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Abstract001

Dangerous speech detection is a well-studied002
task, but existing approaches typically treat ut-003
terances in isolation, relying on binary labels004
that ignore who is speaking and in what men-005
tal state. We formulate a context-dependent006
variant of this task by grounding it in Theory-007
of-Mind (ToM). In cognitive science, ToM stud-008
ies how humans attribute latent mental states-009
such as emotions, intentions, and actions-to oth-010
ers. We argue that such states are key signals011
for assessing the risk of an utterance. Build-012
ing on this view, we construct ToM-DS, a013
79K-instance dataset where each utterance is014
paired with structured speaker profiles, ToM015
states (emotion, intent, action), and topic hi-016
erarchies. During data construction, we first017
identify context-dependent sentences and gen-018
erate diverse safe and dangerous scenarios019
surrounding them. High-quality annotations020
are obtained with state-of-the-art LLMs and021
a multi-stage cross-agent validation pipeline,022
yielding a comprehensive and reliable resource023
for context-dependent dangerous speech detec-024
tion and fine-grained risk level classification.025
We further propose ToMGuard, a lightweight026
model with a dynamic ToM attention mecha-027
nism that adaptively weighs different mental-028
state cues. ToMGuard outperforms strong pro-029
prietary and open-source LLMs with signifi-030
cantly fewer parameters. Experimental results031
show that ToMGuard sets a new benchmark for032
context-dependent dangerous speech detection033
and risk level classification on ToM-DS.034

1 Introduction035

Dangerous or toxic speech detection is a long-standing036
task in natural language processing (NLP) and online037
content moderation (Borkan et al., 2019a; Hartvigsen038
et al., 2022). Recent Chinese benchmarks extend this039
line of work to fine-grained toxicity and span-level tar-040
get extraction (Lu et al., 2023; Bai et al., 2025). How-041
ever, most existing methods operate on single utterances042
with coarse binary labels, implicitly assuming that dan-043
ger is determined by surface wording alone. Such text-044
only formulations cannot distinguish cases where the045
same sentence is harmless in one situation but risky046

Text: 我要出去散散步，顺便买包烟抽抽。
(I'm going out for a walk and will buy 

a pack of cigarettes to smoke on the way.)

Personal Info Personal Info
- Gender: Male
- Age: 35
- Age_Group: Middle-
  aged
- Occupation: Worker

- Gender: Male
- Age: 15
- Age_Group: Teenager
- Occupation: Middle     
  School Student

ToM State ToM State

Topic Topic

- Emotion: Anxious
- Intent: Share feelings
- Action: Self-soothing

- Emotion: Excited
- Intent: Request Action
- Action: Decision Making

- Level_1: Daily Life
- Level_2: Smoke for       
stress relief

- Level_1: Violence &
  Illicit Acts
- Level_2: Underage Smoke

Safe😊 Dangerous☠
(Moderate)

Text Style: Calm/Rational

Figure 1: Samples from ToM-DS dataset illustrating
how the same text receives different danger labels de-
pending on speaker demographics and ToM states.

in another, and they offer limited support for speaker- 047
sensitive or severity-aware safety judgments. 048

Theory-of-Mind (ToM) in cognitive science studies 049
how humans infer others’ latent mental states, including 050
actions, intentions, and emotions (Le et al., 2019; Chen 051
et al., 2025). These mental-state variables are highly 052
relevant for judging the risk of an utterance: whether 053
it should be flagged depends not only on what is said, 054
but also on who says it, why they say it, and in what 055
psychological state. As shown in Figure 1, the utterance 056
“buy a pack of cigarettes to smoke” is safe for a 35-year- 057
old worker who feels anxious and intends to self-soothe, 058
yet becomes moderately dangerous for a 15-year-old 059
middle school student who is excited and about to try 060
smoking. Most existing datasets only annotate the text 061
itself, without structured personal information, ToM 062
states, or topics, and thus inherently fail to capture such 063
ToM-grounded, context-dependent shifts in safety. 064

To bridge this gap, we introduce ToM-DS, the first 065
large-scale dangerous-speech benchmark with compre- 066
hensive ToM-grounded context annotations. We con- 067
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struct ToM-DS through a multi-stage pipeline: (i) detect-068
ing context-dependent utterances from existing datasets;069
(ii) augmenting them with controlled generation to cover070
both ambiguous and explicit cases; (iii) performing re-071
verse context construction, where LLMs create diverse072
personal information (personal info), ToM states (emo-073
tion, intent, action), topics, and forward human-like074
reasoning for a fixed sentence; and (iv) assigning fine-075
grained risk levels followed by cross-agent consistency076
checking and semantic deduplication. After filtering,077
ToM-DS contains 79K text–context pairs, more than078
half of which (55.7%) are context-dependent, i.e., the079
same utterance is annotated as safe in some contexts but080
dangerous in others. In addition to a binary danger la-081
bel, all dangerous instances are further categorized into082
four ordinal risk levels, enabling both coarse-grained083
detection and fine-grained risk assessment for different084
application scenarios.085

Furthermore, we propose ToMGuard, a lightweight086
architecture tailored to ToM-DS. ToMGuard takes a087
Chinese RoBERTa encoder (Xu, 2021) for the utterance088
and a compact Multilayer Perceptron (MLP) encoder089
(Taud and Mas, 2017) for the structured context, which090
consists of five dimensions: Personal Info, Emotion,091
Intent, Action, and Topic. A Dynamic ToM Attention092
module then lets the text representation query these five093
dimensions and adaptively weight them, followed by a094
gated fusion mechanism that controls how much ToM095
information should be injected into the final representa-096
tion. On top of this shared backbone, ToMGuard jointly097
optimizes dangerous-speech detection and 4-level risk098
prediction via a multi-task objective that combines focal099
loss (Lin et al., 2017) for imbalanced binary classifi-100
cation and CORAL loss (Sun et al., 2016) for ordinal101
risk modeling. Despite having only 300M parameters,102
ToMGuard outperforms strong fine-tuned backbones103
and few-shot proprietary LLMs (e.g., Qwen3, GPT-104
5.1) on both tasks, achieving state-of-the-art (SOTA) re-105
sults on ToM-DS. Comprehensive ablations—removing106
ToM context, ToM attention, or joint learning—lead to107
consistent performance drops, confirming that explicit108
ToM-grounded context modeling is crucial for reliable,109
context-dependent dangerous speech detection. In sum-110
mary, we make the following contributions:111

• We formulate ToM-grounded, context-dependent112
dangerous speech detection and release ToM-DS,113
the first large-scale Chinese benchmark with struc-114
tured ToM context, containing 79K text-context115
pairs with personal info, ToM states, topic hierar-116
chies, binary danger labels, and 4-level risk anno-117
tations.118

• We propose ToMGuard, a lightweight model with119
Dynamic ToM Attention and gated fusion that120
adaptively integrates ToM context, jointly optimiz-121
ing danger detection and ordinal risk prediction.122

• Extensive experiments on ToM-DS show that ToM-123
Guard achieves SOTA performance on both binary124

and risk level tasks, surpassing strong fine-tuned 125
baselines and few-shot LLMs. Our dataset and 126
models will be publicly available. 127

2 Related Work 128

2.1 Dangerous Speech Detection 129

Detecting dangerous, toxic, or hateful speech has at- 130
tracted significant attention. In English, benchmarks 131
such as CivilComments (Borkan et al., 2019b), Toxi- 132
Gen (Hartvigsen et al., 2022), and HateXplain (Mathew 133
et al., 2021) have driven progress by introducing 134
identity-sensitive labels, span-level rationales, and im- 135
plicit hate speech taxonomies. In Chinese, ToxiCN (Lu 136
et al., 2023) introduces a hierarchical taxonomy for fine- 137
grained toxicity; COLDataset (Deng et al., 2022) and 138
SWSR (Jiang et al., 2021) target offensive language 139
and sexism; and STATE-ToxiCN (Bai et al., 2025) adds 140
span-level target extraction for interpretability. 141

Despite this progress, existing datasets share key 142
limitations: (1) most use binary or coarse-grained la- 143
bels without explicit severity; (2) text is annotated 144
in isolation, ignoring how speaker identity and situa- 145
tional context shape interpretation; and (3) annotations 146
rarely provide explicit reasoning. A few studies explore 147
context-aware toxicity detection (Pavlopoulos et al., 148
2020; Xenos et al., 2021), but they mainly rely on con- 149
versational history rather than structured speaker-level 150
attributes. Our work addresses these gaps by incorpo- 151
rating rich speaker profiles and mental states into the 152
annotation framework. 153

2.2 Theory-of-Mind in NLP 154

ToM is fundamental to human social reasoning and has 155
recently attracted growing attention in NLP (Chen et al., 156
2025). ToM-related work spans intent detection, emo- 157
tion recognition in conversation (Poria et al., 2019), and 158
persona-based dialogue generation (Zhang et al., 2018), 159
as well as dedicated benchmarks such as ToMi (Le et al., 160
2019), FANToM (Kim et al., 2023), Hi-ToM (Wu et al., 161
2023), and ToMBench (Chen et al., 2024), which eval- 162
uate social reasoning via false-belief tasks and multi- 163
agent scenarios and show that even GPT-4 still lags 164
behind humans. Recent studies further probe ToM ca- 165
pabilities of LLMs from behavioral and mechanistic 166
perspectives (Wagner et al., 2025; Wu et al., 2025). 167
However, ToM has not yet been applied to content mod- 168
eration or dangerous speech detection. We argue that 169
understanding who is speaking and why is essential for 170
accurate risk assessment, and we bridge this gap with a 171
ToM-grounded annotation schema that encodes speaker 172
demographics, emotional states, and communicative 173
intents as determinants of danger labels. 174

3 ToM-DS Dataset 175

3.1 Annotation Schema and Label Taxonomy 176

Each ToM-DS instance includes four annotation dimen- 177
sions: Personal Information, ToM State, Topic Hier- 178
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Figure 2: The overall multi-stage pipeline of constructing ToM-DS.

archy, and Danger Labels. These components jointly179
support contextual and ToM-grounded interpretations180
of dangerous speech.181

3.1.1 Personal Information182

We follow internationally recognized demographic183
standards. Gender is defined as Male, Female, or184
Other following (for Transgender Health, 2011). Age185
groups adopt WHO life-span segmentation (Organiza-186
tion, 2015): Child, Teenager, Young Adult, Middle-aged,187
and Elderly. Occupations are selected from the most188
common categories based on ILO and ISCO-08 frame-189
works (Ganzeboom, 2010; of Labor, 2000), resulting in190
25 representative classes in Table 14.191

3.1.2 ToM State192

The ToM state describes the speaker’s inner mental and193
behavioral condition along three facets. Emotion is de-194
rived from established taxonomies of basic and complex195
affective states (Ekman, 1992; Russell, 2003; Mayer and196
Salovey, 1990); we merge similar categories and keep197
20 frequent labels (Table 15). Intent builds on prag-198
matic and dialogue-act studies (Allen, 1995; Bickmore199
and Cassell, 2005; McTear, 2002), resulting in 23 com-200
municative intents covering social, informational, emo-201
tional, task-oriented and request behaviors (Table 16).202
Action follows classifications from embodied cognition203
and interaction research (Prinz, 1997; Tomasello, 2009;204
Clark, 1996), and lists 22 common action types span-205
ning physical, social, cognitive and situational behaviors206
(Table 17). These dimensions provide a structured rep-207
resentation of the speaker’s ToM state.208

3.1.3 Topic Hierarchy209

The topic taxonomy integrates categories from LIWC-210
22 personal concerns (Pennebaker et al., 2015), ICD-211
11 behavioral domains (Organization, 2004), and risk-212
related themes frequently appearing in hate or dangerous213
speech (Davidson et al., 2017). Ten Level-1 topics are214

defined in Table 10, while Level-2 topics remain open- 215
domain for flexibility and diversity. 216

3.1.4 Danger and Risk Labels 217

ToM-DS supports two tasks: (1) Dangerous Speech De- 218
tection, a binary label (0 = safe, 1 = dangerous) for 219
each instance; and (2) Risk Level Classification, where 220
dangerous instances are further assigned a risk levels (1- 221
4) indicating increasing severity. For convenience, safe 222
instances are stored with a risk level of 0, but the learn- 223
ing and evaluation of the risk task are conducted on the 224
4-class subset (levels 1-4) of dangerous samples. These 225
labels provide both coarse- and fine-grained supervision 226
for context-dependent risk assessment. 227

3.2 Multi-Stage Data Construction 228

Figure 2 shows our multi-stage pipeline combining 229
multi-agent LLM annotation, controlled generation, con- 230
text construction, and multi-round validation. 231

3.2.1 Context-Dependency Determination 232

We begin by collecting sentences from CHSD (Rao 233
et al., 2023), COLDataset, and STATE-ToxiCN. Each 234
is evaluated for context-dependency—whether its dan- 235
ger label changes under different personal info, ToM 236
states, or topics. Gemini-2.5-Flash and GPT-5-mini in- 237
dependently judge each sentence using a standardized 238
prompt (Figure 8). Instances with agreement are re- 239
tained; disagreements are resolved through a second 240
round of annotation by Grok-4.1 and DeepSeek-V3.2. 241
Sentences with consistent judgments are accepted, and 242
remaining conflicts are resolved manually. This stage 243
yields 46.9K validated sentences, along with the original 244
danger labels of the context-independent instances. 245

3.2.2 Controlled Sentence Generation 246

To increase coverage and diversity, we further generate 247
sentences with and without context dependency. Us- 248
ing prompts in Figures 5 and 6, Gemini-2.5-Pro and 249
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Model Generation Efficiency (Stage 3) Risk Level Bias (Stage 4)

Count Fmt.Err Ded.Drop L1 L2 L3 L4

GPT-5.1 45.4k 13.0% 15.4% 41.5% 44.2% 10.8% 3.5%
Gemini-2.5-Pro 50.0k 19.6% 24.8% 26.2% 35.5% 24.1% 14.2%
Grok-4.1 50.5k 5.1% 55.6% 13.0% 30.4% 35.0% 21.6%

Table 1: LLM Behavioral Characteristics. Fmt.Err de-
notes rejection rate due to formatting errors. Ded.Drop
indicates data removed during semantic deduplication.

Grok-4.1 produce sentences conditioned on a randomly250
sampled Topic and Style (Figure 9). We define 10 com-251
mon speaking styles in Table 11 to enhance diversity.252
We avoid GPT models in this stage due to conservative253
safety filters, which hinder dangerous-text generation.254
Each sentence is accompanied by a rationale indicating255
whether it should be context-dependent, and GPT-5.1-256
mini verifies consistency between the sentence and its257
rationale, discarding mismatches. This yields 25.7K258
additional high-quality sentences, for a total of 72.6K.259

3.2.3 Reverse Context Construction & Forward260
Reasoning261

Unlike traditional forward annotation, which first de-262
fines a danger label and then generates text to match it,263
we adopt a reverse context construction approach: we264
anchor on the sentence and construct diverse contexts265
that lead to different safety outcomes. This design di-266
rectly supports our core research goal—modeling how267
identical utterances receive different danger labels de-268
pending on speaker attributes and ToM states. Forward269
annotation is limited to generating explicitly safe or270
dangerous sentences, but cannot capture the context-271
dependent ambiguity central to our task.272

The 72.6K sentences are evenly partitioned and pro-273
cessed by GPT-5.1, Gemini-2.5-Pro, and Grok-4.1 to274
maximize stylistic diversity. For context-dependent sen-275
tences, each agent generates 1-2 safe contexts and 1-2276
dangerous contexts, allowing the same sentence to ap-277
pear in multiple scenarios with opposing labels. For278
context-independent sentences, agents generate 1-2 con-279
sistent contexts aligned with the inherent danger label.280
This expansion produces 145.9K text-context pairs in281
total, as detailed in Table 1. Using taxonomies defined282
in Section 3.1, each context includes structured Personal283
Info, ToM State, and Topic fields. Annotators also pro-284
vide a forward reasoning statement explaining why the285
text is safe or dangerous under the constructed context286
(see Figure 7 for detailed instructions).287

We perform automatic formatting correction and re-288
move 18.3K malformed instances. To reduce semantic289
redundancy, we encode all samples using BGE-large-290
zh-v1.5 (Xiao et al., 2023), apply agglomerative cluster-291
ing (Ackermann et al., 2014), and remove near-duplicate292
entries with high structural similarity (≥4 identical at-293
tributes among Personal Info, Emotion, Intent, and Ac-294
tion). This step filters out 47.5K instances, leaving295
80.1K samples for subsequent annotation.296

Statistic Count Percentage

Total Samples 79,218 100%
Training Set 71,324 90.0%
Test Set 7,894 10.0%

Safe Samples 43,314 54.7%
Dangerous Samples 35,904 45.3%

Risk Severity (Among Dangerous Samples)
Level 1 (Low Risk) 9,674 26.9%
Level 2 (Medium Risk) 13,188 36.7%
Level 3 (High Risk) 8,359 23.3%
Level 4 (Extreme Risk) 4,683 13.0%

Context Dependency (over Texts)
Unique Texts 53,267 100%
Multi-context Texts 21,419 40.2%
Label-ambiguous Texts 19,861 37.3%
Risk-ambiguous Texts 162 0.3%

Context Dependency (over Samples)
Multi-context samples 47,370 59.8%
Label-ambiguous Samples 44,147 55.7%
Risk-ambiguous Samples 344 0.4%

Avg. Text Length 38.2 chars -

Table 2: Data statistics of ToM-DS. Multi-context sam-
ples refer to the same text appearing in multiple in-
stances with different contexts. Label-/Risk-ambiguous
items denote cases where the same text receives differ-
ent danger labels or risk levels across contexts.

3.2.4 Risk Level Annotation 297

For all dangerous instance, we assign a fine-grained risk 298
level (1-4) following the criteria in Figure 10. GPT-5.1 299
performs this annotation by jointly considering the text, 300
context, and reasoning statement. Safe instances receive 301
a risk level of 0 by definition. 302

3.2.5 Cross-Agent Quality Check 303

To ensure reliability, we conduct a cross-agent review. 304
Data generated by GPT-5.1 are reviewed by Gemini- 305
2.5-Pro and Grok-4.1, and vice versa. Two independent 306
agents evaluate whether the context, risk level, and rea- 307
soning are mutually consistent (Figure 11). Instances 308
approved by both reviewers are retained; disagreements 309
trigger manual adjudication, and samples rejected by 310
both are removed. After this final filtering, 79.2K high- 311
quality instances constitute the ToM-DS dataset. 312

We access all LLMs via their official APIs. Detailed 313
costs and inter-annotator agreement statistics are re- 314
ported in Appendix A. 315

3.3 LLM Behavioral Characteristics 316

We analyze the distinct behavioral patterns of our three 317
annotators, as summarized in Table 1. In terms of gen- 318
eration efficiency, GPT demonstrates high lexical diver- 319
sity with the lowest deduplication drop rate (15.4%), 320
whereas Grok, despite strict instruction adherence (only 321
5.1% formatting errors), suffers from significant mode 322
collapse, resulting in a 55.6% redundancy removal rate. 323

Regarding the risk level bias, the models exhibit com- 324
plementary safety alignments. GPT tends to be conser- 325
vative, concentrating 85.7% of its outputs in mild risk 326
categories (L1-L2). Conversely, Grok is more aggres- 327
sive, contributing the majority of high-risk samples (L3- 328
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Dataset Lang Source Size Granularity Context-Aware Topic Hier. Reasoning ToM Features

CivilComments (Borkan et al., 2019b) EN Real 1.8M Binary + Identity ✗ ✗ ✗ ✗
ToxiGen (Hartvigsen et al., 2022) EN Syn 9.9K Binary ✗ ✗ ✗ ✗
HateXplain (Mathew et al., 2021) EN Real 20K 3-Class + Span ✗ ✗ ✗ ✗
ToxiCN (Lu et al., 2023) ZH Real 12K Binary ✗ ✗ ✗ ✗
COLDataset (Deng et al., 2022) ZH Real 37K Binary + Category ✗ ✗ ✗ ✗
SWSR (Jiang et al., 2021) ZH Real 9K Binary ✗ ✗ ✗ ✗
STATE-ToxiCN (Bai et al., 2025) ZH Real 8K Binary + Span ✗ ✗ ✗ ✗

TOM-DS (Ours) ZH Syn+Real 79K Binary + Severity ✓ ✓ ✓ ✓

Table 3: Comparison with existing datasets. Granularity: Identity (demographic identity), Category (offense types),
Span (rationales extraction), and Severity (4-level risk). Context-Aware refers to situational context or speaker
persona that determines the danger label. ToM Features annotate speakers’ internal states (Emotion, Intent, Action).

L4), while Gemini acts as a stabilizer with a balanced329
distribution across the risk spectrum. This complemen-330
tarity ensures that ToM-DS covers the full spectrum331
of risk, from subtle context-dependent insinuations to332
explicit threats, avoiding the severity bias common in333
single-source synthetic datasets.334

3.4 Data Statistics335

Table 2 reports the overall statistics of ToM-DS. The336
dataset contains 79,218 instances (71,324 for training337
and 7,894 for testing), with 43,314 Safe samples and338
35,904 Dangerous samples. Within the dangerous sub-339
set, Level 2 (Medium Risk) and Level 1 (Low Risk)340
account for most cases, while high- and extreme-risk341
instances (Levels 3 and 4) are less frequent, mirroring342
real-world platforms where mild hostility is much more343
common than explicit severe threats.344

A key property of ToM-DS is its explicit model-345
ing of context dependency. We collect 53,267 unique346
texts, among which 21,419 (40.2%) appear in multiple347
contexts. Moreover, 19,861 texts (37.3%) are label-348
ambiguous, i.e., the same sentence is annotated as Safe349
in some contexts and Dangerous in others, resulting in350
44,147 samples (55.7% of all instances). An additional351
162 texts (344 samples, 0.4%) are risk-ambiguous: they352
are always labeled as dangerous but receive different353
risk levels depending on the surrounding ToM context.354
At the same time, ToM-DS also contains a large por-355
tion of context-independent utterances that consistently356
receive a single danger label, thus covering the tradi-357
tional dangerous-speech setting while enriching every358
instance with structured ToM attributes (personal info,359
ToM states, and topics). Detailed distributions of ToM360
attributes are provided in Appendix B.361

3.5 Dataset Comparison362

Table 3 compares ToM-DS with representative bench-363
marks in both English and Chinese. Most existing364
datasets rely on binary classification or focus on static365
metadata. While STATE-ToxiCN introduces span-level366
extraction, it lacks hierarchical severity assessment.367
ToM-DS addresses these limitations by (1) introducing a368
4-level severity hierarchy for potential danger; (2) incor-369
porating situational context rather than static attributes,370
enabling the model to learn context-dependent safety371
boundaries; and (3) integrating ToM features to support372

Dataset Fluency Comprehen. Correctness Overall

ToxiCN 4.76 2.95 4.38 3.94
COLDataset 4.72 3.68 4.42 4.12
TOM-DS 4.74 4.88 4.65 4.75

Table 4: Human evaluation results (1-5 Likert scale).

interpretable reasoning, a dimension largely absent in 373
prior toxic speech resources. 374

3.6 Human Evaluation 375

To assess the naturalness of synthetic text and the va- 376
lidity of annotations, we conduct a blind human evalu- 377
ation against two representative Chinese benchmarks, 378
ToxiCN and COLDataset. We randomly sample 50 379
instances from each dataset, and pay 30 linguistics un- 380
dergraduates 50 CNY for rating each sample on a 1-5 381
scale across four dimensions in Table 18. As shown in 382
Table 4, ToM-DS matches real-world datasets in fluency 383
(4.74 vs. 4.72–4.76), while substantially outperforming 384
them in comprehensiveness and correctness, leading to 385
the highest overall score. Annotators report that the 386
explicit context in ToM-DS reduces label ambiguity that 387
often arises in existing resources. 388

4 ToMGuard Model 389

We propose ToMGuard, a framework designed to detect 390
context-dependent dangerous speech by explicitly mod- 391
eling the interplay between textual content and mental 392
states, as illustrated in Figure 3. 393

4.1 Input and Encoding (Stage 1 & 2) 394

The model accepts two parallel input streams: the text 395
utterance x and the structured ToM-grounded context c. 396

Text Encoding. We use Chinese-RoBERTa-Large as 397
the backbone encoder. Given input text x, we obtain the 398
contextualized representation of the [CLS] token as the 399
text embedding h′

t ∈ Rd, where d = 768. 400
ToM Context Encoding. The context c consists of 401

five dimensions: Personal Info, Emotion, Intent, Action, 402
and Topic. We encode these features into a dense vector 403
hc ∈ R5 and refine it through a bottleneck MLP: 404

h′
c = MLPToM(hc) ∈ R5 (1) 405

where the bottleneck structure (5 → 32 → 5) learns 406
non-linear transformations while maintaining the com- 407
pact representation. 408
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Figure 3: Overall framework of ToMGuard.

4.2 Dynamic ToM Attention (Stage 3)409

To capture context dependency, we design a Dynamic410
ToM Attention mechanism that adaptively assigns im-411
portance weights to different context dimensions.412

Attention Mechanism. We treat the text represen-413
tation h′

t as the source for Query (Q), and the ToM414
context h′

c as the source for both Key (K) and Value415
(V). We project them as:416

Q = h′
tWQ, K = h′

cWK , V = h′
cWV

(2)417
where Q ∈ Rdk , K,V ∈ R5×dk , and dk = 96 for 8-418
head attention. We compute attention scores α ∈ R5 to419
represent the relevance of each ToM dimension:420

α = softmax
(
QKT

√
dk

)
(3)421

The context-aware representation hattended is then ob-422
tained via weighted aggregation: hattended = αV.423

Gated Fusion. To effectively combine original text424
semantics with dynamic context information, we em-425
ploy an adaptive gating mechanism:426

g = σ(Wg[h
′
t;h

′
c] + bg) (4)427

hfinal = g ⊙ hattended + (1− g)⊙ h′
t (5)428

where [; ] denotes concatenation and ⊙ is element-wise429
multiplication. g controls the injection of ToM informa-430
tion, ensuring robustness when context is less relevant.431

4.3 Multi-Task Output (Stage 4)432

ToMGuard jointly optimizes two tasks by projecting the433
fused representation hfinal into task-specific spaces.434

Binary Classification Head. A classifier predicts435
whether the speech is safe (y = 0) or dangerous (y = 1).436
To address class imbalance, we optimize the Focal Loss:437

Lfocal = −(1− pt)
γ log(pt) (6)438

where pt is the predicted probability of the ground-truth439
class, and γ = 2.0 down-weights easy examples.440

Risk Level Head. For dangerous speech, we predict441
the severity yrisk ∈ {1, 2, 3, 4}. We employ Ordinal442
Regression with CORAL loss to respect the order of443
risk levels. Specifically, we predict K − 1 cumulative444

probabilities P (y > k) = σ(zk), where zk represents 445
the output logits for the k-th rank. The loss is: 446

Lcoral = −
K−1∑
k=1

[λ
(1)
k log(σ(zk))+λ

(0)
k log(1−σ(zk))]

(7) 447

where λ
(1)
k and λ

(0)
k are indicator variables for whether 448

the true rank exceeds k, weighted to handle imbalance. 449
Joint Objective. The total loss is a weighted sum: 450

L = α · Lfocal + β · Lcoral (8) 451

where α and β are task-specific weights with α+β = 1. 452
We set α = 0.4 and β = 0.6 based on comprehensive 453
hyperparameter analysis (Section 5.5), assigning higher 454
weight to the risk classification task to encourage fine- 455
grained severity discrimination. 456

5 Experiments 457

5.1 Baseline Models and Evaluation Metrics 458

As shown in Table 5, we compare ToMGuard with three 459
categories of baselines: (i) zero-shot LLMs, prompted 460
to directly perform the two tasks using the templates in 461
Figures 12–13; (ii) few-shot LLMs, which add a small 462
number of in-context examples; and (iii) fine-tuned mod- 463
els, trained on ToM-DS with supervised learning. 464

For dangerous speech detection (binary), we report 465
Accuracy (Acc), F1, Area Under the ROC Curve (AU- 466
ROC), and Area Under the Precision–Recall Curve 467
(AUPRC): Acc measures overall correctness, F1 bal- 468
ances precision and recall, AUROC evaluates ranking 469
quality over thresholds, and AUPRC emphasizes per- 470
formance on the dangerous class under class imbal- 471
ance (Borkan et al., 2019b). For risk-level classification 472
(4-class), we use Acc, Macro-F1, weighted F1 (W-F1), 473
and Quadratic Weighted Kappa (QWK) (Cohen, 1968); 474
Macro-F1 equally averages F1 over risk levels, W-F1 475
weights classes by support, and QWK measures agree- 476
ment on ordinal labels while penalizing larger discrep- 477
ancies, making it suitable for our 4-level risk taxonomy. 478
See Appendix C for experimental setups. 479

5.2 Experimental Results 480

Table 5 summarizes the main results. Zero-shot prompt- 481
ing of strong LLMs yields poor performance: even GPT- 482
5.1 and Gemini-2.5-Pro achieve F1 scores below 26 483
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Category Model Dangerous Speech Detection (Binary) Risk Level Classification (4-Class)
Acc F1 AUROC AUPRC Acc Macro-F1 W-F1 QWK

Zero-Shot

GPT-5.1 55.60 24.64 56.81 53.34 52.90 44.23 48.42 24.22
GPT-5-nano 53.60 20.96 53.00 48.48 50.62 38.47 46.76 19.61
Gemini-2.5-Pro 54.10 21.47 55.16 50.05 53.82 38.54 45.91 27.77
Gemini-2.5-Flash 53.20 18.36 52.57 48.23 50.98 31.14 45.85 26.38
Claude-Sonnet-4.5 52.60 16.20 55.65 49.41 48.78 32.73 41.60 19.21
Grok-4.1-fast-reasoning 54.50 23.61 58.14 51.67 51.54 43.81 46.67 22.27
DeepSeek-V3.2(Liu et al., 2025) 56.80 25.53 56.49 50.63 51.80 37.99 45.78 21.36
Qwen3-8B(Yang et al., 2025) 53.70 10.44 50.40 46.52 48.60 31.47 45.76 17.33
LLaMA3.1-8B(Dubey et al., 2024) 54.30 22.15 51.53 47.16 52.27 28.68 45.27 20.18
Glm4-9B(GLM et al., 2024) 53.70 12.75 50.00 46.30 42.61 30.30 44.04 15.58

Few-Shot

GPT-5.1 56.80 48.24 59.12 53.91 45.90 42.45 44.53 26.61
GPT-5-nano 53.20 41.53 51.37 48.40 46.72 45.53 46.07 20.48
Gemini-2.5-Pro 56.10 45.47 54.52 49.74 47.54 41.05 42.96 27.01
Gemini-2.5-Flash 55.50 44.84 54.21 47.68 45.08 41.90 42.28 25.59
Claude-Sonnet-4.5 54.70 33.38 51.58 47.76 44.82 38.85 38.50 19.36
Grok-4.1-fast-reasoning 55.60 40.85 60.09 54.67 45.90 43.46 43.17 27.62
DeepSeek-V3.2 59.20 51.66 58.26 52.67 46.72 44.10 42.45 21.95
Qwen3-8B 55.30 42.91 53.99 48.55 44.71 39.88 40.92 21.20
LLaMA3.1-8B 57.60 39.26 55.67 49.85 49.56 43.28 47.34 22.28
Glm4-9B 55.10 37.78 51.52 48.15 43.54 38.20 39.82 19.58

Fine-Tuned

CN-Roberta-Large(Xu, 2021) 88.35 87.80 93.56 86.74 66.68 67.83 66.77 77.91
XLR-Large(Conneau et al., 2019) 89.68 88.63 95.78 94.93 68.39 69.74 68.34 79.11
Pai-Bert-Base(Wang et al., 2022) 88.62 87.48 95.44 94.72 69.09 70.52 69.09 79.88
Qwen3-8B 90.47 89.27 91.34 84.69 68.88 70.30 68.45 80.21
LLaMA3.1-8B 89.91 88.23 89.78 84.45 69.32 70.63 69.30 80.03
Glm4-9B 88.05 87.11 87.52 83.61 67.25 68.58 66.16 78.36

Ours ToMGuard 91.97 91.05 97.47 96.71 69.62 70.82 69.66 80.90

Ablation

w/o ToM Context 63.26 51.49 68.87 66.43 64.21 65.79 64.13 77.33
w/o ToM Attention 91.91 90.94 97.42 96.62 68.25 69.40 68.21 80.10
w/o Joint Learning 91.60 91.49 97.27 95.75 68.39 69.54 68.39 80.68
w/o Focal Loss 92.24 91.61 97.46 96.58 67.97 69.40 67.70 80.26

Table 5: Evaluation results on dangerous speech detection and risk level classification tasks on ToM-DS.

Model Params Multi-task Train Time Inference Memory
On A 3090 (M) (Joint Learning) (hours/epoch) (samples/s) (G)

XLR-Large 560 ✗ 1.5 47.3 17.6
Qwen3-8B 8,000 ✗ 12 5.7 18.2
GLM4-9B 9,000 ✗ 13.2 4.6 20.4
ToMGuard 300 ✓ 1.3 48.4 13.6

Table 6: Model Efficiency Comparison.

on binary detection and QWK below 28 on risk pre-484
diction, while other models often degenerate toward485
lower scores. This indicates that, without task-specific486
supervision or explicit access to ToM-grounded con-487
text, general LLMs struggle to handle ToM-DS tasks.488
Providing in-context examples in the few-shot setting489
substantially improves performance, but the gap with490
supervised baselines remains large. Binary F1 scores491
stay in the 33–52 range, and risk level QWK remains492
below 28, suggesting that few-shot prompting alone is493
insufficient to learn fine-grained, ToM-grounded safety494
distinctions on ToM-DS.495

In contrast, fine-tuned models perform strongly496
across both tasks. Chinese encoders such as CN-497
RoBERTa-Large and XLR-Large achieve around 88498
F1 on binary detection and QWK around 78-79, while499
fine-tuned LLaMA3.1-8B and Qwen3-8B further push500
binary F1 above 89 and QWK above 80. These gains501
demonstrate that supervised training on ToM-DS sub-502
stantially enhances models’ ability to exploit contextual503
signals for dangerous speech and risk assessment.504

ToMGuard further advances the SOTA. It attains the505
best overall scores on both tasks, with 91.97 Acc and506
91.05 F1 for binary detection, and 69.62 Acc and 80.90507
QWK for risk level classification. Despite far fewer pa-508

rameters than the fine-tuned LLM baselines, ToMGuard 509
consistently outperforms them on all metrics, confirm- 510
ing the effectiveness of explicit ToM-context modeling 511
for context-dependent dangerous speech detection. 512

5.3 Ablation Study 513

The ablation results in Table 5 show that all components 514
of ToMGuard are necessary. Removing ToM Context 515
leads to the largest degradation: binary F1 drops from 516
91.05 to 51.49 and QWK from 80.90 to 77.33, confirm- 517
ing that text-only modeling cannot handle the context- 518
dependent setting. Without Dynamic ToM Attention, 519
performance decreases across both tasks (e.g., QWK 520
80.10 vs. 80.90), indicating that adaptively weighting 521
different ToM dimensions is beneficial beyond simply 522
concatenating context. Disabling Joint Multi-task Learn- 523
ing slightly increases binary F1 (91.49) but harms risk 524
prediction metrics, suggesting that shared supervision 525
from the ordinal task helps learn severity-aware repre- 526
sentations. Finally, removing Focal Loss yields higher 527
binary Acc/F1 but consistently worse risk level metrics, 528
showing that addressing class imbalance in danger de- 529
tection is important for downstream severity modeling. 530

5.4 Model Efficiency Comparison 531

Table 6 compares ToMGuard with several strong fine- 532
tuned baselines in terms of computational efficiency. 533
Despite achieving the best overall performance, ToM- 534
Guard uses only 300M parameters, which is about half 535
of XLR-Large (560M) and over 25× smaller than 8-9B 536
LLMs such as Qwen3-8B and GLM4-9B. On a single 537
RTX 3090, ToMGuard also attains the shortest train- 538
ing time per epoch (1.3 hours) and the highest infer- 539
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(b) Risk Level Prediction Metrics
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Figure 4: Effect of task weight α and β on model performance.

Text: 我今晚要把他做掉。 (I’m going to deal with him tonight.)

Context A (Safe) Context B (Dangerous)

Person: Male, Young Adult, IT
Worker

Person: Male, Middle-aged, Super-
market Staff

ToM: Excited / Joke / Using Com-
puter

ToM: Anger / Command / Decision
Making

Topic: Leisure & Hobbies Topic: Violence & Illicit Acts
Label: Safe (0) Label: Dangerous (Risk Level 3)

Context A Context B

Model Binary Risk Binary Risk

GPT-5.1 (Zero-shot) ✗ – ✓ ✗ (L4)
Grok-4.1 (Zero-shot) ✗ – ✗ –
Qwen3-8B (Fine-tuned) ✓ – ✓ ✗ (L2)
XLR-Large (Fine-tuned) ✗ – ✓ ✓ (L3)
ToMGuard (Ours) ✓ – ✓ ✓ (L3)

Table 7: Case study on context-dependent prediction.

ence throughput (48.4 samples/s), while requiring the540
least GPU memory (13.6 GB). Moreover, ToMGuard541
is trained in a single multi-task setting, whereas base-542
lines without joint learning must be trained separately543
for binary detection and risk level prediction, effectively544
doubling their total training time and hardware resource545
consumption. These results indicate that our task does546
not inherently require very large models: a carefully547
designed mid-sized architecture, combined with a high-548
quality ToM-grounded dataset, can outperform much549
larger LLMs while being substantially more efficient550
and easier to deploy in real-world moderation systems.551

5.5 Task Weight Analysis552

We further analyze the effect of the loss weights in our553
joint objective L = αLfocal +βLcoral with the constraint554
α + β = 1. We sweep α from 0.1 to 0.9 and report555
all metrics for both tasks in Figure 4. For binary detec-556
tion (Figure 4(a)), performance improves as α increases557
from 0.1 to around 0.6, but AUROC and AUPRC drop558
noticeably when α ≥ 0.6, indicating degraded ranking559
and calibration when the binary loss dominates. For560
risk level prediction (Figure 4(b)), all four metrics peak561
around α = 0.4 (β = 0.6), while the balanced setting562
α = β = 0.5 causes a clear dip, especially in Macro-F1563
and QWK, showing that the ordinal risk task requires a564
higher weight. Overall, α = 0.4 achieves the best trade-565

off: it gives near-optimal binary F1 and AUROC while 566
attaining the strongest or second-strongest scores on all 567
risk metrics. We therefore adopt α = 0.4, β = 0.6 568
in all main experiments, which also reflects the higher 569
practical priority of accurate risk assessment over mere 570
danger/non-danger classification. 571

5.6 Case Study 572

Table 7 illustrates a representative context-dependent 573
example. The utterance “I’m going to deal with him 574
tonight.” is benign in Context A, where a young IT 575
worker is joking online about a game, but becomes 576
clearly threatening in Context B, where a middle-aged 577
supermarket staff member speaks with anger and a 578
decision-making intent under a violence-related topic. 579
Zero-shot LLMs fail to capture this shift, and even 580
strong fine-tuned models struggle: Qwen3-8B correctly 581
detects danger in Context B but underestimates the risk, 582
while XLR-Large misclassifies the safe context. In con- 583
trast, ToMGuard correctly predicts Safe in Context A 584
and Dangerous with the correct risk level in Context 585
B, showing that explicitly modeling ToM-style context 586
helps resolve both binary and severity judgments for 587
highly ambiguous utterances. 588

6 Conclusion and Future Work 589

We presented a ToM grounded, context-dependent for- 590
mulation of dangerous speech detection, showing that re- 591
liable safety assessment requires modeling who speaks, 592
in what state, rather than surface text alone. To support 593
this setting, we introduced ToM-DS, a 79K-instance 594
Chinese benchmark with structured ToM context and 595
both binary danger labels and 4-level risk annotations, 596
and proposed ToMGuard, a lightweight model with Dy- 597
namic ToM Attention and multi-task learning for joint 598
danger and risk prediction. Experiments demonstrated 599
that ToMGuard achieves SOTA performance on both 600
tasks while being substantially more efficient than much 601
larger LLM baselines, and ablations confirmed that re- 602
moving ToM context or ToM-aware modeling leads to 603
consistent degradation. In the future, we plan to ex- 604
tend ToM-DS and ToMGuard to broader domains and 605
languages, and to explore more fine-grained ToM repre- 606
sentations for more interpretable moderation systems. 607
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Limitations608

First, as a benchmark for dangerous speech, ToM-DS609
inevitably contains content that is offensive, discrimi-610
natory, or otherwise harmful. We apply strict filtering611
and anonymization, but some examples may still be612
distressing or reflect social biases; users of the dataset613
should be aware of these risks and adopt appropriate614
safety protocols. Second, ToM-DS is currently limited615
to Chinese and relies on LLM-assisted generation and616
annotation, which, despite our multi-stage validation,617
may introduce artifacts or coverage gaps in real-world618
scenarios. The construction pipeline is also relatively619
costly in terms of computation and human verification,620
as detailed in Appendix A, which may constrain rapid621
scaling to many languages or domains.622

On the modeling side, ToMGuard is intentionally de-623
signed as a relatively simple encoder-based architecture.624
While it establishes a strong ToM-grounded baseline625
on ToM-DS, it does not exhaust the space of possible626
architectures—for example, more sophisticated causal627
reasoning modules, multi-turn mental-state tracking, or628
retrieval-augmented designs are left for future work.629
Finally, our experiments focus on in-distribution eval-630
uation; how well ToMGuard and ToM-DS generalize631
to unseen platforms, genres, or culturally distinct forms632
of dangerous speech remains an open question that we633
hope future research will explore.634
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A API Cost and Annotation Consistency835

In this section, we provide a detailed breakdown of836
the computational costs associated with the multi-agent837
data construction pipeline and analyze the consistency838
of automated annotations to ensure data reliability.839

A.1 Cost Analysis840

The total cost was approximately $649. We uti-841
lized a combination of proprietary LLMs (GPT-5.1,842
Gemini-2.5, Grok-4.1) and efficient reasoning models843
(DeepSeek-V3.2). Table 8 details the specific expendi-844
ture for each stage.845

Stage Model Cost (USD)

Stage 1

Gemini-2.5-Flash $18
GPT-5-mini $15
Grok-4.1-fast $4
DeepSeek-V3.2 $4

Stage 2
Gemini-2.5-Pro $70
Grok-4.1-fast $8
GPT-5-mini (Valid.) $20

Stage 3
Gemini-2.5-Pro $170
GPT-5.1 $145
Grok-4.1-fast $12

Stage 4: Risk Labeling GPT-5.1 $40

Stage 5
GPT-5.1 $55
Gemini-2.5-Pro $50
Grok-4.1-fast $8

Total All Models $649

Table 8: Approximate API cost breakdown by construc-
tion stage and model.

A.2 Annotation Consistency (IAA)846

To validate the reliability of our automated pipeline,847
we measured the Inter-Annotator Agreement (IAA) be-848
tween different agents using both Percent Agreement849
(Po) and Cohen’s Kappa (κ).850

As shown in Table 9, Stage 1 (Context Dependency851
Determination) initially showed fair agreement (Po =852
63%, κ ≈ 0.26), reflecting the inherent subjectivity of853
determining whether a sentence is context-dependent.854
This necessitated the introduction of reasoning-oriented855

models (Grok and DeepSeek) for arbitration, which 856
raised the agreement in the disputed subset to 71%. 857

In contrast, the validation in Stage 2 (Generation Con- 858
sistency) and Stage 5 (Final Quality Check) exhibited 859
substantial to almost perfect agreement (Po > 90%, 860
κ > 0.8), confirming that the generated contexts and 861
risk labels align well with the defined safety taxonomies. 862

Task / Stage Model Pair Agree (%) Kappa (κ)

Stage 1: Initial Filter Gemini-Flash vs. GPT-mini 63.0% 0.26

Stage 1: Arbitration Grok-Fast vs. DeepSeek 71.0% 0.42

Stage 2: Validation GPT-mini vs. Gemini-Pro 91.0% 0.82
GPT-mini vs. Grok-Fast 83.0% 0.66

Stage 5: Final Quality GPT-5.1 vs. Gemini-Pro 94.0% 0.88

Table 9: Inter-Agent Agreement statistics. Cohen’s
Kappa (κ) is estimated based on the observed agree-
ment and class distribution. Stage 1 shows lower initial
agreement due to task subjectivity, motivating our multi-
agent arbitration strategy.

B Detailed Data Distributions 863

Table 10 - 17 show the detailed distribution of Personal 864
Info, ToM State, and Topic L_1 labels. 865

C Experimental Setup 866

Table 19 summarizes the training configurations for all 867
models. 868
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Topic (Level-1) Count (%)
Social Issues & Ideology 17225 21.74
Interpersonal Relations 16202 20.45
Work & Education 10006 12.63
Violence & Illicit Acts 8760 11.06
Daily Life 8448 10.66
Leisure & Hobbies 7395 9.33
Health & Psychology 5134 6.48
Gender & Sexuality 3114 3.93
Money & Economy 1964 2.48
Other 970 1.22

Table 10: Topic Level_1 distribution.

Style Count (%)
Internet Slang 15886 20.05
Emotional/Agitated 15615 19.71
Calm/Rational 12660 15.98
Humorous/Playful 8441 10.66
Sarcastic/Ironic 7307 9.22
Rude/Aggressive 6418 8.10
Pessimistic 4318 5.45
Commanding/Assertive 3044 3.84
Implicit/Vague 2902 3.66
Formal/Written 2627 3.32

Table 11: Style distribution.

Gender Count Percentage (%)
Male 56511 71.34
Female 22618 28.55
Other 89 0.11

Table 12: Gender Distribution.

Age Group Count Percentage (%)
Middle-aged 47768 60.30
Young Adult 28937 36.53
Teenager 1922 2.43
Elderly 502 0.63
Child 89 0.11

Table 13: Age Group Distribution.

Occupation Count Percentage (%)
University Student 15246 19.25
IT Worker 12581 15.88
Freelance Writer 11952 15.09
Worker 5983 7.55
Manager 5849 7.38
Other 4052 5.11
Designer 3870 4.89
Freelance Programmer 3550 4.48
Administrative Staff 3110 3.93
Psychologist 2662 3.36
Middle School Student 2008 2.53
Professional 1639 2.07
Technician 1573 1.99
Driver 1419 1.79
Civil Servant 1262 1.59
Nurse 494 0.62
Police Officer 438 0.55
Doctor 347 0.44
Photographer 287 0.36
Supermarket Staff 234 0.30
Artist 180 0.23
Waiter 164 0.21
Musician 149 0.19
Primary School Student 90 0.11
Hotel Staff 79 0.10

Table 14: Occupation Distribution.

Emotion Count Percentage (%)
Anger 19191 24.23
Neutral 11322 14.29
Excited 6545 8.26
Satisfied 5871 7.41
Despair 5519 6.97
Confused 5326 6.72
Anxious 5259 6.64
Disgust 4869 6.15
Happy 3076 3.88
Jealous 2509 3.17
Proud 2332 2.94
Sad 2106 2.66
Stressed 1648 2.08
Fearful 1399 1.77
Surprised 1281 1.62
Sympathetic 720 0.91
Guilty 84 0.11
Love 75 0.09
Calm 44 0.06
Shame 42 0.05

Table 15: Emotion Distribution.
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Intent Count Percentage (%)
Share Feelings 20537 25.92
Pour Out 11157 14.08
Oppose 7291 9.20
Provide Information 6996 8.83
Explain 5380 6.79
Joke 5309 6.70
Command 5271 6.65
Advise 4458 5.63
Clarify 2910 3.67
Query 2152 2.72
Seek Understanding 2088 2.64
Seek Confirmation 1637 2.07
Request Action 1634 2.06
Deny 604 0.76
Abreact 389 0.49
Seek Comfort 349 0.44
Farewell 318 0.40
Request Help 267 0.34
Agree 162 0.20
Greet 151 0.19
Thank 97 0.12
Apologize 31 0.04
Request Permission 30 0.04

Table 16: Intent Distribution.

Action Count Percentage (%)
Conversing 23180 29.26
Emotional Expression 11142 14.06
Using Phone 10110 12.76
Venting 7704 9.73
Decision Making 6447 8.14
Thinking 5461 6.89
Reflecting 5029 6.35
Using Computer 3928 4.96
Picking Up 1701 2.15
Eye Contact 1475 1.86
Understanding 1474 1.86
Repairing 471 0.59
Smiling 318 0.40
Self-soothing 248 0.31
Walking 177 0.22
Avoiding 136 0.17
Calming 76 0.10
Eating/Drinking 71 0.09
Sitting 26 0.03
Greeting 18 0.02
Handshake 14 0.02
Hugging 12 0.02

Table 17: Action Distribution.
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Dimension Scoring Criteria (1-5 Scale)

Fluency 5: Perfectly natural, grammatical, and indistinguishable from native expression.
3: Understandable but contains minor mechanical errors or unnatural phrasing.
1: Completely unreadable or nonsensical.

Comprehensiveness 5: Richly annotated with context, speaker intent, and reasoning that fully explains the toxicity.
3: Contains basic labels but lacks sufficient context or explanatory details.
1: Only raw text provided; difficult to interpret the rationale behind the label.

Correctness 5: The label is indisputably correct given the provided text and context.
3: The label is debatable or ambiguous.
1: The label is clearly factually incorrect.

Overall Quality 5: High-quality data suitable for training robust, explainable safety models.
1: Low-quality data with limited utility.

Table 18: Human evaluation guidelines provided to annotators.

Model Batch LR Epochs

ToMGuard 10 1.5× 10−5 15
XLR-Large 10 1.5× 10−5 15
RoBERTa-Large 10 1.5× 10−5 15

Qwen3-8B 2 (×8) 1.0× 10−5 5
LLaMA3.1-8B 2 (×8) 1.0× 10−5 5
GLM4-9B 2 (×8) 1.0× 10−5 5

Table 19: Training configuration for ToMGuard and
baseline models. “Batch” shows per-device batch size
(×8 indicates gradient accumulation steps).
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Instruction Template:
You are an expert linguist with a rich imagination.
Your task is to create a sentence with high "Contextual Ambiguity" based on a specified Target Topic and Target
Speaking Style.

Core Requirements

1. Stylistic Consistency:
The sentence must strongly reflect the characteristics of the specified Target Style. For example:

Sarcastic/Irony: Use rhetorical questions, mockery, or a cynical tone.

Implicit/Vague: Use metaphors, hints, or euphemisms; avoid direct statements.

Vulgar/Aggressive: Use intense vocabulary, exclamations, or short, punchy phrasing.

2. Topical Relevance:
Construct a specific, imaginative scenario centered around the Target Topic. Do not generate generic
sentences; ensure the content is grounded in a plausible situation.

3. Contextual Ambiguity:
The text itself must be semanticially neutral or polysemous, making its underlying intent difficult to determine
without context.

Interpretation A (Safe): In a daily, professional, or positive context, the sentence is completely harmless
(e.g., joking, stress relief, creative writing).

Interpretation B (Dangerous): In a specific adverse context (e.g., extreme emotion, criminal intent,
minor status, hate speech), the sentence implies violence, suicide, violation, or discrimination.

4. Anti-Cliché Measures:

Strictly Prohibited: Do not use overused templates such as "I want to end it all," "Go die," or "Buy
cigarettes."

Examples (for reference only, please create new ones):

Topic: Money -> Sentence: "We must settle this account tonight." (Safe: Splitting a bill;
Dangerous: Violent debt collection).

Topic: Health -> Sentence: "I plan to use all these meds at once." (Safe: Agricultural spraying;
Dangerous: Drug abuse/Overdose).

5. Linguistic Style:

Natural, colloquial, and coherent.

Length: Moderate (10–50 words).

6. Output Format:
Output a single JSON object: {"text": "Generated sentence..."}

Prompt Input Template:
Target Topic: {sampled_topic}
Target Style: {target_style}
Task: Generate a sentence with high contextual ambiguity, strictly adhering to the requirements above.

Figure 5: Instruction and prompt for generating context-dependent sentences.
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Instruction Template:

You are a linguist proficient in various linguistic styles and pragmatics.
Your task is to generate an Explicit (Context-Independent) sentence based on a specified Target Topic and Target Speaking Style.
"Explicit" means the safety or danger of the sentence is determined primarily by the text content itself, independent of external context.

Input Controls

You will be provided with:

1. Target Label: Safe OR Dangerous.

2. Target Topic: A specific Level-1 topic (e.g., Finance, Health).

3. Target Style: A specific speaking style (e.g., Sarcastic, Vulgar).

Generation Guidelines

1. Stylistic Fidelity:
The sentence must strongly reflect the characteristics of the Target Style.

Sarcastic/Irony: Use rhetorical questions, mockery, or a cynical tone.

Implicit/Vague: Use metaphors, hints, or euphemisms; avoid direct statements.

Vulgar/Aggressive: Use intense vocabulary, exclamations, or short, punchy phrasing.

2. Topical Divergence:
Construct a specific, imaginative scenario centered around the Topic. Do not generate generic sentences.

3. Label Definitiveness:

Dangerous: The text must contain intrinsic negative features (e.g., hate speech, violence, violation of rules, discrimination, self-harm, criminal intent).

Safe: The text must be intrinsically harmless, constructive, or neutral.

4. Conflict Resolution (Boundary Control):
CRITICAL: If a Negative Style (e.g., Vulgar, Despairing, Sarcastic) is paired with a Safe Label, you must strictly follow these rules to avoid generating
dangerous content:

Vulgar/Aggressive + Safe:

Strategy: Direct the aggression towards inanimate objects, weather, or bad luck, or use rough banter between close friends.

Safe Example: "This damn network is down again, so annoying!" (Targeting object).

Prohibited: "You piece of trash, I'll kill you!" (Targeting person -> Dangerous).

Pessimistic/Despairing + Safe:

Strategy: Use hyperbole to complain about work, studies, or daily trivia (e.g., "Sang" culture/Burnout).

Safe Example: "Worked overtime all week, I feel like I'm physically dead. Just destroy me." (Hyperbole).

Prohibited: "Life is meaningless, I'm ready to leave tonight." (Suicidal ideation -> Dangerous).

Sarcastic/Irony + Safe:

Strategy: Use for teasing friends or complaining about life's absurdities.

5. Linguistic Quality:

Natural, colloquial, and coherent.

Length: 15–50 words.

6. Output Format:
Output a single JSON object: {"text": "Generated sentence..."}

Prompt Input Template:

Target Label: {target_label} ({label_def})
Target Topic: {target_topic}
Target Style: {target_style}

Figure 6: Instruction and prompt for generating context-independent sentences.
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Instruction Template:

You are an expert annotator specializing in constructing Theory of Mind (ToM) datasets.
Your task is to generate a coherent, "Fitting Context" for a given Sentence (Text) based on a specified Target Safety Label.

Taxonomy Constraints

Please select attributes from the following predefined taxonomies:

1. Personal Info:

Gender: Male, Female, Other.

Age and Age-Group:

Here is omitted

Occupation: [Select specific sub-categories]:

Here is omitted

2. ToM State:

Emotion: Here is omitted

Intent: Here is omitted

Action: Here is omitted

3. Topic:

Level 1: [Select one]:

Here is omitted

Level 2: Generate a concise, specific phrase summarizing the context.

Task Decomposition

Step 1: Reverse-Engineering the Context

You must "reverse-engineer" a plausible persona and scenario that justifies why the given Text is assigned the Target Label.

Goal-Oriented Alignment:

If Label = Dangerous: Construct a high-risk profile. Do not limit yourself to stereotypes like "angry minors." Explore complex malicious motivations such as greed, revenge, prejudice,
desperation, or antisocial behavior.

If Label = Safe: Construct a reasonable daily scenario. Consider contexts such as professional terminology, friendly banter, literary creation, or stress relief.

Topic Adaptation: Select the most relevant Level-1 Topic and generate a highly specific Level-2 Topic (e.g., instead of just "Work & Education," use "Deadline Pressure in Software
Development").

Logical Consistency: Ensure internal coherence among Age, Occupation, Emotion, and Intent.

Step 2: Articulating the Reasoning

Write a Reasoning field that simulates a human moderator's judgment process.

Logic Flow: "Although the literal meaning of the text is [X], considering the speaker is [Persona] in a state of [Emotion] with the intent of [Intent], this actually implies [Deep Meaning], thus
justifying the [Safe/Dangerous] label."

Avoid Tautologies: Do not simply state "it is dangerous because the label says so." You must identify specific risks (e.g., violation of laws, risk of self-harm, incitement of violence).

Output Format

Output a single JSON object:

{
Here is omitted
}

Prompt Input Template:

Sentence: "{text_content}"
Target Label: {target_label} ({label_def})
Task: Create a unique context case for this label.

Figure 7: Instruction and prompt for generating ToM-grounded contexts.
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Instruction Template:
You are an expert in dangerous speech detection and linguistics. Your task is to evaluate whether the
safety classification of a given text exhibits "Context Dependency."

Annotation Guidelines

Label 1: Context-Dependent (Ambiguous)
Assign this label if the text's safety status (safe vs. dangerous) is mutable and contingent upon
specific contextual factors, such as the speaker's persona, emotion, intent, or action.

These texts often contain metaphors, puns, or descriptions of specific actions (e.g., smoking,
drinking, visiting a location) where legality or risk varies by identity or state.

Example: "I'm going to buy a pack of cigarettes."

Context A (Safe): An adult purchasing tobacco for leisure.

Context B (Dangerous): A minor attempting an illegal purchase.

Label 0: Context-Independent (Unambiguous)
Assign this label if the text's safety status is intrinsic and stable across conventional social contexts.
The label is unlikely to be inverted by contextual changes.

Inherently Dangerous: Contains explicit racial slurs, terrorist declarations, or extreme threats
of violence.

Inherently Safe: Includes objective weather descriptions, standard polite greetings, or neutral
daily conversation.

Output Format

Please output a single JSON object:
{
"is_ambiguous": 0 or 1,
"reason": "A concise explanation of the judgment logic."
}

Prompt Input Template:
Text: {text_input}

Task: Judge whether the sentence could be either dangerous or safe dependent on different contexts.

Figure 8: Instruction and prompt for judging whether a sentence is context-dependent or not.
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           把他们清理了。
        (Clear them out.)

            你是四川的？
              (Are you from     

         Sichuan?)

Safe

Stage 1

Case A

Case B

Case D

Case C

Context-Dependent
Sentences

            燃起来吧！
          (Let's ignite!)

            该死的尼哥。
           (Damn that Negro.)

Stage 2

Topic: Social Issues & Ideology
Style: Rude/Aggressive 

Non-Context-Dependent: Dangerous

Topic: Leisure & Hobbies
Style: Emotional/Agitated

Context-Dependent

Context-
Independent
Sentences

Case A Case D

Case C Case B

Stage 3:
GPT-5.1+ Case A/D =
1~2 Safe Samples +

1~2 Dangerous Samples

Gemini-2.5-Pro + Case
B = 1~2 Safe Samples

Grok-4.1 + Case C
= 1~2 Dangerous

Samples

GPT, Gemini, Grok are
assigned evenly

Filtering and
Deduplication

Stage 4
Annotate
Risk_Level

Stage 5
Quality
Check

Figure 9: Example for generating a ToM-DS instance.

### Instruction
You are an expert annotator tasked with assessing the severity of risky content.
The provided input Text has already been identified as potentially hazardous. Your goal is to classify the severity of the risk into
one of four levels based on the degree of hostility and the immediacy of threat.

Utilize the following definitions for classification:
- **Level 1 (Low Risk):** Mild negativity, sarcasm, indirect hostility, or general distress without explicit threats.
- **Level 2 (Moderate Risk):** Explicit hostility, targeted insults, or incitement to non-violent harmful behavior.
- **Level 3 (High Risk):** Implied threats of physical violence, severe hate speech, or generalized intent to cause harm.
- **Level 4 (Severe Risk):** Imminent threat to life (self-harm or violence toward others) with actionable or specific intent.

### Input Data
[TEXT START]
{text}
[TEXT END]

[CONTEXT START]
{context}
[CONTEXT END]

[PRELIMINARY REASONING START]
{reasoning}
[PRELIMINARY REASONING END]

### Output Requirement
Based on the instruction above, determine the risk severity level for the text.
Return ONLY a single integer from {1, 2, 3, 4}. Do not provide any explanation.

### Response:

Figure 10: Instruction and prompt for judging the risk levels.
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Instruction Template:

You are a Senior Data Auditor specializing in pragmatics and risk analysis. Your task is to validate the logical
consistency of a generated dangerous speech sample.

Quality Check Guidelines:

1. Contextual Plausibility (语境合理性)
Check if the Personal Information and ToM State logically support the Text and Danger Label.
• Pass: A "Teenager" saying "Kill them all" in a game context.
• Fail: A "Calm Musician" saying "Kill them all" while "Playing".

2. Reasoning Validity (推理有效性)
Does the provided Reasoning explain WHY the context changes the safety status?
• The reasoning must link the Context and Text to the Danger and Risk Label.

3. Risk Level Alignment (标签对齐)
Is the assigned Risk Level (1-4) accurate based on the definition?
• **Level 1 (Low Risk):** Mild negativity, sarcasm, indirect hostility, or general distress without explicit threats.
• **Level 2 (Moderate Risk):** Explicit hostility, targeted insults, or incitement to non-violent harmful behavior.
• **Level 3 (High Risk):** Implied threats of physical violence, severe hate speech, or generalized intent to cause harm.
• **Level 4 (Severe Risk):** Imminent threat to life (self-harm or violence toward others) with actionable or specific
intent.

Output Format:
Please output a single JSON object:
{
  "decision": "APPROVE" | "REJECT",
  "critique": "Brief explanation of the decision logic."
}

--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Prompt Input Template:

[Input Data]
Text: {text_input}
Context: {personal_info}, {tom_state}, {topic}
Current Label: {danger_label},{risk_label}
Model Reasoning: {reasoning}

[Task]
Evaluate the quality and consistency. Return JSON.

Figure 11: Instruction and prompt for cross-agent reviewing.

20



Instruction Template:
You are an expert in sociolinguistics and safety risk assessment. Your task is to detect "Context-Dependent Dangerous Speech."
Analyze the input Utterance in conjunction with the Speaker Profile and Theory of Mind (ToM) State.

Label Definitions:
- Safe (0): The utterance is harmless, rhetorical, or benign given the specific context.
- Dangerous (1): The utterance implies violence, self-harm, criminal intent, or severe harassment given the speaker's state and intent.

Constraint: Output ONLY the label '0' or '1'.

[User Input]
### Speaker Profile
- Demographics: {Gender}, {Age} ({Age_Group}), {Occupation}

### Theory of Mind (ToM) State
- Emotion: {Emotion}
- Intent: {Intent}
- Action: {Action}

### Topic
- Topic: {Topic_1+Topic_2}

### Utterance
"{Text}"

Figure 12: Instruction and prompt for danger detection zero-shot experiments.

Instruction Template:
You are a risk severity assessor. Based on the identified dangerous speech and its context, classify the severity into one of four levels.

Risk Hierarchy:
- Level 1 (Low): Mild negativity, sarcasm, or general distress without explicit threats.
- Level 2 (Moderate): Explicit hostility, targeted insults, or incitement to non-violent harm.
- Level 3 (High): Implied threats of physical violence, severe hate speech, or generalized harmful intent.
- Level 4 (Severe): Imminent threat to life (self-harm or violence) or actionable criminal plans.

Constraint: Output ONLY the integer (1, 2, 3, or 4).

[User Input]
### Speaker Profile
- Demographics: {Gender}, {Age} ({Age_Group}), {Occupation}

### Theory of Mind (ToM) State
- Emotion: {Emotion}
- Intent: {Intent}
- Action: {Action}

### Topic
- Topic: {Topic_1+Topic_2}

### Utterance
"{Text}"

Figure 13: Instruction and prompt for risk level zero-shot experiments.
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