099

of state-of-the-art LLMs, we identify a consis-100

tent gap between social understanding and so-101

cially appropriate action, showing that strong102

perception-level performance does not reli-103

ably lead to appropriate decisions.104

2 Related Work 105

From Static Reasoning to First-Person Simula- 106

tion. Early benchmarks evaluated social intelli- 107

gence via static reading comprehension or Theory 108

of Mind reasoning (Sap et al., 2019; Chen et al., 109

2024; Zhou et al., 2023). While recent simulations 110

enable direct interaction (Hou et al., 2025), they 111

often grant agents an omniscient view or focus on 112

generic conversation. These environments lack the 113

“information fog” and complex dynamics of real- 114

istic social fields, failing to test perception under 115

uncertainty. 116

From Functional Success to Social Appropri- 117

ateness. Current interactive benchmarks prior- 118

itize functional goals, modeling interaction as 119

negotiation where success equates to task com- 120

pletion (Xuhui Zhou, 2024; Amirizaniani, 2025). 121

Even frameworks involving private information 122

often incentivize maximizing individual utility 123

through strategic deception (Xinyi Mou, 2025). 124

This focus overlooks “social appropriateness,” of- 125

ten rewarding logically correct yet “tone-deaf” ac- 126

tions that disregard social norms and relationship 127

maintenance. 128

From Atomized Emotion to Group Atmo- 129

sphere. Social perception modeling typically clas- 130

sifies discrete emotions or intents based on isolated 131

utterances (Soujanya Poria, 2019; Busso, 2008; 132

Jinfeng Zhou, 2023). This atomistic view treats 133

emotion as a static individual attribute, neglecting 134

emergent “group atmosphere” (Kosinski, 2023). 135

Existing methods rarely model how field tensions 136

distort expression, failing to capture the “subtext” 137

essential for high-context interaction. 138

3 GroupMind Benchmark 139

3.1 Dataset Overview 140

We introduce GroupMind, a bilingual (Chine- 141

se/English) benchmark for evaluating the “FI” of 142
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Table 1: Statistics of the GroupMind dataset.

Basic Statistics Total Size: 3,084
Average rounds: 11.90

Data Split: Chinese (50%) / English (50%)
Social Scenarios Distribution
Creative Exp. 20.2% Resource Comp. 12.5%
Prof. Decision 16.5% Edu. Growth 12.1%
Public Coord. 15.8% Temp. Interaction 10.9%
Affective Maint. 12.1%
Atmosphere Types Distribution
Conflict & Confr. 37.0% Support & Accom. 18.9%
Alliance & Coop. 19.7% Leader. & Obed. 3.0%
Persuasion & Comp. 19.1% Exclusion 1.2%
Avg. Length (Tokens: CN / EN) Total: 1,553 / 976
Persona: 316 / 186 Scenario: 107 / 63
Dialogue: 517 / 334 Eval. Qs: 614 / 394

LLMs in social interaction. The dataset contains143

3,084 carefully curated social-calculus instances144

that cover diverse everyday and institutional con-145

texts, detailed coverage and statistics are shown in146

Table 1.147

To systematically assess model adaptability, we148

group all instances into seven core Social Scenar-149

ios. Section 3.2 further describes our data construc-150

tion pipeline, illustrated in Figure 4.151

Our evaluation framework is designed to probe152

“FI” under realistic constraints. We introduce Ob-153

servational Inference (OI) and Interpersonal Lens154

(IL) to simulate information asymmetry, and Topic-155

Central (TC) and Chit-Chat (CC) injections to test156

robustness to conversational noise. For metrics, in157

addition to standard Accuracy (Acc) on individual158

cognitive sub-tasks, we propose the HSR, which re-159

quires success across the entire cognitive chain and160

penalizes models that appear to understand social161

cues but ultimately fail to act appropriately. Fur-162

ther details on these evaluation modes and metrics163

are provided in Section 3.3.164

3.2 Dataset Construction Process165

To overcome the limitations of existing datasets in166

evaluating ”collective mind” and, in particular, to167

address the difficulty of precisely annotating ”sub-168

text” and ”true motives” in real social interactions,169

we propose a constraint-guided social dynamics170

simulation framework. The overall pipeline con-171

sists of three stages: (1) sociological seed construc-172

tion; (2) scenario instantiation; and (3) social simu-173

lation, augmented with LLM consensus annotation174

and manual quality control to ensure diversity and175

reliability.176

Interaction Topology Formalization The emer-177

gence of a ”collective mind” depends on complex178

� Case Study: Direct Isomorphic Mapping

SOURCE: The Grapes of Wrath (Steinbeck)
“Every night a world was created... complete with
laws and rights. The right of privacy in the tent; the
right to keep the past black hidden in the heart... And
the right that was monstrous: the right to intrude
upon privacy...”

↓ Structurally Mapped To ↓

TARGET: Scenario #211 (RV Campers)
Context: RV travelers facing a gov. ban (Iso-
morphic to “Sheriff’s Eviction”).
Key Mapping Logic:

Privacy: Hidden Past → Secret Bribes (Pri-
vate Motive).
Intrusion: Camp Noise → Info. Leak (Trig-
ger Event).
Dynamics: The fragile “roadside world” dis-
solves into suspicion when privacy is violated.

Figure 3: Illustration of the sociological seeding pro-
cess. We directly instantiate the interaction topology
from classic literature into a modern scenario.

interest conflicts and information asymmetry. We 179

first formalize a social scenario as a four-tuple in- 180

teraction topology: S = {P,Gpub,Mpriv, Icol}, 181

where P encodes the personality traits and back- 182

ground settings ofN participants; Gpub denotes the 183

task goals that are jointly endorsed on the surface 184

by all participants;Mpriv represents the hidden mo- 185

tives of each participant Pi, which often partially 186

conflict with the public goals and serve as the main 187

driving force behind shifts in atmosphere; and Icol 188

denotes the latent collective consensus gradually 189

formed during the game. 190

Seed Construction. In order to construct evalu- 191

ation data with high sociological fidelity, we first 192

base ourselves on Goffman’s (Goffman, 1959) dra- 193

maturgical theory and extract the core interaction 194

topology S from classic literature and film scripts, 195

strip away the specific historical background and 196

character settings of the original works, and map 197

them into contemporary social contexts. 198

For example, in a case Figure 3 derived from The 199

Grapes of Wrath (Steinbeck, 1939) , the fragile or- 200

der established by the migrants in the tents around 201

“privacy and intrusion”(the right of privacy vs. the 202

right to intrude) is structurally mapped to a multi- 203

party game in a modern RV campsite concerning 204

“hidden past and secret bribes”(Hidden Past→ Se- 205
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Figure 4: GroupMind data construction and evaluation pipeline. The framework covers scenario seeding and
formalization, simulation with quality control, and benchmark evaluation across multiple social reasoning tasks.

cret Bribes) and“information leakage caused by206

camp noise”(Camp Noise → Information Leak)207

(Detailed in Appendix F: Figure 16).208

In this way, we build a seed bank containing209

350 meta scenarios and strictly divide them into210

seven social dimensions (see Appendix A.1): Cre-211

ative Expression, Resource Competition, Public212

Coordination, Professional Decision, Educational213

Growth, Affective Maintenance, and Temporary214

Interaction. All meta-scenario seeds are manually215

reviewed to remove potential cultural biases and216

ethical risks. Subsequently, these validated seeds217

are used as initial inputs for LLMs in the dynamic218

game simulation stage for instantiation.219

Scenario Instantiation. The abstract meta-220

scenarios only provide the skeleton of the game.221

In order to construct concrete situations that are222

both rich in social tension and do not deviate223

from the main theme, we further anchor and in-224

stantiate these seeds. Specifically, we require the225

LLM, given the seed information, to expand them226

under three dimensions of constraints: construct-227

ing multi-dimensional conflicts, creating discrep-228

ancies between words and actions, and introducing229

pressure and uncertainty (see in the appendix D.1230

for the detailed prompts).231

Social simulation. After obtaining instantiated232

scenarios, we employ DeepSeek-V3 R1 as a social233

simulator. Each agent engages in multi-turn inter-234

action driven by its public goals and private mo-235

tives, which naturally produces dialogue histories236

rich in background information and interpersonal237

relations (see Appendix for details). We keep the238

number of turns per scenario around 9–12, so that239

the conversation can exhibit a full arc of tension240

evolution without diluting key signals with exces-241

sively long context. 242

To induce non-trivial dynamics in group at- 243

mosphere, we introduce a trigger-event injection 244

mechanism. In the middle of the dialogue, the sys- 245

tem forcibly injects an external perturbation ϵ—for 246

example, an awkward silence, an abrupt topic shift, 247

an ill-timed joke, or a sudden outburst. Given the 248

current dialogue history H and the private motives 249

Mpriv, the simulator must update each participant’ 250

s strategy in a way that responds coherently to ϵ 251

while remaining consistent with their underlying 252

social objectives. 253

Task formalization. We operationalize FI as three 254

progressively more demanding cognitive subtasks. 255

Subtext Deciphering (SuD) requires the model, 256

given the dialogue history and the specification of 257

public goals and private motives, to bridge the gap 258

between the two and accurately infer the speaker’s 259

underlying psychological motive and communica- 260

tive intent in context (for example, recognizing that 261

a seemingly positive“compliment”actually func- 262

tions as a signal of dissatisfaction or sarcasm). At- 263

mosphere Recognition (AtR) treats group atmo- 264

sphere as an irreducible emergent property and 265

asks the model to perceive the global emotional 266

tone and tension structure of the current social 267

field such as a superficially harmonious but implic- 268

itly awkward one. Social Appropriateness (SoA) 269

serves as the critical bridge from cognition to ac- 270

tion: in a complex strategic setting, the model must, 271

based on its inferences about subtext and atmo- 272

sphere, finely calibrate interpersonal distance and 273

select from a set of candidate actions the one that is 274

most contextually appropriate and emotionally in- 275

telligent, rather than merely logically consistent or 276

superficially polite. 277
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Distractor construction. For each sample xi, we278

use the social simulator together with its scenario-279

specific context to generate a dynamic candidate280

set Oi = {ytrue, y
1
false, . . . , y

k−1
false}. Here, ytrue de-281

notes the target option that best aligns with the282

ground-truth mental state and social atmosphere,283

while the yfalse terms are carefully crafted distrac-284

tors. To capture realistic “reading-the-room” fail-285

ure modes, we design three main types of distrac-286

tors: Literal Distractors, which correctly parse287

the surface wording but ignore the underlying sub-288

text; Affective Mismatch, whose overall emo-289

tional polarity (e.g., positive vs. negative) is plau-290

sible but whose intensity, tone, or nuance is mis-291

calibrated; and Contextual Unawareness, where292

the proposed action is logically coherent and even293

superficially polite, yet clearly misaligned with the294

current atmosphere, making it awkward or socially295

tone-deaf. (Full prompt for data construction are296

provided in the Appendix 3.2).297

Data Quality Control. We introduce a two-298

stage quality-control pipeline combining “LLM299

consensus + human verification” at the end of300

the data construction process. Specifically, we301

first employ multiple mainstream LLMs to anno-302

tate candidate instances in parallel and retain a la-303

bel only when a majority of models reach agree-304

ment; instances with substantial disagreement are305

uniformly handed over for manual review. In306

the human-annotation stage, we conduct small-307

batch pilot annotation to calibrate the guidelines308

and continuously monitor annotation quality us-309

ing inter-annotator agreement coefficients (e.g.,310

Fleiss’ κ). Once inter-annotator agreement reaches311

a pre-defined threshold and becomes stable, we312

scale up to the large-scale annotation phase. The313

complete annotation protocol and statistics are pro-314

vided in Appendix D.1.315

3.3 Evaluation Workflow Design316

We construct evaluation along two orthogonal di-317

mensions: information visibility and topic density.318

For visibility, we compare OI with IL. For topic319

density, we contrast TC with CC. Their Cartesian320

product yields four settings (OI–TC, OI–CC, IL–321

TC, IL–CC), and in each we evaluate three tasks:322

SuD, AtR, and SoA.323

Information visibility. OI corresponds to the324

most common situation of information asymmetry325

in real-world social interaction. As in a first meet-326

ing or a business negotiation, the observer can only327

access surface-level dialogue content and role rela-328

tions, and cannot directly inspect others’internal 329

states or private motives. In this setting, the input 330

space is restricted to the observable set Xlimit = 331

{H,Sdesc,Pnames}, where H denotes the complete 332

dialogue history of the current scenario, Sdesc is a 333

natural-language description of the scenario back- 334

ground, and Pnames lists the participants’names 335

and basic relational information. The model must, 336

without explicit access to the interaction topology 337

S = {P,Gpub,Mpriv, Icol}, rely only on this infor- 338

mation to perform“reading-the-air”-style infer- 339

ence, approximating human judgment in unfamil- 340

iar or semi-familiar social settings. IL is used to 341

simulate“familiar circles”or high-context small 342

groups formed through prolonged interaction. In 343

such environments, participants’personality traits 344

and private motives are relatively transparent to the 345

observer, but the interaction itself is still a tense so- 346

cial game (for example, hierarchical power balanc- 347

ing in the workplace or non-zero-sum resource bar- 348

gaining). In this setting, the input space is the full 349

set Xfull = {H,P,Gpub,Mpriv, Icol}, and, since 350

IL explicitly removes uncertainty about Mpriv and 351

Icol, this configuration is used to examine whether 352

the model’s social-game reasoning remains con- 353

sistent and reasonable when the full mental-state 354

specification is known. 355

Topic density. TC is an idealized “high-density” 356

game setting. Under TC, most dialogue turns re- 357

volve around the core conflict or resource exchange 358

in the scenario, and only a few utterances are un- 359

related to the main line of interaction. CC is de- 360

signed to simulate noisy everyday conversation. 361

Real-world interaction is rarely a compact, linear 362

game; instead, it is often interrupted by small talk 363

that is unrelated to the main topic. The CC set- 364

ting injects this kind of noise to test whether the 365

model can still “listen for the key parts” when the 366

dialogue contains a large amount of fluff. Specifi- 367

cally, we randomly insert k turns of chit-chat that 368

are unrelated to the main line but pragmatically nat- 369

ural into the original dialogue history H, Nk = 370

{n1, . . . , nk}, where Nk is interleaved into the dia- 371

logue through smooth topic transitions rather than 372

simple concatenation. The dialogue history is thus 373

expanded to H′ = H ⊕ Nk, and the correspond- 374

ing input space becomes a higher-entropy version 375

X̃limit = {H′,Sdesc,Pnames}. When constructing 376

CC scenarios, we keep the original ground-truth 377

labels unchanged. 378

Evaluation metrics. For a model M and a task
dataset T , we use Accuracy as a basic evaluation
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Table 2: Main results on GroupMind. We report SuD, AtR, SoA, and HSR for a subset of representative models
under two settings and two modes. Full results in both Chinese and English are provided in Appendix B

Model
Omniscient Setting Limited Setting

Topic Mode Chit-Chat Mode Topic Mode Chit-Chat Mode
SuD AtR SoA HSR SuD AtR SoA HSR SuD AtR SoA HSR SuD AtR SoA HSR

API-based Models
GPT-5.1 92.0 93.6 89.4 70.0 90.2 91.9 83.9 65.7 83.5 89.4 78.5 56.7 81.4 87.7 77.9 55.2
GPT-4.1-mini 87.1 89.9 76.8 56.8 85.8 89.3 74.3 50.0 70.7 85.3 72.1 39.4 67.4 81.7 69.8 34.4
GPT-4-Turbo 88.5 90.0 78.4 60.5 86.9 88.5 75.5 55.5 71.5 84.8 73.0 42.5 69.2 81.8 70.9 39.3
Gemini-2.5-Pro 90.5 90.0 82.3 65.7 88.5 87.6 79.5 60.7 75.9 86.4 77.3 48.9 73.9 84.4 75.3 46.9
Gemini-2.5-Flash 86.5 85.5 73.5 54.7 83.5 83.5 70.5 51.2 69.1 79.8 69.9 40.0 68.3 78.5 69.2 37.8
Claude-Sonnet-4 91.1 92.5 85.5 67.9 89.2 91.4 82.4 63.7 78.5 88.0 76.7 51.5 76.4 86.3 75.5 48.5
Claude-Sonnet-3.5 89.5 90.4 80.2 63.0 87.5 89.1 77.5 58.5 73.5 85.7 74.7 46.5 71.5 83.9 72.7 43.4
ERNIE-4.0 89.0 89.2 78.0 60.4 85.4 85.5 74.5 56.3 71.0 84.3 73.0 42.4 69.2 82.5 71.8 40.3
ERNIE-3.5 87.7 87.1 76.8 56.1 83.8 82.7 70.3 52.9 67.5 80.2 71.4 38.4 66.1 79.7 69.5 36.5
GLM-4.5 90.0 90.5 79.8 62.8 86.7 88.7 76.7 58.8 73.5 86.3 74.3 46.0 71.9 85.4 72.7 45.0
GLM-4.5-Air 86.7 88.8 74.7 51.9 84.7 87.4 72.4 48.8 68.1 83.0 70.5 34.4 67.9 81.5 67.6 32.9
Kimi-K2 90.6 91.5 80.9 64.9 87.4 89.2 78.4 60.5 75.6 88.1 74.8 48.7 73.4 87.0 74.0 47.6
Doubao-lite-32k 83.5 80.7 67.0 44.3 81.4 78.3 65.0 41.5 67.9 76.0 65.0 34.3 67.0 76.1 64.2 32.5
GROK-4.1 89.1 88.8 76.0 60.1 86.3 85.8 72.0 54.7 70.3 84.6 77.2 46.8 68.6 80.5 73.6 41.6
MiniMax-M2 87.7 87.0 75.1 57.1 85.4 84.7 72.7 55.6 68.3 83.9 73.4 42.7 67.2 76.8 69.7 35.9

Open-source Models
DeepSeek-R1 89.5 90.1 79.0 62.3 87.0 88.7 76.0 56.9 72.2 85.5 74.5 45.0 69.9 82.5 73.0 42.4
Qwen2.5-72B 87.5 86.5 75.8 57.2 85.6 85.0 73.4 54.0 71.2 82.7 71.1 41.5 69.2 82.3 71.7 41.1
Qwen2.5-32B 85.2 82.9 70.4 51.0 82.9 81.4 68.5 47.4 68.0 79.1 68.0 37.5 66.7 79.9 68.1 37.2
Qwen2.5-14B 82.7 79.2 65.4 44.8 80.6 77.9 63.6 42.4 66.0 73.7 63.0 34.0 64.7 74.2 63.0 32.8
Qwen2.5-7B 78.3 75.4 59.3 39.3 75.9 73.8 58.5 36.5 63.1 72.4 59.0 31.0 61.8 72.0 57.2 29.9

metric:

Acc(M,T ) =
1

|T |
∑

(x,ytrue,ypred)∈T

I
(
ypred = ytrue

)
.

However, real social interaction is not simply the
sum of several independent subtasks, but is closer
to a closed loop from perception to decision. To
more strictly evaluate a model’s reliability in the
field, we introduce HSR, which treats each dia-
logue scenario as a complete cognitive loop, and
counts the interaction in that scenario as success-
ful only if the model answers all three progressive
tasks correctly. Formally, for a set of scenarios S ,
HSR is defined as:

HSR(M,S) = 1

|S|
∑
s∈S

(Isub(s) · Iatm(s) · Isoa(s)) ,

where Isub, Iatm, and Isoa denote indicator func-379

tions for whether the model’s predictions on sub-380

text deciphering, atmosphere recognition, and so-381

cial appropriateness are correct for scenario s, re-382

spectively.383

In our experiments, we report both ACC and384

HSR. The former captures a model’s local per-385

formance on each subtask, while the latter serves386

as our primary metric for FI, evaluating whether387

the model can maintain a coherent chain from sub-388

text perception to action selection within the same389

social scenario.390

4 Evaluation 391

4.1 Experiment Setup 392

We evaluate 20 LLMs in a zero-shot setting, in- 393

cluding both proprietary API-based systems and 394

open-weight models. These models span mul- 395

tiple families, such as GPT (OpenAI, 2023), 396

Gemini (Gemini Team, 2023), GLM (Aohan 397

et al., 2022), Deepseek (DeepSeek-AI, 2024), 398

Kimi (Kimi Team, 2025), MiniMax (MiniMax 399

Team, 2025), Qwen (An Yang, 2024b,a), and 400

Grok (xAI, 2024, 2025), and cover a broad range 401

of parameter scales. We extend our evaluation to 402

classic PLMs to provide supervised baselines. De- 403

tailed information about all evaluated LLMs is pro- 404

vided in Appendix B. 405

4.2 Main Result 406

The detailed results of our evaluation are presented 407

in Table 2. Our experiments reveal the following 408

key insights: 409

Existing LLMs have not yet fully acquired “FI”. 410

Although many models achieve high accuracy on 411

individual cognitive subtasks, their scores on the 412

HSR are lower. Taking the best-performing GPT- 413

5.1 as an example, under the ideal “OI-TC” set- 414

ting, its HSR is only 70.0%, which drops further to 415

55.2% under the “IL-CC” setting. This indicates 416

that while models can handle isolated social rea- 417
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(a) Error Sources
CN EN

Task r β r β

AtR 0.544 0.589 0.860 0.298
SoA 0.560 0.288 0.811 0.152
SuD 0.382 -0.336 0.853 0.141
R2 0.373 0.779
Int. -0.037 -0.109

(b) Regression Analysis
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Figure 5: Combined Analysis. (a) Distribution of error types. (b) Regression analysis between subtask accuracy
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scores in different evaluation settings, illustrating how limited information visibility and increased dialogue noise
affect models’ability to maintain end-to-end social appropriateness.

Figure 6: Comparison of AVG and HSR across models.

soning questions, they are prone to breaking down418

when required to complete the cognitive chain of419

“SuD. → AtR. → SoA.”.420

Non-linear Amplification of the Knowing-Doing421

Gap. Figure 6 reveals a significant drop from422

subtask accuracy (AVG) to holistic success (HSR),423

exemplified by Claude-Sonnet-4’s decline from424

89.7% to 67.9%, indicating a failure to translate425

perception into action. This “cognitive attrition”426

intensifies in models like Doubao-lite-32k, where427

HSR falls to 44.3% despite a 77.1% AVG.428

Closed-source models lead, while open-source429

models still lag. Closed-source models occupy430

the first tier. Although open-source models like431

Qwen2.5-72B approach SOTA in single-task accu-432

racy, the gap remains significant in the HSR metric,433

indicating that model scale is crucial for the acqui-434

sition of deep social rules. Specifically, GPT-5.1435

is the most robust in handling long dependencies436

GPT-5.1 KIMI Claude-4 Gemini2.5-pro Qwen32b Mean

Resource
Comp.

Affective
Maint.

Public
Coord.

Edu.
Growth

Temp.
Interaction

Creative
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(a) Social Scenario
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Support
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0.4 0.8

(b) Social Atmosphere

Figure 7: Performance on social capabilities in (a) So-
cial Scenarios and (b) Social Atmosphere.

and implicit intentions, while the Claude series, de- 437

spite performing prominently in atmosphere recog- 438

nition, is less nuanced in SuD. 439

Information asymmetry acts as a constraint on 440

model capabilities. As it is shown in Figure 5c, In 441

the IL setting, where “private motives” are inacces- 442

sible, the HSR of all models drops by an average 443

of 10% to 15%. This confirms that current LLMs 444

still rely heavily on explicit background informa- 445

tion; their inference often lacks robustness in am- 446

biguous social fields where they must rely solely 447

on OI. 448

Dialogue noise interferes with the focus of social 449

attention. Chit-chat noise differentiates model 450

robustness. Larger parameter models demon- 451

strate strong interference resistance, showing their 452

HSR drop within 5%, whereas the performance of 453

smaller parameter modelsdeclines sharply. This 454

suggests that the ability to filter out invalid informa- 455
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Model Omniscient Setting Limited Setting
ZS FT Gain (∆) ZS FT Gain (∆)

English / Multilingual Models

BERT-base-uncased 18.0 49.4 +31.4 4.4 47.5 +43.1
RoBERTa-base 22.3 51.8 +29.5 29.1 50.2 +21.1
DeBERTa-v3-base 17.5 55.2 +37.7 4.6 48.7 +44.1
XLM-RoBERTa-base 25.1 46.5 +21.4 23.9 42.1 +18.2

Chinese Models

BERT-base-chinese 12.3 37.7 +25.4 10.2 39.8 +29.6
RoBERTa-wwm-ext 14.8 40.1 +25.3 13.2 36.6 +23.4
MacBERT-base 16.2 35.4 +19.2 14.6 31.8 +17.2
Chinese-ELECTRA 24.5 42.6 +18.1 22.1 39.8 +17.7

Table 3: OI and IL performance. Results are AVG in
TC mode. ∆: gain from Zero-shot to Fine-tuned.

tion and focus on core social content in noisy con-456

texts remains a shortcoming of lightweight models.457

4.3 Analysis458

The disconnection between knowing and doing459

is the bottleneck constraining FI. Error analysis460

in Figure 5a reveals that SoA. is the largest source461

of error which accounting for 31.6%, exceeding462

pure perceptual errors. While the SuD. only ac-463

counts for 12.7%, AtR. only accounts for 19.0%.464

This indicates that a large number of cases fall465

into the category of “correct understanding but im-466

proper action,” meaning the model accurately de-467

codes the subtext and atmosphere but still selects468

an inappropriate response. This is further corrobo-469

rated by the Figure 5b, where the low R2 implies470

that high perceptual scores do not linearly guaran-471

tee behavioral success.472

Complex emotional and conflict scenarios are473

blind spots for current models. Combining the474

analysis of Figure 7a and Figure 7b, models per-475

form acceptably in “Public Coordination” where476

rules are explicit, but their performance collapses477

in “Resource Competition” which involves zero-478

sum games and “Affective Maintenance” that re-479

quires high empathy. Furthermore, models tend to480

identify positive “Alliance” atmospheres but have481

low recognition rates for “Conflict” or implicit “Ex-482

clusion” atmospheres. This suggests that existing483

models may have a tendency to avoid confronta-484

tion, thereby reducing their sensitivity to realistic485

social friction.486

Social Reasoning as an Emergent Capability.487

We compared SOTA LLMs with fine-tuned PLMs488

in Table 3. Given that PLMs struggle to maintain489

the reasoning consistency required for the strict490

HSR metric, we adopted the AVG as the primary491

comparator. Despite this concession and a signif-492

Model Method SuD AtR SoA HSR

GPT-5.1 ZS 92.0 93.6 89.4 70.0
CoT 94.5 95.1 89.9 71.5

Claude-S-4 ZS 91.1 92.5 85.5 67.9
CoT 93.8 94.0 86.1 69.2

Gemini-2.5-Pro ZS 90.5 90.0 82.3 65.7
CoT 93.2 92.1 82.9 67.1

Claude-S-3.5 ZS 89.5 90.4 80.2 63.0
CoT 92.0 92.5 80.8 64.2

GPT-4-Turbo ZS 88.5 90.0 78.4 60.5
CoT 91.2 92.1 79.0 61.8

Table 4: Impact of CoT.

icant post-tuning gain of over 20%, the peak per- 493

formance of fine-tuned PLMs still lags far behind 494

zero-shot LLMs (>60%). This gap suggests that FI 495

is an emergent capability derived from model scale, 496

which cannot be bridged solely by supervised pat- 497

tern matching. 498

Impact of Reasoning Strategies. We con- 499

ducted an ablation study using Chain-of-Thought 500

(CoT) (Wei et al., 2022) prompting on representa- 501

tive closed-source models in Table 4. The results 502

reveal a distinct “Perception-Action Detachment”: 503

while CoT yields consistent gains in perceptual 504

tasks—exemplified by GPT-5.1’s 2.5% increase in 505

SuD and 1.5% in AtR—these improvements yield 506

diminishing returns on behavioral appropriateness. 507

The SoA metric showed only marginal growth less 508

than 0.6% across all models, suggesting that the 509

bottleneck of FI lies not in parsing social cues, but 510

in overriding safety alignment constraints to act 511

strategically. 512

5 Conclusion 513

We introduces GroupMind, a benchmark designed 514

to evaluate the “FI” of LLMs across subtext, at- 515

mosphere, and social appropriateness. Our exper- 516

iments reveal a significant “cognition-action” gap: 517

while models possess the theoretical capability to 518

perceive social signals, they often lack the practical 519

wisdom to respond appropriately. The proposed 520

HSR metric effectively quantifies this deficiency. 521

Despite limitations related to the bilingual context 522

and the rationality bias of simulated data, this study 523

lays a foundation for developing advanced social 524

agents. Future work will focus on expanding cul- 525

tural diversity and exploring alignment techniques 526

to bridge this gap between social perception and 527

action. 528
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Limitations529

Our study focuses on English and Chinese,530

whereas emotional intelligence is strongly shaped531

by culture and group level personality patterns. In-532

corporating more languages, cultures, and social533

norms would provide a more comprehensive as-534

sessment of our benchmark. Although we diversify535

scenarios using seeds from classic literature and536

film scripts, most dialogues are generated by large537

language models, which may introduce a rational-538

ity bias, meaning that the interactions are more539

structured than the messy, nonlinear, and some-540

times irrational dynamics of real social exchanges.541

Ethical considerations542

We introduce GroupMind to evaluate the FI of543

LLMs in complex social dynamics. Given that544

our research involves simulating social friction, in-545

ferring latent motives, and utilizing human anno-546

tation, we have strictly adhered to ethical guide-547

lines throughout the data construction and evalu-548

ation process.549

Data Provenance and Privacy. GroupMind is550

constructed using a sociology-seeded simulation551

pipeline rather than scraping private user data.552

Consequently, the dataset contains no Personally553

Identifiable Information of real world individuals.554

Regarding copyright, while our scenario seeds de-555

rive structural inspiration from classic literature556

and film scripts, we do not use the original text.557

Instead, we map these abstract structures into mod-558

ern contexts and generate entirely new dialogue via559

LLMs. This transformative use respects copyright560

and intellectual property rights.561

Mitigation of Bias and Toxic Content. To ef-562

fectively evaluate FI, our dataset includes high-563

tension scenarios involving conflict, exclusion, and564

power asymmetry. We acknowledge the risk that565

such data could inadvertently reinforce stereotypes566

or generate toxic content. To mitigate this, we im-567

plemented a strict human-in-the-loop review pro-568

cess where all meta-scenarios were manually re-569

viewed to remove cultural biases and ethical risks570

before instantiation.571

Annotator Well-being. Our quality control572

pipeline involved human annotation and verifica-573

tion. We ensured that all annotators were fairly574

compensated and provided with clear guidelines.575

Given the high-context nature of the social friction576

data, we conducted pilot studies to confirm that 577

the task difficulty was manageable and that the 578

content did not contain extreme toxicity that could 579

harm annotator well-being. 580

Dual-Use and Broader Impact. We recognize 581

that enhancing an agent’s ability to decipher sub- 582

text and infer hidden motives carries a dual-use 583

risk where capabilities intended for effective team- 584

work could theoretically be exploited for social en- 585

gineering. However, we argue that benchmarking 586

these capabilities is a prerequisite for safety. By 587

quantifying the gap between perception and action, 588

GroupMind aims to advance the development of 589

AI agents that are not only socially perceptive but 590

also aligned with human social norms. We encour- 591

age future research to focus on the safety alignment 592

of Field Intelligence to prevent the deployment of 593

manipulative agents. 594
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A Dataset Construction Details781

A.1 Social Scenario Definitions782

In this section, we detail the taxonomy of the783

GROUPMIND framework, which categorizes social784

interactions into two orthogonal dimensions: So-785

cial Scenarios and Social Atmospheres.786

First, Table 5 outlines the seven Social Scenar-787

ios designed to simulate diverse real-world inter-788

action topologies. This taxonomy ranges from Af-789

fective Maintenance requiring high empathy, to Re-790

source Competition testing strategic maneuvering,791

and Temporary Interaction demanding normative792

adaptation.793

In addition, Table 6 defines the six Social Atmo-794

spheres that characterize the collective tension of795

the group. Unlike static individual sentiment, these796

categories capture dynamic field-level properties.797

For example, the harmonious trust in Alliance or798

the “absence of signal” in Exclusion. Together,799

these definitions provide a granular basis for eval-800

uating whether agents can align their actions with801

both the explicit task and the implicit social field.802

A.2 Scenario Instantiation Details803

We present the original Chinese prompts utilized804

for scenario instantiation in Figure 9. English805

translations are omitted as they adhere to a faith-806

ful translation process and add no methodological807

variance.808

B Model Details809

Table 7 provides a comprehensive specification of810

the LLMs employed in our evaluation. To ensure811

robust representativeness across different architec-812

tures and parameter scales, our selection integrates813

both closed-source commercial systems and open-814

weight alternatives. We classify the evaluated mod-815

els into two distinct categories based on their acces-816

sibility.817

• API Models: This category encompasses818

state-of-the-art closed-source models, includ-819

ing offerings from OpenAI , Anthropic ,820

Google, and Grok and so on. These models821

are accessed via cloud-based inference end-822

points provided by their respective develop-823

ers.824

• Open-Weight Models: This category fea-825

tures high performance models with pub-826

licly available weights, such as Qwen and827

DeepSeek. These models allow for local de- 828

ployment and independent verification, serv- 829

ing as baselines for open-source capability. 830

C Full Results 831

Due to space constraints, the main text primarily 832

reports aggregated HSR metrics for a representa- 833

tive subset of models. In this appendix, we ex- 834

tend this analysis by presenting comprehensive per- 835

formance benchmarks for the full range of evalu- 836

ated models. We visualize fine-grained capabili- 837

ties across seven Social Scenarios and six Social 838

Atmospheres via heatmaps, revealing the signif- 839

icant heterogeneity in how agents navigate spe- 840

cific types of field dynamics. Furthermore, to en- 841

able a deeper assessment of cross-lingual consis- 842

tency, we provide independent performance break- 843

downs for the Chinese and English subsets. Collec- 844

tively, these results offer a granular view of how 845

agents adapt to diverse linguistic and contextual 846

constraints within the GROUPMIND framework. 847

C.1 Scenario wise Analysis 848

As illustrated in the Figure 8, there are dispari- 849

ties in model performance across different social 850

domains: 851

Zero-Sum Games and High-Emotional Scenar- 852

ios are Blind Spots for LLMs. Scenarios involv- 853

ing Resource Competition and Affective Mainte- 854

nance pose challenges not only for humans but also 855

for LLMs. Almost all models score below average 856

in these two categories. For instance, even SOTA 857

models exhibit a marked decline in HSR when deal- 858

ing with “Resource Competition” involving inter- 859

est distribution. This indicates that when dialogue 860

involves complex trade-offs such as salary negoti- 861

ation) or deep empathy requirements such as emo- 862

tional comforting, models struggle to find the equi- 863

librium between “achieving goals” and “maintain- 864

ing social propriety.” 865

Strong Performance in Explicit Collaborative 866

Scenarios. In contrast, models generally perform 867

well in Public Coordination and Creative Expres- 868

sion scenarios. This is likely because these scenar- 869

ios usually entail clear cooperative goals such as 870

brainstorming or planning, which aligns with the 871

distribution of collaborative corpora abundant in 872

pretraining data. 873
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Table 5: Taxonomy of Social Scenarios. Definitions and interaction logic for each field.

Categories Description

Creative Expression A cognitive collaboration field involving brainstorming and idea generation. Individuals must
balance the desire for self-expression with the need for group consensus. The challenge lies in
offering constructive criticism while maintaining psychological safety.

Resource Competition A zero-sum or non-zero-sum game centered on the allocation of scarce resources. Interactions
involve strategic maneuvering, where agents must maximize utility while assessing the potential
reputational costs of aggressive tactics.

Public Coordination A multiparty negotiation aimed at collective action. This involves aligning diverse individual
preferences with a unified public goal. Agents must navigate “free-rider” problems and manage
friction to build temporary social contracts.

Professional Decision A highly structured interaction constrained by hierarchy and institutional logic. Agents must
navigate explicit power gradients and adhere to professional etiquette while advancing hidden or
explicit agendas.

Educational Growth An asymmetric interaction driven by knowledge transfer. Beyond factual exchange, it emphasizes
“emotional scaffolding”—managing the learner’s motivation and frustration through patience,
encouragement, and appropriate feedback.

Affective Maintenance A high-context intimate field focused on relational cohesion. Interactions rely heavily on shared
history and implicit understanding, demanding high empathy and emotional labor to address
unspoken needs.

Temporary Interaction A low-context field involving weak ties and strangers. It requires the rapid establishment of
trust using universal politeness scripts to navigate uncertainty and avoid social awkwardness in
ephemeral encounters.

C.2 Atmosphere-wise Analysis874

The “Atmosphere Heatmap” in Figure 8 reveals bi-875

ases in how models perceive group emotions:876

The “Comfort Zone” of Positive Atmospheres.877

Models achieve their best performance in positive,878

harmonious atmospheres such as Alliance & Coop.879

and Support & Accommodation. This can likely880

be attributed to current RLHF alignment training,881

which biases models towards generating friendly882

and compliant responses, making them naturally883

adept at fitting into such atmospheres.884

The “Challenge Zone” of Negative and Implicit885

Atmospheres. Performance is poorest in Conflict886

& Confrontation and Exclusion atmospheres. No-887

tably, “Exclusion” is often manifested through Pas-888

sive Cues—such as silence, cold brevity, or abrupt889

topic switching—rather than direct verbal aggres-890

sion. Most models fail to capture this absent infor-891

mation, often misreading the air and attempting to892

force their way in or making untimely enthusiastic893

remarks, leading to a drastic drop in Social Appro-894

priateness scores.895

C.3 Scaling Effects on Social Capabilities896

The color intensity of the heatmaps clearly demon-897

strates the applicability of Scaling Laws in the do-898

main of social intelligence. Observing the perfor- 899

mance of the Qwen2.5 series (from 7B to 72B), we 900

see that as parameter size increases, the “deep blue 901

regions” (high scores) gradually expand in com- 902

plex scenarios. However, even the strongest pro- 903

prietary model (GPT-5.1) still leaves room for im- 904

provement when facing extreme high-tension so- 905

cial fields. 906

C.4 Language-Specific Experimental Results 907

To complement the aggregated analysis presented 908

in the main text, we provide the independent perfor- 909

mance breakdowns for each language in this sec- 910

tion. Table 8 and Table 9 detail the comprehen- 911

sive metrics on the CHINESE and ENGLISH subsets 912

of GROUPMIND, respectively. These results serve 913

as a supplementary reference for verifying model 914

consistency across linguistic contexts. 915

D Evaluation Protocol and Annotation 916

D.1 Human Annotation Quality Control 917

Pilot Phase. Prior to the formal manual annota- 918

tion and verification phase, we conducted a rigor- 919

ous pilot study. This phase served two primary 920

objectives: first, to familiarize annotators with 921
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Table 6: Taxonomy of Social Atmospheres. Definitions and interaction dynamics for each field.

Categories Description

Alliance & Cooperation A harmonious field characterized by mutual trust and shared objectives. Participants actively
align their interests, exhibiting high cohesion and open information exchange to reinforce the
collective bond.

Support & Accommoda-
tion

An empathetic field focused on emotional buffering and conflict avoidance. Interactions are
driven by altruism or social compliance, where agents prioritize maintaining harmony over as-
serting individual preferences.

Persuasion & Compro-
mise

A dynamic negotiation field where divergence exists but is manageable. Participants engage in
active rhetorical strategies to bridge gaps, seeking a middle ground through logical argumentation
or concession.

Leadership & Obedience A vertical power field defined by explicit authority and compliance. The atmosphere is structured
around hierarchy, where communication flows primarily from high-status to low-status roles with
clear directive intent.

Conflict & Confrontation A high-tension field marked by direct opposition and emotional volatility. The interaction is
characterized by aggressive posturing, explicit disagreement, and a breakdown of cooperative
norms.

Exclusion A subtle, high-context field characterized by passive rejection. Unlike direct conflict, this atmo-
sphere is defined by “absence” such as brevity or topic switching, which intended to isolate a
specific participant without overt aggression.

Table 7: Detailed specifications of the LLMs included in the GroupMind evaluation. ‘Unknown’ indicates undis-
closed parameter sizes.

Model Size Access Provider Model Size Access Provider

GPT-5.1 Unknown API OpenAI Qwen-7B 7B Open Alibaba
GPT-4.1-Mini Unknown API OpenAI Qwen-14B 14B Open Alibaba
GPT-4-Turbo Unknown API OpenAI Qwen-32B 32B Open Alibaba
Claude-Sonnet-3.5 Unknown API Anthropic Qwen-72B 72B Open Alibaba
Claude-Sonnet-4 Unknown API Anthropic ERNIE-3.5 Unknown API Baidu
Gemini-2.5-Pro Unknown API Google ERNIE-4.0 Unknown API Baidu
Gemini-2.5-Flash Unknown API Google Grok-4.1 Unknown API xAI
Doubao-lite-32k Unknown API ByteDance MiniMax-M2 230B Open MiniMax
DeepSeek-R1 Unknown API DeepSeek Kimi-K2 1T Open Moonshot
GLM-4.5 355B Open Zhipu GLM-4.5-AIR 106B Open Zhipu

the complex social data structures and the anno-922

tation workflow; and second, to enhance consen-923

sus among annotators and minimize subjective dis-924

crepancies through iterative calibration.925

We performed trial annotations across three in-926

cremental batch sizes of 50, 100, and 200 samples.927

To quantify the reliability of the annotations, we928

employed Fleiss’ Kappa, a standard metric for eval-929

uating inter-annotator agreement. As training pro-930

gressed and the sample size increased, the Kappa931

coefficients improved, reaching 0.58, 0.61, and932

0.71, respectively. These scores indicate a progres-933

sion in agreement from ‘moderate’ to ‘substantial’934

(0.5 < κ < 0.8), thereby validating the robustness935

of our annotation guidelines.936

D.2 LLM as a judge prompt 937

E Annotation Platform and Interface 938

To ensure that human evaluation accurately cap- 939

tures complex social dynamics, we developed a 940

specialized annotation platform tailored for the 941

GroupMind benchmark. Unlike standard anno- 942

tation tools, this platform is designed to support 943

the holistic assessment of FI, addressing the chal- 944

lenges of high context dependency and implicit mo- 945

tive inference. The workflow consists of two pri- 946

mary interfaces: 947

Context-Aware Evaluation View ( Figure 12). 948

Given that social reasoning relies heavily on in- 949

formation accumulation, this interface displays the 950

full multi-turn dialogue history alongside a persis- 951
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(b) Social Atmosphere Results

Figure 8: Full performance heatmaps. Detailed HSR scores of all models evaluated across (a) Social Scenarios
and (b) Social Atmosphere. Darker colors indicate higher performance scores.

Table 8: Main results on GroupMind (Chinese version).

Model
Omniscient Setting Limited Setting

Topic Mode Chit-Chat Mode Topic Mode Chit-Chat Mode

SuD AtR SoA AVG HSR SuD AtR SoA AVG HSR SuD AtR SoA AVG HSR SuD AtR SoA AVG HSR

GPT-5.1 91.5 93.4 90.2 91.7 70.5 89.8 91.5 82.3 87.9 65.2 84.5 89.2 78.5 84.1 58.8 82.3 87.1 78.0 82.5 56.5
GPT-4.1-mini 86.0 90.0 76.8 84.3 56.0 85.4 87.2 75.6 82.7 53.5 69.9 83.1 70.3 74.4 40.5 64.4 79.1 67.8 70.4 34.2
GPT-4-Turbo 87.5 89.5 78.2 85.1 59.5 86.2 87.8 76.5 83.5 56.0 70.5 84.0 72.5 75.7 42.5 67.8 80.5 70.2 72.8 38.0
Gemini-2.5-Pro 89.8 89.5 82.0 87.1 65.5 88.5 87.2 79.5 85.1 60.8 75.2 86.5 77.8 79.8 49.2 73.5 84.2 75.0 77.6 46.5
Gemini-2.5-Flash 85.8 84.5 72.5 80.9 53.8 83.5 82.8 69.5 78.6 49.5 69.2 78.5 68.5 72.1 39.5 68.0 78.5 67.8 71.4 37.0
Claude-Sonnet-4 90.1 91.8 83.5 88.5 67.2 88.5 90.2 80.5 86.4 62.5 76.5 87.5 76.2 80.1 50.5 74.2 85.0 74.5 77.9 45.8
Claude-Sonnet-3.5 88.5 89.5 79.8 85.9 62.5 87.2 88.0 78.5 84.6 58.8 72.5 85.5 74.5 77.5 46.2 70.5 83.2 72.5 75.4 42.5
ERNIE-4.0 89.5 90.8 80.5 86.9 65.2 86.5 88.0 78.5 84.3 62.0 71.5 86.0 76.5 78.0 46.5 69.8 84.2 75.0 76.3 44.1
ERNIE-3.5  88.9 88.9 81.2 86.3 61.0  86.5 85.0 77.1 82.9 59.0 67.1 81.5 76.2 74.9 41.1  65.7 82.1 73.7 73.8 40.2
GLM-4.5 90.2 91.5 81.0 87.6 66.0 86.8 89.5 79.2 85.2 61.8 74.5 87.0 75.5 79.0 48.5 72.0 86.5 74.8 77.8 47.2
GLM-4.5-Air 86.6 88.8 74.7 83.4 52.0 84.8 88.8 75.0 82.9 49.0 68.1 84.5 70.5 74.4 30.6 68.1 82.9 67.8 72.9 28.9
Kimi-K2 90.9 92.5 82.3 88.6 69.2 87.9 91.0 81.3 86.7 64.5 77.3 89.2 75.2 80.6 52.1 75.3 88.9 75.1 79.8 51.0
Doubao-lite-32k 84.5 82.8 66.5 77.9 45.0 82.2 80.5 64.5 75.7 42.5 68.2 78.5 64.5 70.4 35.0 67.8 77.2 63.8 69.6 33.5
DeepSeek-R1 89.5 90.2 79.5 86.4 63.5 87.5 88.8 77.5 84.6 59.2 72.5 85.5 75.5 77.8 46.5 70.2 82.5 74.5 75.7 43.2
GROK-4.1 89.9 89.8 76.0 85.2 61.6 87.3 87.0 73.9 82.7 56.4 70.9 84.6 78.5 78.0 47.1 69.1 81.5 74.1 74.9 42.1
MiniMax-M2 87.0 85.7 73.5 82.1 55.0 85.8 86.5 75.2 82.5 54.9 67.1 83.5 73.1 74.6 41.3 66.0 78.2 71.6 71.9 37.5
Qwen2.5-72B 87.5 86.5 76.5 83.5 58.5 85.5 85.0 74.5 81.7 55.5 71.5 83.0 72.0 75.5 42.5 69.0 81.5 70.5 73.7 41.2
Qwen2.5-32B 84.5 84.0 70.5 79.7 51.5 82.5 82.0 68.5 77.7 48.5 67.5 79.5 67.5 71.5 37.5 65.5 78.0 66.5 70.0 35.8
Qwen2.5-14B 82.0 79.5 65.0 75.5 44.0 80.0 78.5 62.5 73.7 42.2 65.5 74.5 62.0 67.3 33.5 64.0 73.5 61.5 66.3 32.0
Qwen2.5-7B 78.5 76.0 58.5 71.0 39.0 76.5 74.5 56.5 69.2 36.5 63.5 73.0 57.5 64.7 30.5 62.5 71.5 56.0 63.3 29.8

tent sidebar detailing each agent’s Public Goals952

and Private Motives. This layout compels anno-953

tators to ground their judgments in the character’s954

deep psychological profile, ensuring they can ver-955

ify whether a model has successfully deciphered956

the underlying subtext before scoring.957

Comparison and Consensus View ( Figure 13).958

To mitigate subjectivity in evaluating Social Ap- 959

propriateness, we employ a pairwise comparison 960

mechanism. This interface facilitates blind A/B 961

testing of model responses and displays real-time 962

consensus statistics. This feature is critical for cali- 963

brating human judgment in scenarios involving am- 964

biguous social norms, thereby enhancing the relia- 965
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Table 9: Main results on GroupMind (English version).

Model
Omniscient Setting Limited Setting

Topic Mode Chit-Chat Mode Topic Mode Chit-Chat Mode

SuD AtR SoA AVG HSR SuD AtR SoA AVG HSR SuD AtR SoA AVG HSR SuD AtR SoA AVG HSR

GPT-5.1   92.5 93.8 88.5 91.6 69.5   90.5 92.2 85.5 89.4 66.2   82.5 89.5 78.5 83.5 54.5   80.5 88.2 77.8 82.2 53.8
GPT-4.1-mini   88.1 89.7 76.8 84.9 57.5   86.2 91.3 72.9 83.5 46.4   71.5 87.4 73.9 77.6 38.2   70.4 84.3 71.7 75.5 34.5
GPT-4-Turbo   89.5 90.5 78.5 86.2 61.5   87.5 89.2 74.5 83.7 55.0   72.5 85.5 73.5 77.2 42.5   70.5 83.0 71.5 75.0 40.5
Gemini-2.5-Pro   91.2 90.5 82.5 88.1 65.8   88.5 88.0 79.5 85.3 60.5   76.5 86.2 76.8 79.8 48.5   74.2 84.5 75.5 78.1 47.2
Gemini-2.5-Flash   87.2 86.5 74.5 82.7 55.5   83.5 84.2 71.5 79.7 52.8   69.0 81.0 71.2 73.7 40.5   68.5 78.5 70.5 72.5 38.5
Claude-Sonnet-4 92.0 93.2 87.5 90.9 68.5 89.8 92.5 84.2 88.8 64.8 80.5 88.5 77.2 82.1 52.5 78.5 87.5 76.5 80.8 51.2
Claude-Sonnet-3.5   90.5 91.2 80.5 87.4 63.5   87.8 90.2 76.5 84.8 58.2   74.5 85.8 74.8 78.4 46.8   72.5 84.5 72.8 76.6 44.2
ERNIE-4.0   88.5 87.5 75.5 83.8 55.5   84.2 83.0 70.5 79.2 50.5   70.5 82.5 69.5 74.2 38.2   68.5 80.8 68.5 72.6 36.5
ERNIE-3.5   86.5 85.2 72.3 81.3 51.2   81.1 80.3 63.4 74.9 46.8   67.8 78.9 66.5 71.1 35.6   66.4 77.2 65.2 69.6 32.7
GLM-4.5   89.8 89.5 78.5 85.9 59.5   86.5 87.8 74.2 82.8 55.8   72.5 85.5 73.0 77.0 43.5   71.8 84.2 70.5 75.5 42.8
GLM-4.5-Air   86.8 88.8 74.7 83.4 51.7   84.5 85.9 69.8 80.1 48.5   68.1 81.5 70.5 73.4 38.1   67.7 80.0 67.4 71.7 36.9
Kimi-K2   90.2 90.5 79.5 86.7 60.5   86.8 87.3 75.4 83.2 56.4   73.9 86.9 74.4 78.4 45.2   71.5 85.1 72.9 76.5 44.2
Doubao-lite-32k   82.5 78.5 67.5 76.2 43.5   80.5 76.0 65.5 74.0 40.5   67.5 73.5 65.5 68.8 33.5   66.2 75.0 64.5 68.6 31.5
DeepSeek-R1   89.5 90.0 78.5 86.0 61.0   86.5 88.5 74.5 83.2 54.5   71.8 85.5 73.5 76.9 43.5   69.5 82.5 71.5 74.5 41.5
GROK-4.1   88.3 87.7 75.9 84.0 58.6   85.2 84.5 70.1 80.0 53.0   69.7 84.5 75.8 76.7 46.4   68.1 79.4 73.0 73.5 41.0
MiniMax-M2   88.4 88.2 76.7 84.4 59.2   84.9 82.8 70.2 79.3 56.3   69.4 84.2 73.7 75.8 44.0   68.3 75.4 67.7 70.5 34.2
Qwen2.5-72B   87.5 86.4 75.1 83.0 55.8   85.7 84.9 72.2 80.9 52.5   70.8 82.4 70.1 74.4 40.5   69.4 83.0 72.8 75.1 41.0
Qwen2.5-32B   85.8 81.7 70.2 79.2 50.5   83.2 80.8 68.4 77.5 46.2   68.5 78.7 68.5 71.9 37.5   67.8 81.7 69.7 73.1 38.5
Qwen2.5-14B   83.4 78.8 65.7 76.0 45.5   81.2 77.3 64.6 74.4 42.6   66.4 72.9 64.0 67.8 34.5   65.4 74.9 64.5 68.3 33.5
Qwen2.5-7B   78.1 74.7 60.1 71.0 39.5   75.3 73.1 60.5 69.6 36.5   62.7 71.7 60.4 64.9 31.5   61.0 72.4 58.4 63.9 30.0

bility of the ground truth.966

F Case Study967

In this section, we present qualitative case stud-968

ies to visualize the complex social dynamics inher-969

ent in the GROUPMIND benchmark. We select rep-970

resentative interaction samples to dissect the fre-971

quent misalignment between explicit dialogue and972

implicit character motives. These cases not only il-973

lustrate the evaluation logic of Field Intelligence974

but also highlight the tangible challenges agents975

face when navigating subtle shifts in group atmo-976

sphere.977
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Scenario Instantiation Prompt (Chinese Version)
Instruction:
你是一个想象力丰富、洞察人性的专业编剧和心理学家，专门设计极具挑战性的社交智能测
试场景。你的核心任务是设计一个具有极高复杂度和微妙性的多人对话“剧本设定”，用于
测试 AI模型的高级社交理解能力。基本故事情节规定如下 {Seed}，创作故事的过程中，要
基于 {Seed}来开展，不能偏离太多。文本内容要求为中文。

高难度要求（用于复杂社交推理测试）：
1. 多层次冲突：每个场景必须包含至少三层冲突：表面冲突、隐藏冲突，以及价值观或身份
层面的深层冲突。
2. 心理复杂性：每个角色的动机必须是多重且相互矛盾的；角色的公开立场与内心想法必
须存在显著差异；角色关系应具有动态变化的可能性。
3. 社交微妙性：涉及复杂的权力动态、不可直说的社交禁忌，以及围绕面子展开的策略权衡。
4. 情境压力：包含时间限制、信息不对称，以及对所有角色均具有重大影响的高风险后果。
5. 反直觉设计：避免明确的善恶对立；每个立场都应具备合理性；最合适的社交回应往往不
是最直接或最“正义”的选择。

复杂度与多样性要求：
场景复杂度至少达到“专家级”，即使是人类也需要仔细推理才能完全理解其中的社交动态；
同时需避免模式化，确保场景类型、时空背景、人群构成及冲突性质具有充分多样性与创新性。

关键结构要求：
1. 角色数量必须为 3–5人；
2. 每个角色必须明确区分“公开目标”与“私下动机”；
3. 必须定义一个未明说的集体意图：描述该群体共同（即使并非自觉）试图达成的目标，或
试图避免的共同失败情形。

输出格式要求（JSON）：
请严格按照以下 JSON结构输出，不要包含任何额外的解释或标记：

{ “scenario_description”: “一句话描述该场景”,
“personas”: [
{ “name”: “角色名”, “public_goal”: “公开目标”, “private_motive”: “私下动机” },
...
],
“hidden_collective_intent”: “未明说的集体意图”
}

Figure 9: Scenario Instantiation Prompt (Chinese Version)
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LLM-as-a-Judge Prompt
Instruction:
你将作为一名社会智能评测裁判，负责对给定的多项选择题进行专家判定。
这些题目用于评测大语言模型在复杂社会情境中的推理能力，而非事实记忆或语言表面理
解能力。

可用信息（输入将包含）：
1. 剧本设定：给定角色关系、权力结构、潜在利益与背景约束。
2. 对话实录：包含多轮对话以及一个关键触发时刻。
3. 评测问题：有如下三种类型：潜台词解码、氛围识别、社交适宜性。
4. 候选选项（6选 1）。

判定任务：
你的核心任务不是判断哪一个选项“听起来合理”，而是判断：在真实社会互动中，哪一个
选项最符合深层社交逻辑与长期关系后果上的“合理性”。请你始终以社会学家 +高情商者
的身份进行判断。

判定准则（以下准则并列，请你同时做考虑）：
1. 显性话语 vs隐含意图之间的偏差。
2. 角色间的权力不对称、地位差异或风险暴露。
3. 面子维护、责任转嫁、立场模糊化等社会策略。
4. 群体氛围是趋向收敛、回避、对抗，还是暂时冻结。
5. 短期反应与长期关系后果之间的张力。

回答要求（严格）：
1. 你必须只选择一个最优选项，返回选项字母或选项索引。
2. 不需要解释理由。
3. 不要输出任何多余文字。

如果多个选项“部分正确”，请选择在专业裁判视角下最优的那一个。

Figure 10: LLM-as-a-Judge Prompt(Chinese Version)
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LLM-as-a-Judge Prompt (English)
Instruction:
You will act as a Social Intelligence Judge, responsible for expert-level adjudication of multiple-
choice questions (MCQs). These questions are designed to evaluate large language models’
reasoning abilities in complex social situations, rather than factual recall or surface-level language
understanding.

Available Information (the input will include):
1. Scenario Setup: character relationships, power structures, latent interests, and contextual
constraints.
2. Dialogue Transcript: a multi-turn dialogue containing a critical trigger moment.
3. Evaluation Question, which falls into one of the following types: Subtext Deciphering, Atmo-
sphere Recognition, or Social Appropriateness.
4. Candidate Options: a single-choice question with six options.

Adjudication Task:
Your core task is not to determine which option merely“sounds reasonable,”but to judge which
option would be considered reasonable in real-world social interaction, given deeper social logic
and long-term relational consequences. You should always reason from the perspective of both a
sociologist and a socially competent individual.

Adjudication Criteria (to be considered jointly):
1. The divergence between explicit statements and implicit intentions.
2. Power asymmetry, status differences, or potential risk exposure between roles.
3. Social strategies such as face-saving, responsibility shifting, or strategic ambiguity.
4. The overall group atmosphere (e.g., convergence, avoidance, confrontation, or temporary
suspension).
5. The tension between short-term reactions and long-term relationship outcomes.

Response Requirements (strict):
1. You must select exactly one optimal option and return only the option letter or index.
2. Do not provide explanations.
3. Do not output any additional text.

If multiple options appear partially reasonable, select the one that is optimal from a professional
adjudication perspective.

Figure 11: LLM-as-a-Judge prompt(English version).
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Figure 12: Human annotation interface for multi-turn dialogue evaluation.The view integrates full conversa-
tional history with explicit role descriptions (left sidebar) to facilitate context-grounded quality assessment.

Figure 13: Human evaluation and voting interface used in the annotation platform. A structured workspace for
blind model comparison, featuring real-time consensus statistics to support reliable human preference annotation.
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Data Sample: Desert Water Crisis

ID: en-01003 | Theme: Desert Water Crisis | Type: Subtext & Atmosphere

Scenario Setup (Scene 200)
Context: Desert expedition. Sudden water shortage trig-
gers power dynamics beneath apparent unity.
Hidden Intent: Avoid being scapegoated without directly
accusing others.

Personas & Motives
• Prof. Lin (Leader): Insists on route ↔ Hid water gift;

fears authority loss
• Capt. Wu (Guide): Wants shortcut ↔ Seeks leader-

ship; suspects Lin hoarding
• Xiao Ye (Photographer): Wants photos↔ Fakes dead

battery to hide private photos
• Sec. Du (Sponsor): Wants voting ↔ Recording evi-

dence; hiding extra water
• Xiao Liu (Assistant): Silent ↔ Guilty for delay; hid-

ing ruins location

Dialogue Transcript
Capt. Wu: Given the situation, I suggest changing route northeast to a village for water. Tone: Urgent

Prof. Lin: No, we’ve come far. Discoveries ahead. Water lasts two more days. Tone: Stubborn

Xiao Ye: I need to capture unique landscapes! Captain, can we hold on? Tone: Selfish

Sec. Du: Let’s decide democratically. Everyone’s opinion matters. Tone: Bureaucratic

Xiao Liu: ......(lowers head silently) Action: Avoids eye contact

Capt. Wu: Prof. Lin, are you hiding something? Your water bottle hasn’t decreased much. [TRIGGER]
↪→ Subtext: Challenge to trust

Prof. Lin: What do you mean? I’m just being frugal! Tone: Defensive

Xiao Ye: Stop arguing! Phone’s dead, can’t check map... Tone: Distracting

Sec. Du: Wait, I saw your battery earlier. Why lie? Tone: Accusatory

Xiao Liu: Actually... yesterday I saw the ancient city direction... Tone: Hesitant

Capt. Wu: What?! Why didn’t you say so earlier?! Tone: Furious

Prof. Lin: Xiao Liu... you... Tone: Shocked

Evaluation Tasks
Q1 [Subtext]: In T8, when Ye says ”Phone’s dead...”, what is the intent?

A. Genuinely wants to help map check. B. Divert attention to stop arguing
⃝✓ C. Conceal unwillingness to share secret photos. (Ground Truth)

D. Support Lin’s plan. E. Suggest a break. F. Demonstrate importance.

Q2 [Atmosphere]: After Wu’s accusation (T6), what is the atmosphere?
A. United facing crisis. B. Openly hostile/conflicting.

⃝✓ C. Mutual suspicion beneath surface harmony. (Ground Truth)
D. Chaos without leadership. E. Optimistic. F. Frustrated/Giving up.

Q3 [Social Appropriateness]: Post-T6, what is the best response?
A. ”Wu, you’re going too far! Trust Lin.” B. ”Let’s inspect all water bottles.”
C. ”Lin, explain why your bottle is full?”

⃝✓ D. ”Most important now is staying calm and moving.” (Ground Truth)
E. ”Let’s vote on responsibility.” F. ”I know water nearby, follow me.”

Figure 14: Data sample: Desert Water Crisis. A survival scenario where water scarcity strains Explicit Solidarity.
It highlights Hidden Agendas (hoarding, recording, concealing) emerging when trust is challenged by accusation.
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Data Sample: Darkroom Diplomacy

ID: en-00048 | Theme: Darkroom Diplomacy | Type: Subtext & Atmosphere

Scenario Setup (Scene 9)
Context: University darkroom. 4 photographers discuss
techniques under pressure amidst unspoken rivalries.
Hidden Intent: Maintain harmonious facade while hiding
rule-breaking and career-dependence.

Personas & Motives
• Lena (Mentor): Guides standard workflow ↔ Fears

rivalry; hiding own error
• Mara (Newbie): Seeks safety ↔ Used banned chemi-

cals for effect
• Kenji (Tech): Neutral technician ↔ Resents Prof;

seeks recognition
• Prof. Hale: Encourages vision ↔ Needs show success

for grants

Dialogue Transcript
Lena: For the group wall: standard D-76. Mara, that’s safest for you. Tone: Authoritative

Mara: Don’t want to mess up. ...Can I make shadows punchier without risk? Tone: Hesitant

Kenji: Pushing aggressively loses consistency. Show needs to look cohesive. Tone: Warning

Prof. Hale: Coherence doesn’t mean identical. Mara’s shadows could be an asset. Tone: Philosophizing

Lena: We promised discipline. Mara, were you shooting box speed? Tone: Suspicious

Mara: Actually... I pushed to 3200 with unapproved developer. It felt right. [TRIGGER]
↪→ Subtext: Confession

Kenji: You used unapproved chems here? If ventilation fails, we’re all liable. Tone: Alarmed

Prof. Hale: Don’t create a paper trail. It might support the ”experimentation” narrative. Tone: Damage Control

Lena: Normalizing off-book? Should we all push to level things out? Tone: Insecure

Kenji: Or we admit the split. I’ll calibrate so Mara’s work looks intentional. Tone: Pragmatic

Prof. Hale: Good compromise. A conversation between discipline and risk. Tone: Reframing

Mara: If okay, I’m in. Just didn’t want to cause trouble. Tone: Relieved

Evaluation Tasks
Q1 [Subtext]: In T6, beyond confession, what is Mara’s intent?

A. Asking for technical feedback to standardize. B. Covertly challenging Lena’s conservative workflow.
C. Trying to impress Kenji and Hale.

⃝✓ D. Requesting protection: admitting violation to pre-empt blame. (Ground Truth)
E. Threatening to expose safety noncompliance. F. Signaling indifference to cohesion.

Q2 [Atmosphere]: Considering T6-11, what is the underlying atmosphere?
A. Openly collaborative and egalitarian. B. Tense and bureaucratic (safety focus).

⃝✓ C. Guardedly supportive: negotiating risk/blame to protect status. (Ground Truth)
D. Quietly resentful of Mara. E. Excitedly radical/anti-institutional. F. Emotionally numb/detached.

Q3 [Social Appropriateness]: Given Lena’s motives, best response after T11?
A. ”You’re sidelining me while rewarding Mara.” B. ”We must disclose non-standard techniques.”
C. ”We should all push to avoid looking naive.”

⃝✓ D. ”Sounds workable. I’ll keep my sequence clean and help Mara edit.” (Ground Truth)
E. ”Let Mara take the main wall.” F. ”Let’s revisit all choices from scratch.”

Figure 15: Data sample: Darkroom Diplomacy. Tension in a creative environment. The group maintains a ”sup-
portive” facade while negotiating Hidden Agendas (scholarships, grants), triggered by a safety violation confession.
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Data Sample: Internal Friction in Alliance

ID: zh-01062 | Theme: Internal Friction | Type: Subtext & Atmosphere

Scenario Setup (Scene 211)
Context: 几位房车旅行者在营地篝火旁讨论禁行令，
表面团结背后各有盘算。
Hidden Intent: 维持表面团结，私下达成个人目的。

Personas & Motives
• A (律师): 公开号召维权↔私下想重振名声
• B (教师): 公开主张协商↔私下为儿子拖延时间
• C (网红): 公开提议抗议↔私下需制造冲突流量
• D (技师): 公开支持冲卡↔私下收钱清空营地

Dialogue Transcript
A:各位，禁行令后天生效，不能坐以待毙。我建议集体诉讼！ 语气：激昂

B:诉讼太慢了。不如派代表和政府协商？我认识环保局的人... 语气：温和但急切
C:太老套啦！搞个”荧光帐篷派对”直播抗议，舆论压力更快 动作：举起手机

D:都什么时候了？明天天亮前强行冲卡！ 动作：拍大腿
A: D你别冲动！我们越线就是给政府送把柄。B老师的方案... 语境：试图维持秩序
B:对了，听说开发商愿意补偿提前撤离的人。我儿子刚好在... [TRIGGER]
↪→ Subtext: 泄露信息源，引发猜疑

D:等等，你怎么知道补偿方案？该不会早就... 语气：怀疑

C:哇！这段对话太有爆点了！各位不介意我开直播吧？ 动作：调整镜头
A:都闭嘴！（摔碎酒杯）这就是你们所谓的团结？ 情绪: 愤怒/失望

Evaluation Tasks
Q1[Subtext Deciphering]: 当 B在第 6轮说“我儿子刚好在...”时，真实意图是什么？

A.纯粹分享有用的信息，帮助大家获得补偿
B.暗示自己有内部关系，可以为大家争取更好条件
C.试图转移话题，避免大家关注自己的可疑信息来源

⃝✓ D.为儿子参与的环保项目争取更多时间，延缓撤离 (Ground Truth)
E.测试大家对补偿方案的反应，判断能否说服更多人接受
F.故意泄露信息以破坏团结，迫使大家各自行动

Q2 [Atmosphere Recognition]: 第 6轮对话后，群体的氛围最接近以下哪种？
A.充满希望的团结氛围，因为发现了新的解决方案”

⃝✓ B.紧张的猜疑氛围，彼此怀疑动机 (Ground Truth)
C.混乱的恐慌氛围，每个人都急于采取行动
D.冷漠的疏离氛围，成员间失去交流意愿
E.对抗的敌对氛围，明确分为不同阵营
F.虚伪的和谐氛围，表面附和但暗中较劲

Q3 [Social Appropriateness]: 如果你是现场第五位成员（E），在第 6轮对话后的最佳回应是什么？
A. B老师消息真灵通！能详细介绍下补偿方案吗？
B.大家先别吵，我们应该投票决定下一步
C.看来有人早就和开发商勾结好了
D.不如我们分成小组，想诉讼的诉讼，想撤离的撤离

⃝✓ E. ”我注意到大家都有些激动，要不要先休息十分钟？” (Ground Truth)
F. C你别拍了！这种内部矛盾不能公开

Figure 16: Data sample: Internal Friction in Alliance. This scenario simulates a high-stakes negotiation among
RV campers facing eviction. It highlights the tension between the group’s Explicit Solidarity (uniting to oppose the
ban) and their Hidden Agendas.
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Data Sample: High-End Tailoring Dispute

ID: zh-00313 | Theme: Tailoring Dispute | Type: Subtext & Atmosphere

Scenario Setup (Scene 62)
Context: 在高档定制店内，裁缝、客户和设计师围绕
一件礼服激烈交锋。
Hidden Intent: 重新确立封闭空间内的权力等级，暗中
争夺话语权。

Personas & Motives
• 林师傅 (裁缝): 坚持传统工艺↔维护权威，抵制革
新

• 周太太 (VIP):追求完美礼服↔掩饰身材自卑感
• 张设计师 (新锐): 推动创意设计↔挑战权威，证明
价值

• 王店长 (管理): 调解各方矛盾↔暗中评估是否换
人

Dialogue Transcript
王店长: 各位，今天是为了周太太礼服的最终确认。希望大家能达成一致。 语气：郑重

周太太: 说实话，这后腰的褶皱像随便缝的，完全不符合我的气质。 语气：挑剔

林师傅: 这是祖传宫廷式褶裥。现在年轻人都不懂得欣赏这种精妙了。 语境：强调传统
张设计师: 恕我直言，工艺也要与时俱进。改成流线型更能修饰优雅曲线。 意图：挑战旧艺

周太太: 什么曲线？你是在暗示我身材有问题吗？ 语气：突然提高声调
林师傅: 看吧，这些花哨的设计就是会冒犯客人。 动作：冷笑

张设计师: 我绝对没有这个意思！我是说现在的名媛们都—— 语气：慌忙解释
周太太: 够了！我要的是能掩盖...我是说能衬托我身份的衣服，不是你们争论的战场！ [TRIGGER]
↪→ Subtext: 险些说漏身材自卑

王店长: 大家冷静！林师傅能否微调？张设计师也请多考虑客户需求。 动作：急忙打断
林师傅: 哼，要改可以，但那就不再是林家的手笔了。 语气：傲慢不悦

张设计师: 王店长，是时候让客户看看什么是真正符合现代审美的设计了。 语气：自信激进

王店长: 这样吧，做两个版本让周太太试穿。今天的讨论就先到这里。 语境：强制休会

Evaluation Tasks
Q1[Subtext Deciphering]: 当周太太说“我要的是能掩盖...我是说能衬托...”时，真实意图是什么？

A.希望衣服能够完全隐藏她的身材缺陷
⃝✓ B.希望通过强调身份来转移对自己身材的注意力 (Ground Truth)

C.对设计师和老裁缝的争论感到不耐烦 D.希望衣服能够符合她的社会地位
E.对设计师的建议感到被冒犯 F.对传统工艺和现代设计都不满意

Q2 [Atmosphere Recognition]: 在周太太情绪爆发后，群体的氛围最接近以下哪种？
A.紧张且充满敌意，各方都在公开对抗 B.尴尬且紧张，表面的和谐被打破

⃝✓ C.混乱且无序，没有人知道接下来该怎么做 (Ground Truth)
D.冷漠且疏离，每个人都想尽快结束 E.压抑且愤怒，大家都在克制自己的情绪
F.焦虑且不安，担心失去客户的信任

Q3 [Social Appropriateness]: 如果你是王店长，在情绪爆发后的最佳回应是什么？
A. ’周太太，请您冷静下来，我们都在尽力满足您的要求。’
B. ’我完全理解您的感受，我们会立即按照您的意愿修改。’
C. ’让我们暂时休息一下，等大家冷静下来再继续讨论。’
D. ’林师傅，张设计师，请你们立即停止争论，专注于客户的需求。’
E. ’周太太，您的意见对我们非常重要，我们会确保最终的设计让您满意。’

⃝✓ F. ”我建议我们做两个版本让周太太试穿，讨论先到这里。” (Ground Truth)

Figure 17: Data sample: High-End Tailoring Dispute. This scenario simulates a conflict in a luxury setting. It
highlights the tension between Professional Pride (the tailor’s tradition), Innovation (the designer), and the client’s
Hidden Insecurity. The trigger reveals how personal vulnerabilities can disrupt a commercial negotiation.
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