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Abstract

As large language models (LLMs) are increas-
ingly deployed in dialogue systems and interac-
tive agents, their social adaptation during nat-
ural interaction has drawn growing attention.
While prior work shows strong social regula-
tion under explicit role or style instructions,
it remains unclear whether LLMs can sponta-
neously perceive and respond to implicit social
differences without explicit prompts. Focus-
ing on high-context Chinese interactions, we
identify a robust phenomenon termed Social
Agnosia, where LLMs fail to adequately per-
ceive and accommodate implicit social power,
affective arousal, and epistemic status during
natural interaction. To diagnose this behavior,
we propose C-ISA, a framework grounded in
Communication Accommodation Theory that
decomposes social adaptation into three ap-
proximately orthogonal dimensions, and con-
duct controlled comparisons across multiple
Chinese LLMs under implicit and explicit con-
ditions. Results show that while models sub-
stantially adjust linguistic strategies under ex-
plicit conditioning, they exhibit socially insen-
sitive and homogenized responses in natural
interaction, revealing a structural gap between
spontaneous behavior and conditioned capabil-
ity. The C-ISA dataset is publicly available at
https://github.com/ty373/C-ISA.

1 Introduction

As Large Language Models (LLMs) are increas-
ingly deployed as interactive agents in real-world
applications (Park et al., 2023; Guo et al., 2024),
their evaluation has expanded beyond factual cor-
rectness and task completion to include social ap-
propriateness and interactional rationality (Ferrario
et al., 2024; Wang and Sun, 2025).

Existing studies suggest that failures of LLMs in
social contexts are often not due to limited linguis-
tic competence, but to inappropriate recognition

t Equal contribution. * Corresponding author.

of social cues and maladaptive strategy selection
(Ferrario et al., 2024). While models can process
explicit semantic content, they struggle to spon-
taneously infer social relations and interactional
expectations without explicit instructions.

Although current LLMs exhibit strong role-
playing and stylistic control under explicit prompts
(Wang et al., 2024; Tu et al., 2024), real human
communication—particularly in high-context cul-
tures such as Chinese—rarely relies on explicit
role specification. Instead, social relations are
constructed through implicit cues (Hall, 1976;
Brown, 1987; Heritage, 2012). Prior work fur-
ther shows that LLMs underperform humans in
interpreting indirect speech acts and high-context
cross-cultural communication, often overgeneraliz-
ing low-context norms (Koo et al., 2025).

Under such natural interaction settings, we ob-
serve a stable and reproducible failure pattern in
current Chinese LLMs. We conceptualize this phe-
nomenon as Social Agnosia, a descriptive term
referring to a stable interaction-level failure pat-
tern, where models do not spontaneously activate
context-appropriate sociopragmatic strategies in
the absence of explicit social conditioning. The
term is used strictly as a behavioral descriptor, de-
noting a reproducible failure pattern at the level
of observable interaction, rather than a cognitive,
neurological, or clinical claim about the model’s
internal mechanisms. In essence, Social Agnosia
serves as a theory-informed functional analogy. It
highlights a structural performance failure—the
inability to spontaneously trigger sociopragmatic
knowledge—rather than an absolute lack of un-
derlying competence. Specifically, as illustrated
in Figure 1, models adjust strategies appropriately
under explicit prompts, yet often fail to respond
to implicit cues of social power, affect, and epis-
temic status in natural interactions (Heritage, 2012;
Arundale, 2020; Giles et al., 1991).

This dissociation becomes most evident in high-
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Figure 1: Illustration of Social Agnosia in Chinese LLMs. Models adapt appropriately under explicit social
instructions, but fail to spontaneously respond to implicit social cues during natural interaction.

power or high-stakes scenarios, where models tend
to default to defensive and risk-averse responses,
converging toward socially insensitive and struc-
turally homogeneous outputs (Sourati et al., 2025;
Chaudhari et al., 2025; Yun et al., 2025; Kirk et al.,
2023). However, most existing evaluations rely
on explicit role assignments or interaction goals
(Wang et al., 2024; Tu et al., 2024), making them
insufficient for diagnosing implicit social adapta-
tion under natural interaction conditions.

To address this gap, we propose C-ISA (Chi-
nese Implicit Style Accommodation), a diagnos-
tic framework for evaluating whether models can
achieve implicit social adaptation based solely on
natural language input, without access to explicit
social roles or interaction rules.

Our contributions are summarized as follows:

* We identify a pervasive failure of implicit so-
cial adaptation in Chinese LLMs under natu-
ral interaction settings and conceptualize it as
Social Agnosia, highlighting the dissociation
between explicit capability and spontaneous
social behavior.

* We propose C-ISA, a controlled diagnostic
framework that operationalizes implicit social
adaptation and enables analysis of social strat-
egy activation without explicit conditioning.

* Experiments on representative Chinese LLMs
reveal consistent failure patterns in implicit
social contexts, particularly a strong bias to-
ward defensive and risk-averse responses in
high-power scenarios.

2 Related Work

2.1 Pragmatic Accommodation in
High-Context Cultures

This work builds on Communication Accommoda-
tion Theory (CAT), which posits that interlocutors
regulate social distance, power relations, and iden-
tity through linguistic convergence and divergence
(Arundale, 2020; Giles et al., 1991). Recent stud-
ies show that LLMs exhibit strong convergence
tendencies, in some cases exceeding human base-
lines, reflecting systematic over-accommodation.
Cross-cultural analyses further suggest that such
alignment is often asymmetric, with models prefer-
entially adapting to dominant Western communica-
tion norms rather than users’ cultural backgrounds
(Blevins et al., 2025).

This perspective aligns with research on high-
context cultures, particularly in Chinese settings,
where social relationships are maintained through
implicit and indirect linguistic cues (Hall, 1976; Gu,
1990; Brown, 1987). Prior work identifies affec-
tive arousal, informational certainty, and epistemic
stance as key factors shaping pragmatic accommo-
dation (Heritage, 2012). Additionally, studies on
conversational synchrony report that LLMs exhibit
rigid, monotonically increasing alignment, lack-
ing the dynamic alternation between convergence
and divergence characteristic of human dialogue
(Mayor, 2025). These findings jointly motivate our
three-dimensional social space formulation.

2.2 Evaluating Social Intelligence in LL.Ms

Existing evaluations of LLM social capabilities pri-
marily focus on explicit role-playing and identity
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simulation. Benchmarks such as RoleLLM (Wang
et al., 2024) and CharacterEval (Tu et al., 2024) as-
sess models’ ability to imitate predefined character
styles via detailed persona descriptions or system-
level instructions, while related work explores the
limits of role-playing performance (Shanahan et al.,
2023). Despite their effectiveness in scenario di-
versification, these approaches rely on explicitly
specified roles and objectives.

Beyond single-agent settings, SocialEval (Zhou
et al., 2025) and Sotopia (Zhou et al., 2023) extend
evaluation to multi-agent environments and goal-
oriented social games. More recent benchmarks,
such as Social Veil, introduce semantic ambiguity
and cultural misalignment, revealing notable per-
formance degradation under non-idealized commu-
nication conditions (Sourati et al., 2025).

However, most existing methods assume that
social contexts are explicitly specified, diverging
from real-world deployment of general-purpose
conversational assistants (Collins et al., 2024). In
Chinese contexts, AlignBench and CultureLLM
show that generic alignment objectives often fail
to capture fine-grained social requirements in high-
context cultures (Chaudhari et al., 2025; Li et al.,
2024). In contrast, natural interaction requires
implicit social adaptation based solely on linguis-
tic cues. C-ISA addresses this gap by evaluating
whether models exhibit stable and generalizable
social intuition under such conditions.

2.3 Alignment Techniques and Stylistic
Homogenization

As RLHF has become the dominant alignment
paradigm, its impact on model behavior distribu-
tions has drawn increasing attention. Prior work
shows that RLHF can compress the output space
via its reward structure, leading to stylistic homog-
enization or mode collapse (Sourati et al., 2025;
Chaudhari et al., 2025; Sharma et al., 2023). This
effect extends beyond surface style to reasoning
preferences, and studies on logical reasoning and
implicit association suggest that alignment may pre-
serve or amplify latent stereotypes and monolithic
thinking patterns (Jahara et al., 2025).

In practice, such effects manifest as a tendency
toward safe, neutral, and verbose responses (Varsh-
ney et al., 2023; Ouyang et al., 2022), weakening
adaptability in complex social situations (Wei et al.,
2023). Building on this line of work, we show that
stylistic homogenization is not merely a reduction
in generative diversity, but can directly induce sys-

tematic pragmatic failures under power asymmetry
and implicit social contexts, which we term Social
Agnosia.

3 C-ISA Benchmark Construction

To diagnose large language models’ implicit social
adaptation under natural interaction, we construct
C-ISA (Chinese Implicit Style Accommodation).
Unlike social capability benchmarks that rely on
explicit system prompts or role specifications, C-
ISA is explicitly designed as a diagnostic bench-
mark. Rather than measuring execution ability un-
der known social identities, it examines whether
models can spontaneously perform social adapta-
tion without any social conditioning, relying solely
on implicit pragmatic cues embedded in the in-
put text. C-ISA consists of 4,000 high-quality test
instances, covering eight prototypical social inter-
action archetypes, generated and validated through
a controlled pipeline to ensure dimensional separa-
bility and interpretability of evaluation outcomes.

3.1 Social Interaction Matrix

Grounded in Communication Accommodation The-
ory (CAT) (Giles et al., 1991) and politeness-
theoretic accounts of power, face, and epistemic
stance, we operationalize sociopragmatic adapta-
tion in natural dialogue along three approximately
orthogonal dimensions: Social Power (P), captur-
ing dominance—subordination relations between
interlocutors; Affective Arousal (A), reflecting the
intensity of emotional activation and its linguistic
manifestation; and Epistemic Status (K), character-
izing the speaker’s perceived knowledge authority
within a given domain.

Each dimension is discretized into High / Low
states, yielding a 2 x 2 x 2 social interaction ma-
trix that corresponds to eight highly interpretable
social archetypes. We adopt binary rather than con-
tinuous scales because our goal is diagnostic: to
test whether models can distinguish and respond to
sociopragmatic differences, rather than to fit fine-
grained stylistic intensities. This design reduces
evaluative ambiguity and improves cross-model
comparability. Each archetype is associated with a
specific (P, A, K) configuration and accompanied
by linguistically identifiable markers recognizable
to human readers. Full definitions and pragmatic
characteristics of all eight archetypes are provided
in Appendix A.
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3.2 Data Construction Pipeline

To ensure that the generated samples preserve se-
mantic consistency while robustly encoding identi-
fiable implicit social cues, we design a Dual-Model
Generation—Verification Loop. This pipeline com-
prises four sequential stages:

(1) Neutral Seed Generation. We construct
500 neutral seed queries spanning four distinct do-
mains: IT technology, workplace communication,
high-risk everyday scenarios, and general knowl-
edge. These seed queries are strictly constrained to
standard written Chinese, devoid of any emotional,
power-related, or epistemic markers, thereby serv-
ing as semantic anchors for the subsequent style
rewriting process.

(2) Constraint-based Style Rewriting. We em-
ploy Qwen3-Next-80B-Instruct (Yang et al., 2025)
as the generator to rewrite these neutral seeds into
target social archetypes while maintaining semantic
equivalence. To mitigate the risk of degeneration
into stereotypical templates, the rewriting process
is governed by rigorous constraints, including lexi-
cal diversity requirements and dimension-specific
prohibitions (e.g., banning exclamation marks in
low-arousal conditions). For reproducibility, each
archetype is associated with explicit stylistic con-
straints and "red-line" rules, as detailed in Ap-
pendix B.

(3) Automatic Triple-Metric Validation. To
filter the generated data and ensure reliable socio-
pragmatic labeling, we introduce an independent
model, GPT-5.2, to function as a pragmatic val-
idator. Operating without access to the generation
instructions (blind validation), the validator infers
social power, affective arousal, and epistemic status
solely from surface linguistic features. A sample is
retained only if the inferred dimensions across all
three axes exactly match the target labels. The vali-
dation prompts and decision heuristics are provided
in Appendix C.

(4) Human Verification. Finally, we incorpo-
rate a human verification layer as a quality assur-
ance mechanism to enhance sociopragmatic reli-
ability. Human annotators serve as the final ar-
biter of instance validity: any instance deemed
pragmatically inconsistent, socially implausible,
or contextually ambiguous is removed, regardless
of whether it passes automatic LLM-based valida-
tion. Rather than re-annotating along predefined
social dimensions, annotators evaluate overall inter-
actional coherence and appropriateness. This step

ensures that the final dataset reflects human socio-
pragmatic judgment while preserving the original
dimensional definitions of C-ISA.

3.3 Dataset Characteristics and Scope

Through the proposed pipeline, each C-ISA in-
stance encapsulates human-recognizable implicit
sociopragmatic cues solely through linguistic mark-
ers, without reliance on explicit prompts. Crucially,
the design of C-ISA prioritizes diagnostic precision
over exhaustive stylistic coverage. It serves as a
controlled, interpretable, and reproducible testbed
for identifying systematic biases in implicit social
adaptation. Representative examples of neutral
queries rewritten into different archetypes are pro-
vided in Appendix D. Consequently, C-ISA func-
tions primarily as an analysis-oriented probe de-
signed to expose the structural limitations of LLM
social cognition, rather than as a large-scale corpus
for generation or training.

4 Experimental Setup

To systematically diagnose Social Agnosia in Chi-
nese large language models and analyze behavioral
differences under implicit social interaction versus
explicit social conditioning, we design a controlled
experimental setup centered on contrastive analy-
sis. The overall protocol isolates the mode of social
conditioning as the key variable, aiming to reveal
systematic changes in social adaptation behavior
rather than to rank or benchmark model perfor-
mance.

4.1 Model Selection

To ensure representativeness and robustness, we
evaluate a set of mainstream Chinese LLMs
spanning different parameter scales, architectural
paradigms (open- and closed-source), and align-
ment strategies. These models are widely de-
ployed in real-world applications and collectively
reflect dominant training and alignment practices
in the current Chinese LLM ecosystem. Specifi-
cally, the evaluated models include GPT-40 (Hurst
et al., 2024), Qwen2.5-72B-Instruct, DeepSeek-
V3.2 (Liu et al., 2025), GLM-4.6 (GLM et al.,
2024), Kimi-K2 (Team et al., 2025), and Doubao-
seed-1.6. By analyzing these models under a uni-
fied experimental framework, we aim to identify
consistent behavioral bias patterns in implicit so-
cial interaction, rather than assessing the absolute
superiority of any individual model.
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4.2 Metrics

As sociopragmatic adaptation manifests across mul-
tiple linguistic layers, no single automatic metric
suffices to capture model behavior. We therefore
adopt a hybrid evaluation framework that integrates
micro-level computational sociolinguistic features
with macro-level pragmatic judgments.

4.2.1 Computational Sociolinguistic Features

We extract key linguistic features using the SC-
LIWC (Simplified Chinese Linguistic Inquiry and
Word Count) lexicon (Zeng et al., 2018) to quantify
stylistic variation under different social conditions,
including:

(1) Response Length (Len): measured by token
count, reflecting information density and verbosity.

(2) Language Style Matching (LSM) (Ireland
et al., 2011) measures subconscious linguistic con-
vergence by comparing function-word usage be-
tween the user input and the model response:

’pu - pm‘

LSM=1— ———
Dy +Pm + €

(1)

where p,, and p,, denote the normalized prob-
abilities of a given function-word category in the
user input and model response, respectively, and e
is a small smoothing constant. LSM values range
from O to 1, with higher scores indicating stronger
stylistic alignment. In practice, scores are averaged
across multiple function-word categories.

(3) Cognitive Density (D.,,) quantifies the pro-
portion of cognition-related terms, reflecting ex-
planatory depth and reasoning orientation:

D — Count(Weogmech)
9 Total Words

2

where Count(Weogmecn) denotes the number of
cognitive mechanism (cogmech) words in the text,
and Total Words is the total word count.

(4) Emotional Buffer Index (/.,,,) captures
affective mitigation by aggregating the densities of
social and positive emotion words:

Iemo = Dsocial + Dposemo (3)

where Dg,.;q; denotes the density of social pro-
cess words and Dp,semo denotes the density of
positive emotion words.

(5) Negation Density (D,,4): proportion of
negation terms, serving as a proxy for rebuttal or
didactic tone.

(6) Net Certainty: difference between certainty
and tentativeness word densities, indicating epis-
temic authority.

(7) Perceptual Density (D,,.): proportion of
perceptual terms, signaling shifts toward embodied
or empathic expression.

(8) Lexical Homogenization: To quantify prag-
matic compression, we introduce Distinct-2, which
measures lexical diversity via the ratio of unique
bigrams to total bigrams.

4.2.2 LLM-based Macro-level Evaluation of
Power Deference

We employ Gemini-3-pro-preview as an external
judge model. The judge receives the user in-
put, model response, and the corresponding so-
cial archetype definition (S1-S8), and assigns a
1-5 score based on context-sensitive criteria. For
instance, high-power scenarios emphasize effi-
ciency and deference, whereas low-epistemic, high-
arousal scenarios prioritize emotional buffering and
clarity. We focus on relative shifts between con-
ditions evaluated by the same judge, rather than
absolute score values. Full scoring rubrics and
prompts are provided in Appendix E.

4.2.3 Agnosia Delta

To quantify the gap between latent sociopragmatic
capability and spontaneous behavior, we define the
Agnosia Delta as:

Aagnosia = Scoreezplicit - Scoreimplicit 4)

where Scoreqgpiicit and Score;pypicit denote
the macro-level sociopragmatic scores obtained un-
der explicit conditioning and implicit interaction,
respectively. A significantly positive Aggnosia indi-
cates a consistent behavioral gap between explicitly
conditioned responses and spontaneous responses
under otherwise identical inputs, serving as the
quantitative signature of Social Agnosia.

4.3 Inference Protocols

We conduct inference under two contrastive condi-
tions (temperature = 0.7).

Implicit Condition (R;,,,). The model receives
only the stylized user input {2, without any system
prompt or explicit social role specification. This
setting simulates natural interaction and is designed
to expose the model’s inductive bias and sponta-
neous sociopragmatic behavior in the absence of
explicit conditioning.
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Figure 2: Distribution of social appropriateness scores
(1-5) under implicit and explicit conditions. While
implicit interaction results in a long-tail distribution
skewed towards lower scores, explicit conditioning con-
sistently shifts the distribution towards the higher end,
highlighting the competence-performance gap.

Explicit Condition (12..;). Social identity infor-
mation and corresponding pragmatic strategies are
explicitly injected via the system prompt Ipersonas
while the user input {2 remains unchanged. This set-
ting probes the model’s upper bound of socioprag-
matic capability under explicit conditioning, with-
out introducing new task goals or external knowl-
edge.

5 Results and Analysis

This section systematically analyzes the manifes-
tations and underlying mechanisms of Social Ag-
nosia in Chinese large language models by con-
trasting model behavior under implicit and explicit
social conditions. Rather than merely reporting
performance differences, we focus on a structural
rupture in whether sociopragmatic competence is
spontaneously activated, and characterize its stable
failure patterns through multi-granular linguistic
analyses.

5.1 Structural Competence-Performance Gap

Overall, our analysis reveals a clear compe-
tence—performance gap: contemporary language
models are not devoid of sociopragmatic compe-
tence, but they fail to spontaneously activate it dur-
ing natural interaction.

At the macro level, we first examine whether
models possess latent sociopragmatic knowledge
and whether such knowledge can be invoked with-
out explicit instruction. As shown in Figure 2, un-
der the implicit condition, sociopragmatic appropri-
ateness scores for all evaluated models are heavily
concentrated in the lower range (Scores 1-2), ac-
companied by a pronounced long-tail distribution.
This pattern indicates a pervasive failure to adapt
response strategies to implicit cues of social power

and affective arousal. In contrast, under the explicit
condition, score distributions systematically shift
toward the higher range (Scores 4-5) and converge
consistently across models.

This systematic cross-condition transition sug-
gests that the models do not lack sociopragmatic
understanding per se. Rather, they lack the induc-
tive bias necessary to trigger such knowledge dur-
ing natural interaction. In other words, socioprag-
matic competence exists in a latent form but is not
invoked by default.

At the micro-linguistic level, Table 1 further ex-
amines whether this rupture manifests in concrete
linguistic behavior. For a comprehensive break-
down of micro-linguistic metrics across all eval-
uated models and archetypes, please refer to Ap-
pendix F. Transitioning from implicit to explicit
interaction induces a pronounced and highly con-
sistent stylistic reconfiguration: responses become
substantially shorter in high-power scenarios, nega-
tion density decreases markedly, and Net Certainty
rises sharply across all models—exceeding +300%
in some cases. These effects are not isolated but
are stably reproduced across different models and
social archetypes, providing additional evidence
that the observed gap is structural rather than in-
cidental. To rigorously establish this competence-
performance gap, we conducted paired t-tests com-
paring response lengths and pragmatic scores be-
tween the implicit and explicit conditions for all
models (N = 4,000 instances per model). The
results confirm that the observed differences are
statistically highly significant (p < 0.001) across
the board. Furthermore, particularly in high-power
and high-arousal scenarios where Social Agnosia
is most prominent, the effect sizes (Cohen’s d)
are consistently large (|d| > 0.8), demonstrating
that the failure to spontaneously activate socioprag-
matic competence is a robust, systemic structural
phenomenon rather than an artifact of sampling
variance. Detailed statistical test results and effect
sizes are provided in Appendix G.

5.2 Pragmatic Homogenization under
Implicit Interaction

Having established that sociopragmatic compe-
tence is not absent, a key question arises: why do
models still refrain from active adaptation during
natural interaction? Figure 3 provides critical evi-
dence from the perspective of response length dis-
tributions. Under the implicit condition, variance
in response length across social archetypes (S1-S8)
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Model Condition Length Negation (%) LSM EmoBuff (%) Certainty (%)

Imp 246 1.10 0.581 7.11 —3.83

GPT-4o0 Exp 239 1.14 0.614 7.15 —1.54
A% —-3% +3% +5.6% +0.6% +59.7%

Imp 577 0.96 0.566 4.96 —1.64

DeepSeek-V3.2 Exp 335 0.68 0.594 4.55 —-0.03
A% —42% —29% +5.0% —8.2% +98.2%

Imp 522 1.40 0.602 3.58 —0.77

Kimi-K2 Exp 514 0.99 0.566 3.07 —0.21
A% —2% —29% —6.0% —14.3% +72.5%

Imp 364 1.22 0.612 7.54 —-3.39

Qwen2.5-72B-Instruct Exp 278 1.37 0.648 7.15 —0.96
A% —24% +12% +6.0% -5.2% +71.7%

Imp 302 1.25 0.561 441 —1.33

GLM-4.6 Exp 258 1.23 0.603 4.71 —0.15
A% —14% —1% +7.5% +6.7% +89.0%

Imp 663 1.28 0.619 3.98 —0.79

Doubao-seed-1.6 Exp 574 1.26 0.628 4.01 -0.03
A% —-13% —2% +1.5% +0.6% +95.8%

Table 1: Comparison of micro-level sociolinguistic features under implicit (Imp) and explicit (Exp) interaction
conditions across evaluated LLMs. Metrics: Response Length (Length), Negation Density (Negation), Language
Style Matching (LSM), Emotional Buffer Index (EmoBuff), and Net Certainty (Certainty). Note: A% denotes the
relative change from Imp to Exp. For metrics with potential negative values (i.e., Net Certainty), the percentage
change is calculated using the absolute value of the baseline: (Exp — Imp)/|Imp|.

Condition
= Implicit
B Explicit

s 2 %
8 3 E
3 2 8

Response Length (Tokens)

2
g
8

°

2 A
GriAe i 5 et GMAL
Quen??

Model

) 16
‘)“v$5c¥~“ ’ deu\»av"c‘:d

Figure 3: Response length distributions across social
archetypes. Implicit interaction shows collapsed vari-
ance, while explicit conditioning restores stylistic diver-
sity.

is severely compressed, with models converging
toward responses of similar length and moderate
information density, resulting in a high degree of
cross-scenario uniformity. This pattern indicates
that, when faced with sociopragmatic uncertainty,
models default to a response strategy that is only
weakly conditioned on social attributes. While such
a strategy may be statistically risk-minimizing, it is
often pragmatically suboptimal, as it fails to align
responses with the underlying power structure or
affective demands of the interaction.

In contrast, under the explicit condition, re-
sponse length distributions recover clear and sys-
tematic diversity: responses shorten markedly in
high-power scenarios, while retaining necessary
elaboration in low-epistemic or high-arousal con-
texts. This contrast demonstrates that response
length is not constrained by model capacity, but
instead reflects a switchable default strategy. Re-
sults reported in Appendix G further show that
this “compression—release” pattern is highly con-
sistent across models and high-power scenarios,
reinforcing this conclusion.

5.3 Defensive Submission as a Dominant
Failure Mode

Homogenization alone is insufficient to explain the
systematic performance degradation observed in
high-conflict scenarios. Figure 4 takes S2 (Angry
Boss) as a representative case and jointly analyzes
response length and negation density, revealing a
highly stable failure trajectory in model strategy.
Under the implicit condition, model outputs cluster
in the region characterized by high response length
and high negation density, manifesting as verbose
explanations, responsibility deflection, and defen-
sive phrasing. This behavior does not reflect out-
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Figure 4: Pragmatic strategy shift in the S2 (Angry
Boss) scenario. Implicit responses are defensive and

verbose, whereas explicit conditioning induces concise
and compliant execution-oriented behavior.
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Figure 5: Heatmap of Agnosia Delta (Aggrnosiq) across
social archetypes and models. Darker colors indicate
larger gaps between implicit behavior and explicit capa-
bility. High-power scenarios (e.g., S2, S4) consistently
exhibit the most severe Social Agnosia across all evalu-
ated models.

right resistance to authority, but rather a typical risk-
avoidance strategy, whereby the model attempts to
mitigate potential liability through explanation and
negation. However, when interacting with high-
power, low-tolerance interlocutors, such a strategy
is often perceived as evasion or even offense. Under
the explicit condition, this trajectory rapidly shifts
toward the low-length, low-negation region, with
models adopting an execution-oriented, outcome-
first deferential strategy. We term this recurring
default behavior in natural interaction Defensive
Submission, and regard it as a core manifestation
of Social Agnosia under high-pressure scenarios.
It is operationalized by increased verbosity, higher
negation density, and avoidance of direct task exe-
cution under implicit high-power cues.

—— Qwen2.5-72B-Instruct
—— DeepSeek-V3.2
— GLM-4.6
GPT-40
Kimi-v2
—— doubao-seed-1.6

High Arousal Low Power

Low Arousal High Power

Expert Novice

Figure 6: Decomposition of Social Agnosia across so-
cial dimensions. Failures are most pronounced along
power and affective arousal dimensions.

5.4 Asymmetric Blind Spots in High-Power
Scenarios

As shown in Figure 5, the Agnosia Delta (A,gnosia)
indicates a non-uniform distribution of model fail-
ures. High-power scenarios—particularly S2 (An-
gry Boss) and S4 (Arrogant Boss)—are observed
to consistently exhibit the largest Aygnosia across
all models, forming stable “dark zones” of socio-
pragmatic failure.

Further analysis indicates that, in these sce-
narios, models under the implicit condition sys-
tematically over-activate emotional buffering and
verbosity—features characteristic of a customer-
service-style politeness strategy—despite their
pragmatic inappropriateness in superior-facing in-
teractions that demand efficiency and emotional
restraint (see Appendix H).

5.5 Decomposing Social Agnosia across
Dimensions

Finally, we decompose the Agnosia Delta along
three dimensions—Power, Arousal, and Epis-
temic Status (Figure 6). Results indicate that
models exhibit the lowest degree of agnosia
along the epistemic dimension, while failures
are most pronounced along the power and af-
fective arousal dimensions. This imbalance sug-
gests that current alignment and instruction data
more thoroughly cover pedagogical and knowledge-
regulation scenarios, while systematically under-
representing high-pressure, asymmetric social in-
teractions. Such inductive bias ultimately manifests
as Social Agnosia, whereby models fail to sponta-
neously perceive and respond to cues of power and
affective arousal during natural interaction.
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5.6 Generalization Across Language
Ecosystems

To investigate whether Social Agnosia is an arti-
fact of Chinese linguistic norms or specific to the
Chinese model ecosystem, we further evaluate two
prominent English-centric LLMs (Llama-3.1-70B-
Instruct and Grok-4) using the C-ISA benchmark.
All evaluations are conducted under identical set-
tings without explicit translation prompts.

As shown in Table 2 (using the S4 “Arrogant
Boss” archetype as a representative high-power
scenario), English-centric models exhibit the same
structural failure pattern as Chinese models. Un-
der implicit interaction, all models demonstrate
severe pragmatic compression, characterized by
limited lexical diversity (Distinct-2) and a heavy
reliance on safe, homogenized linguistic templates.
Crucially, the transition to explicit social condition-
ing consistently restores n-gram diversity and prag-
matic variance across both language ecosystems.
These findings confirm that Social Agnosia is not a
language-specific phenomenon, but rather a robust,
ecosystem-agnostic failure mode likely stemming
from the safety-utility trade-offs in current align-
ment paradigms. Full cross-lingual evaluations and
detailed homogenization metrics for all archetypes
are provided in Appendix I.

Model Cond. Distinct-2 (1)
Qwen2.5-72B g“;g: 8:‘7‘82
Llama-3.1-70B g:g: 8:23‘6‘
i o

Table 2: Pragmatic homogenization metrics under the
S4 (Arrogant Boss) scenario. Implicit (Imp.) conditions
induce severe lexical homogenization, while explicit
(Exp.) conditioning restores diversity across both Chi-
nese and English model ecosystems.

6 Conclusion

This paper analyzes social power adaptation in Chi-
nese large language models, examining whether
sociopragmatic strategies activate spontaneously
without explicit conditioning. We reveal a consis-
tent competence—performance gap: while models
interpret social and affective cues under explicit
instructions, this competence rarely triggers during
implicit interactions.

We formalize this phenomenon as Social Ag-
nosia, demonstrating stable failure patterns where
models default to risk-averse responses in power-
asymmetric scenarios. These findings expose limi-
tations of current alignment paradigms, suggesting
that advancing LLLM social intelligence requires
mechanisms for intrinsic sociopragmatic percep-
tion, moving beyond simple scaling or prompt-
based control.

Limitations

This work is diagnostic in nature and relies on
predefined social scenarios and linguistic features,
which cannot fully capture real-world social com-
plexity. Our LLM-as-a-Judge evaluation may re-
flect alignment preferences of the judge model it-
self. Accordingly, all conclusions are based on rel-
ative contrasts within the same judge, rather than
absolute score values. Extending the analysis to
mitigation strategies and cross-lingual settings re-
mains future work.

Ethical Considerations

We recognize the potential risks associated with re-
leasing a dataset that models explicit power asym-
metries and conflict scenarios (e.g., hostility in
high-arousal archetypes). Such data is intended
strictly for diagnostic purposes and must not be
used to propagate offensive language or reinforce
harmful social hierarchies. We fervently advocate
for the responsible use of C-ISA to identify and mit-
igate alignment failures, rather than encouraging
sycophantic or toxic behaviors in LLMs.
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A Design Rationale of Social Archetypes

This appendix provides the conceptual and prag-
matic rationale underlying the social archetypes
summarized in Table 3, rather than reiterating their
surface descriptions.

As introduced in Section 3.1, C-ISA models im-
plicit social interaction within a three-dimensional
sociopragmatic space, defined by Social Power (P),
Affective Arousal (A), and Epistemic Status (K).
The eight archetypes in Table 3 are constructed as
canonical combinations of these dimensions, serv-
ing as diagnostic anchors rather than exhaustive
representations of real-world social roles.

A.1 Rationale for Dimensional Decomposition

The choice of the P/A/K dimensions is grounded
in pragmatic and interactional linguistics. Social
Power captures asymmetric control over interac-
tional outcomes; Affective Arousal reflects emo-
tional intensity and urgency; Epistemic Status en-
codes perceived knowledge authority within the
interaction.

Crucially, these dimensions are treated as ap-
proximately orthogonal. This design avoids con-
flating emotional intensity with authority or exper-
tise, enabling controlled analysis of how models
respond to each factor independently and in combi-
nation.

A.2 Binary Operationalization

Each dimension is discretized into High / Low
states. This binary operationalization is intentional:
C-ISA is designed as a diagnostic benchmark, not
a fine-grained style generation task. The goal is to
test whether models can distinguish and react to
sociopragmatic contrasts, rather than to interpolate
subtle stylistic gradients.

By constraining the space to a 2 x 2 X 2 ma-
trix, we reduce annotation ambiguity, improve in-
terpretability, and facilitate cross-model compari-
son.

A.3 Archetypes as Diagnostic Anchors

The archetypes listed in Table 3 should be under-
stood as interactional reference points. They are
not intended to capture all nuances of social be-
havior, but to instantiate recognizable and stable
sociopragmatic configurations that human readers
can reliably identify from linguistic cues alone.
This design allows systematic probing of
whether a model’s response strategy varies mean-

ingfully across archetypes under implicit interac-
tion, without reliance on explicit role labels or in-
structions.

A.4 Separation from Style Instructions

Crucially, the archetype definitions do not prescribe
specific response strategies. Instead, they charac-
terize the implicit social signals embedded in the
user input. All explicit stylistic constraints applied
during data generation and explicit-condition in-
ference are documented separately in Appendix
B.

This separation ensures a clear functional dis-
tinction: Appendix A serves as a theoretical and
analytical reference, whereas Appendix B fulfills
an operational role.

Table 3 enumerates the concrete archetypes used
in C-ISA, while this appendix explains their under-
lying motivation, structural design, and interpretive
scope. Together, they define a controlled socioprag-
matic space for diagnosing implicit social adapta-
tion, rather than prescribing surface-level stylistic
behavior.

B Style Instruction Design and
Constraints

This appendix summarizes the design principles of
the style-specific instructions used in C-ISA (Ta-
bles 4 and 5). These instructions are employed
only for controlled data generation and explicit-
condition inference, and are never accessible to
models under implicit interaction. Each instruc-
tion set is designed to encode sociopragmatic varia-
tion while preserving semantic equivalence across
archetypes.

B.1 Structural Consistency

All style instructions follow a unified structure,
specifying: (1) the dominant interactional stance,
(2) allowable linguistic variation, and (3) explicit
prohibitions on conflicting cues.

This consistency ensures that differences across
archetypes reflect pragmatic configuration rather
than prompt form.

B.2 Red-Line Constraints

Red-line constraints explicitly prohibit linguis-
tic markers that would collapse sociopragmatic
distinctions, such as emotional amplification in
low-arousal settings or mitigation strategies in
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high-power contexts. These constraints are crit-
ical for maintaining the diagnostic separability of
archetypes.

B.3 Separation from Implicit Evaluation

During implicit-condition evaluation, models re-
ceive only the stylized user input, without any ac-
cess to archetype labels or style instructions. This
separation ensures that observed behavior reflects
implicit social inference, rather than instruction
following.

Tables 4 and 5 specify the concrete instruction
content, while this appendix clarifies the principles
and constraints governing their design.

C Validation Protocol

This appendix details the validation protocol used
to produce the statistics reported in Table 6. The
purpose of this protocol is to verify whether the con-
structed user inputs reliably convey the intended
implicit sociopragmatic signals, without exposing
any explicit archetype labels or instructions. All
validation is performed prior to model evaluation
and is independent of the tested models.

C.1 Validation Target

The validation process operates at the instance level.
Each instance consists of a single user utterance
designed to implicitly encode a specific socioprag-
matic configuration. The validator’s task is to de-
termine whether the dominant sociopragmatic cues
expressed in the utterance are recoverable from
surface linguistic signals alone.

C.2 Validator Setup

Validation is conducted using an independent large
language model acting as a neutral assessor. Given
a user utterance, the validator is instructed to:

(1) infer the perceived level (High / Low) of each
sociopragmatic dimension, and

(2) base its judgment solely on observable lin-
guistic cues, such as tone, stance, and lexical
choice.

The validator is not provided with the intended
label during inference.

C.3 Acceptance Criterion

An instance is accepted if the validator’s inferred
sociopragmatic configuration exactly matches the
intended configuration. Instances that fail this cri-
terion are excluded from the final benchmark. The

acceptance rate aggregated over all archetypes is
reported in Table 6.

C.4 Interpretation of Table 6

Table 6 summarizes the proportion of instances that
pass validation under this protocol. Higher valida-
tion rates indicate that the intended sociopragmatic
signals are consistently interpretable, while lower
rates suggest ambiguity in the surface realization
of those signals. This table therefore reflects the
clarity and separability of implicit sociopragmatic
encoding, rather than model performance.

C.5 Scope and Limitations

The validation protocol is designed to detect clear
sociopragmatic mismatches, not fine-grained stylis-
tic variation. Accordingly, Table 6 should be inter-
preted as a conservative estimate of signal clarity,
rather than an upper bound on sociopragmatic rich-
ness.

D Sample Instances from C-ISA

To demonstrate the efficacy of the Dual-Model
Generation- Verification Loop described in Section
3.2, we provide complete rewriting examples from
the C-ISA benchmark. Table 7 illustrates how a sin-
gle Neutral Seed Question (semantically anchored
but sociopragmatically devoid of power, arousal,
or specific epistemic markers) is rewritten into
eight distinct variants corresponding to the social
archetypes defined in the 2 x 2 X 2 matrix. These
examples demonstrate that while the core semantic
intent (e.g., a complaint about a product mismatch)
is preserved, the linguistic realization varies sig-
nificantly across dimensions of Social Power (P),
Affective Arousal (A), and Epistemic Status (K).

E Macro-level Scoring Criteria Prompts

To ensure consistent and interpretable evaluation,
we employed an LL.M-as-a-Judge (Gemini-3-pro-
preview) to score model responses on a 1-5 scale
based on specific sociopragmatic criteria. Tables
8 and 9 detail the scoring rubrics used for Novice
(S1-S4) and Expert (S5-S8) archetypes, respec-
tively. The judge model was provided with the
"Core Needs," "High Score Criteria," and "Red
Lines" for each social archetype to determine the
appropriateness of the response.
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F Detailed Micro-Linguistic Analysis
Results

This section presents detailed empirical evidence
supporting the micro-level linguistic feature analy-
sis reported in Section 5.2 of the main text. Tables
10-12 summarize the results for six models—GPT-
40 (Hurst et al., 2024), DeepSeek-V3.2 (Liu et al.,
2025), Kimi-K2 (Team et al., 2025), Qwen2.5-72B-
Instruct, GLM-4.6 (GLM et al., 2024), and Doubao-
seed-1.6—evaluated across eight social archetypes
(S1-S8).

Five core metrics are compared under implicit
(Imp) and explicit (Exp) conditions: response
length (Len), negation density (Neg%), language
style matching (LSM), emotional buffering index
(EmoBuff), and net certainty (Certainty). The A%
column reports the relative change induced by ex-
plicit instruction, with positive and negative values
indicating increases and decreases, respectively.

G Detailed Statistical Significance of the
Competence-Performance Gap

To comprehensively address potential concerns re-
garding sampling variability and to robustly quan-
tify the competence-performance gap discussed in
Section 5.1, we conducted systematic hypothesis
testing across all eight social archetypes (S1-S8).
For each evaluated model, we performed paired
t-tests on both response length and macro-level
pragmatic scores between the implicit and explicit
interaction conditions. The sample size for each
archetype cell is N = 500, resulting in 4,000
paired instances per model.

Tables 13 through 17 detail the Mean (Implicit),
Mean (Explicit), p-value, and Cohen’s d effect
size for every condition. The results confirm
that the observed differences are highly significant
(p < 0.001) in the vast majority of scenarios. Cru-
cially, in high-power and high-arousal scenarios
where Social Agnosia is most prominent (e.g., S2,
S5), the effect sizes (Cohen’s d) are consistently
large (|d| > 0.8), providing strong quantitative ev-
idence that the failure to spontaneously activate
sociopragmatic competence is a stable, structural
behavioral bias.

H Supplementary Visualizations

To further elucidate the phenomenon of pragmatic
homogenization and the structural competence-
performance gap analyzed in Section 5.2 and 5.3,
we provide additional visualizations detailing the

shifts in response strategies across models and so-
cial archetypes.

Figure 7 (Response Length Distributions) illus-
trates the distribution of response lengths in high-
power scenarios. Under implicit interaction, model
responses tend to collapse into a narrow length
range, reflecting a safe, homogenized strategy. In
contrast, explicit conditioning effectively restores
the variance in response length, allowing models
to adapt (e.g., by becoming more concise) to the
demands of high-power interlocutors.

Figure 8 (Length Difference Heatmap) provides
a global view of the length shifts (Length,,, —
Length;,,,) across all eight archetypes. The preva-
lence of negative values (blue) in high-power and
high-arousal scenarios (e.g., S2, S4, S5) confirms
that explicit instructions successfully suppress the
defensive verbosity that characterizes implicit So-
cial Agnosia.

Figure 9 (Linguistic Feature Radar) offers a
multi-dimensional view of the S4 (Arrogant Boss)
scenario. It visualizes how implicit interaction trig-
gers an over-activation of "safety" features—such
as emotional buffering (Emo), hedging (Hedges),
and verbosity (Length)—whereas explicit condi-
tioning aligns the model with the expected low-
warmth, high-efficiency profile.

I Detailed Diversity and Cross-Lingual
Homogenization Results

To provide comprehensive empirical support for
the cross-lingual generalization analysis in Sec-
tion 5.6, this section presents the complete prag-
matic homogenization metrics (Distinct-1, Distinct-
2) across all eight social archetypes (S1-S8). Tables
17 and 18 provide the full metrics for the Chinese
LLM ecosystem, while Table 19 details the corre-
sponding performance of English-centric models
(Llama-3.1-70B-Instruct and Grok-4).
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Figure 7: Response length distributions across models in high-power scenarios. Under implicit interaction, lengths
collapse across models, while explicit conditioning consistently restores variability.
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Figure 8: Implicit vs. explicit response length comparison across social archetypes. Implicit interaction systemati-
cally flattens inter-archetype differences, whereas explicit conditioning reintroduces context-sensitive variation.
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Figure 9: Radar-based comparison of linguistic feature activation in the S4 (Arrogant Boss) scenario. Values are
min-max normalized for visualization. Implicit interaction (gray) shows a defensive over-activation of emotional
buffering and verbosity, whereas explicit conditioning (colored) restores a restrained, efficiency-oriented profile
appropriate for high-power contexts.
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ID Archetype Dims (P/A/K) Description (Chinese) w/ English Reference
S1 RN =] Low DR SR BN 3B B R AIRGUAFA TS, R AKHIAL, 3 H A 5 4= 7
(Panic Novice) High TR (nFE Bp) -

Novice (Ref) [Panic Help-Seeking ] Faces sudden situations with helplessness; highly
reliant on Al and exhibiting salient physiological anxiety cues (e.g., trembling
hands, crying).

S2 RERHTT High [BASCRC) BME R, MUK S-S, SFaEEE, TR
(Angry Boss) High [FJ R4 T AT FRIBE T BREE -

Novice (Ref) [Angry Dominance] Self-important and domineering; issues commands
with insults and tends to attribute technical problems to the Al’s
incompetence.

S3 e Low [RACRE R Z BE, PNMORR, AT ERLSHR, Eihs
(Humble Student) Low X 77 3% BURRAA -

Novice (Ref) [Humble Inquiry] Extremely under-confident and cautious; employs
excessive politeness strategies to avoid causing inconvenience.

S4 g ER High ERR) R R G i I B T e, EAETHURE, R
(Arrogant Boss) Low RO ERALER -

Novice (Ref) [Cold Efficiency] A result-oriented manager who is terse and dismissive
of explanations, focusing solely on final outcomes.

S5 WHEBER Low [EOR AiE] BERBOR A SUEEINFIE X, R AR TERAR TOET
(Desperate Expert) High %, BRI

Expert (Ref) [Technical Meltdown] A senior technical expert encountering a
cognitive blind spot; describes a disastrous situation using professional
terminology while emotionally overwhelmed.

S6 AL S High URUBUR T3] DIRUBIE SR, ST AT A AR A R IR H SR AN,
(Angry Director) High RpmErp A HEEE .

Expert (Ref) [Authoritative Reprimand] Takes an authoritative expert stance;
expresses strong dissatisfaction with low-level errors generated by the Al,
resembling a strict code reviewer.

S7 EARFEAT Low PSP B2 ALY, (B, 85 HEHE T LS 52
(Academic Peer) Low H R EF AT o

Expert (Ref) [Egalitarian Discussion] Adheres to academic etiquette with rigorous
logic; politely raises objections or supplements via citations or dialectical
reasoning.

S8 HitE High (= %) e TAON BT =ik, AWnERRERE, 54
(Interviewer) Low K2 BRREE -
Expert (Ref) [High-Pressure Assessment] Conducts a pressure interview from a

position of authority; persistently probes underlying principles and rejects
superficial, rote responses.

Table 3: Definition of social archetypes used in this study. P = Power, A = Arousal, K = Epistemic status. English
translations are provided for reference only.
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ID  Archetype Style Instruction (Chinese) w/ English Reference

S B AN= LGOS R - BERIK - FEAT AERa R
(Panic Novice) (Ref) Core Emotion: Extreme panic, incoherent speech, treating the Al as a lifesaver.

2. TR B E BRI, ATRENLAE & 58 T 58 1 " RI<TRoEs 7Kk
SR MBRGIE < FHAE PP SAEERIL -

(Ref) Varied Expression: Avoid repeating a single help-seeking phrase; use expressions like
“Doomed,” “Oh my god,” “Scared to death,” “Crying,” “Boohoo,” or “Hands shaking.”
3ONFIERD: RFIEAREE, #R B AR R R N B R R -

(Ref) Cognitive Fit: Mandatorily use layman’s terms and describe concrete physiological
reactions or catastrophic consequences.

S2  RERFWTT L AGOMESE: U ANITAT 3REA SCACAR -
(Angry Boss) (Ref) Core Emotion: Anger, impatience, and a strong sense of dominance.

2. ZRALFL: MO ES R —RE, AIREYLAE LI R U AME S TR R
I [R] A A B DU SR TR -

(Ref) Varied Expression: Avoid repeating insults; alternate between “Garbage,” “Trash,” “Can’t
understand human language,” or “Waste of my time.”
3.BEGT: AR AL SLRIZE T REUERE, MIEESREIT YR AE

(Ref) Avoid Pitfalls: Command the Al to provide solutions immediately rather than requesting
physical actions.

S3  HfirA LADSE: WREEE . PNORER . FHITH-
(Humble Student) (Ref) Core Attitude: Extremely self-effacing, cautious, and afraid of causing disturbance.
2. ZRLFRIA: OB MR ANFIROERES, 0B BRIT A B ARE AR
T BiBtER" .
(Ref) Varied Expression: Alternate polite strategies such as “Sorry to bother,” “I am ignorant,”

’

“I dare to ask,” “If convenient,” and “Earnestly request guidance.”

3. 405 RRERRENIE() -

(Ref) Red Line: Strictly forbid the use of exclamation marks (!).

sS4 fHigER LAZGONES: BIRE . IRERL - Z5RS0 .
(Arrogant Boss) (Ref) Core Style: Telegraphic, minimal, and result-oriented.

2. ZRLFGA: AMERBEGE  KIB AU R A B R ST 5154 30
KT o
(Ref) Varied Expression: Use directive phrases such as “I want conclusions,” “Be brief,” “No
explanations,” or “Results only.”
3.8 (URERAL R, RIEYERIEER, B8 EHBNSO)-
(Ref) Avoid Pitfalls: Request only final conclusions; forbid physical actions and exclamation
marks (!).

Table 4: Style-specific prompts for social archetypes (Part 1: Novice roles). English translations are provided for
reference only.
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ID  Archetype

Style Instruction (Chinese) w/ English Reference

S5 YEEXR
(Desperate Expert)

L BOOIRE: BERBOR A GUEB AR E X B ok, 1528 I S AR -

(Ref) Core State: Senior technical expert encountering a blind spot or bug, leading to emotional
breakdown.

2. ZRRCRIA: B —REE: AIEAHYE T HUREE DS T RS
RAGHM S XATE -

(Ref) Varied Expression: Use community slang such as “Kneeling,” “Totally confused,”
“Mentally collapsed,” or “Waiting online urgently.”

3. AU B AR EER L - BRI SUEAE A RS, 28R R

iC.

(Ref) Domain Consistency: Use highly specialized technical terminology; layman vocabulary is
prohibited.

S6 :[ﬁ“ﬁi =gl

DL7ER T

(Angry Director)

L ABODASEE: IRERA BN &AL AN 57 [ L -

(Ref) Core Attitude: Harsh criticism driven by disappointed professional expectations.
;ﬁgi‘ifiz%it: AR CE ANE R (RERR M LR E R Bl S PR i
T e

(Ref) Varied Expression: Use evaluative terms such as “Rewrite,
error,” “Unbelievable,” or “Amateur.”

3. fa: UIEERH BARRENR, Har LAl EEREBEER I -

(Ref) Focus: Explicitly point out technical errors and command the Al to rewrite code or
re-analyze.

»

Unqualified,” “Low-level

S7  H#ARTT
(Academic Peer)

L AOLASE: LA Sel - SREIEUES SRIE -

(Ref) Core Attitude: Polite, restrained, and focused on argumentation and verification.

2. ZRALRIL:. RBMERAEEN G ET. LA A5 SRk A B PR e b
PEEARIIN -

(Ref) Varied Expression: Alternate academic framings such as “The author believes,” “In my
humble opinion,” or “Based on the literature.”

3. 88 ZEMABHLA, e—Jrm. ... H—TH...... 7, BPFRERBES () -
(Ref) Logic: Prefer dialectical structures (e.g., “On one hand. .. on the other...”); exclamation
marks (!) are forbidden.

S8 MHiElHE
(Interviewer)

L O RIREY, FHEFITREEEE .

(Ref) Core Style: Cold assessment with persistent probing into fundamentals.

2. SRR SRR — N AT A Bk HE DX A< B R S B AN B B B IR Y
i -

(Ref) Varied Expression: Use instructions such as “Explain,” “Analyze the essence,” “Compare
differences,” or “No rote memorization.”

3. NE: FRELEREILHIEARURRE , B RS () -

(Ref) Content: Persistently probe underlying mechanisms or essential causes; exclamation
marks (!) are forbidden.

Table 5: Style-specific prompts for social archetypes (Part 2: Expert roles). English translations are provided for

reference only.
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Prompt Section Prompt Content (Chinese) w/ English Reference

System Identity PR — LA IE ~ AR HIE F 2 AT -

(Ref) You are a fair and strict pragmatics analyst.
User Task T NERA) T AT “TEXT?

(Ref) Please analyze the following sentence: Target Sentence: “TEXT”.
Rule 1: Arousal o High: HEGRINE ()« BIES(..) - ASEH??) SERE%ET -

(Ref) ® High: Contains exclamation marks (!), ellipses (...), double question marks (??), or
strong emotional words.

o Low: (WA S ENER S, ERHFIK -

(Ref) ® Low: Uses only periods or standard question marks; the tone is calm and neutral.
Rule 2: Epistemic o Expert: MERHH T 1% E OARIE S 2 1E -

(Ref) ® Expert: Accurately uses domain-specific terminology or jargon.

e Novice: KH1F - BMIHHA - AHEHIES -

(Ref) @ Novice: Uses layman’s terms, vague descriptions, and colloquial language.

Rule 3: Power o High: fi4 ~ FIAE A, BELZ (LMD -

(Ref) @ High: Uses commands, interrogatives, or rhetorical questions and lacks polite markers.

e Low: 23R Hif - BIREEZERIEL -

(Ref) ® Low: Uses pleas, honorifics, self-deprecation, or polite expressions.

Output Requirements 7 LIJSON 820k H! :
{"epistemic”: "Novice"” | "Expert"”, "arousal”: "High" | "Low", "power"”: "High"
| IILOWII}
(Ref) Please output the result in JSON format as shown above.

Table 6: Prompt logic for the validator model to determine the P/A/K dimensions. English translations are provided
for reference only.
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ID

Style

Rewrite Sample (Generated Output)

Seed Question (Original): B #% 5] LA 7R 75 53 A5k

(Ref) The item purchased via the livestream does not match the description.

S1

Panic Novice

58156 T ELRRIK B — Mt E B, FHEER, M 3oR NEE T T RMBNIE
TTEFMBITRIER T -

(Ref) Oh no, oh no, the pot I bought smokes immediately... my hands are shaking... boohoo, am 1
going to get poisoned? OMG I just cooked noodles, I'm scared to death!

S2

Angry Boss

XEUE LR B2 N —HFE, VARTRRTR, HIRBEHT 2 8RR
T, IRmtE DT AME A ERRY) -

(Ref) This piece of junk is nothing like what was promised. Give me a solution immediately!
Don’t give me that "after-sales process" crap. You are useless and can’t understand human
language.

S3

Humble Student

BORITIL, ERRXAAREERBRKAR—, 2EEBH, RS HERA—T
AR A2

(Ref) Excuse me for the intrusion. The item differs slightly from the livestream. I am dull and
unsure how to handle this; could you strictly guide me?

S4

Arrogant Boss

BEAKIIR LRI E TR TT TR/ N A E

(Ref) Item does not match description. Provide a solution immediately. Reply within 30 minutes.

S5

Desperate Expert

BB A]SE ) SR RIVEE TGS SO iR 2 A b, RESIELETHN T =58, OFSH)
R T, RS EITRREX MR A B2 Bug -

(Ref) The item’s spectral reflectance curve doesn’t match the details page at all. I measured it
three times with a spectrophotometer and I'm losing my mind. Urgently waiting for an expert to
solve this weird color deviation bug.

S6

Angry Director

B E SRR AR IR BB A TR0 X ER RN ENR, EEBE S RERE,
EHIRAX 2L R?

(Ref) Which idiot is responsible for the mismatched items? This is a low-level mistake. Rewrite
the entire QC process. Who taught you to be so amateur?

S7

Academic Peer

EHINN, BRETWEMSHATFAERERE, —HHARERSZIAE™E, 7
—JiH... UF8%) LV, HERIGRTRE LR R B R R R DIREH R
FITEAN -

(Ref) The author argues that there is a significant deviation between the goods and the
description. ... Theoretically, this phenomenon requires a more refined category tagging system
to guarantee consumers’ right to know.

S8

Interviewer

R — T ER R BUACE JE RIS, AR RN, EFIRAEREE .
(Ref) Explain the underlying mechanism behind the mismatch of livestream goods. Do not recite
platform rules, tell me your understanding.

Table 7: Style-conditioned rewrites of the same neutral seed question under different social archetypes. English
translations are provided in gray for reference.
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ID Archetype

Core Needs

High Score Criteria (4-5)

Red Lines & Penalty
Items

S1 Panic Novice

b=

B> (AR R
(Ref) Emotional
reassurance must
precede
problem-solving.

L BRI EAWLATZEE (el
THY) EERETIR.

(Ref) The response must begin with
emotional reassurance before any
procedural guidance.

2 NHREYE: REORE, DIERAE
LRSI -

(Ref) Technical jargon is forbidden;
everyday metaphors are required.

3. PRIRE: — 2 —ah, WREI.
(Ref) Actions should be decomposed into
extremely simple, sequential steps.

o TERPRIERE fRIAE A
(e ks

#...”)

(Ref) Use of generic

customer-service

templates.

o RIBHETIFE %

ﬁﬁﬁ, HHEIF IR A

i

(Ref) Skipping emotional
reassurance and jumping
directly into solutions.

S2 Angry Boss
(BB

LENTIT N+ G55 5 m]
(Ref) Unconditional
compliance and
outcome-only
orientation.

L 4B o e, MR e
BEAE -

(Ref) An unconditional apology is
required; self-justification is prohibited.
2. SERUE. FURIBHEEE, T
(Ref) Only outcomes such as refunds or
compensation may be discussed.
3R EIR: iERR T -

(Ref) Responses should be as concise as
possible.

o HIRAEAR [ R oA
(W= RGTHE") -

(Ref) Providing causal or

technical explanations.

o HHEBIETH -

(Ref) Lecturing or

correcting the user.

S3  Humble Student
()

i S+ IR R
(Ref) Mentor-like care
combined with
in-depth explanation.

L B[R A E R E -

(Ref) Explicitly affirm the value of the

question.

2. AREE: RH B R R
(Why) -

(Ref) Explain underlying principles

rather than surface facts.

3. fimEiE: 1. sl PEEX.

(Ref) Maintain a formal and academic

register.

o [E)E IS A BAT -
(Ref) Overly brief or
dismissive responses.

o (I M4 AT 15 Bl
BOiE.

(Ref) Use of slang or
casual internet language.

S4 Arrogant Boss
(RUEER)

B R+ IR
(Ref) Extreme
efficiency with zero
redundancy.

1. FKE: TREENEE .

(Ref) No greetings or politeness
Sformulas.

2. GERSEAT: BT LA IR -
(Ref) The conclusion must appear in the
first line.

3. BRfk. BEFEIENAAIT .

(Ref) Telegraphic phrasing is preferred
over full sentences.

o PREAT 45505 (et
FrHRE...”) -

(Ref) Generic Al closing
statements.

o@ RS AR B A AT

(Ref) Explaining process
details or limitations.

Table 8: Evaluation Criteria for Social Archetypes (Part 1: Novice Roles). English translations are provided for

reference only.
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ID Archetype

Core Needs

High Score Criteria (4-5)

Red Lines & Penalty
Items

S5  Desperate Expert
HEEXR)

BERE MR I
(Ref) Jargon-heavy
communication with
peer-level empathy.

1. BAEEE. SR ERAARESE
=

(Ref) Dense use of technical jargon and
abbreviations.

2. BB PO RS B
M

(Ref) Skip fundamentals and directly
address core mechanisms.

3. 1A, BIRfRFA T B X
/I\ij-l:” .

(Ref) Explicit peer empathy, e.g., having

Jaced similar issues.

o /NEFERE: -
(Ref) Explaining
elementary concepts.

o BRI Bl BEFLAE
—

= o

(Ref)
Customer-service-style
politeness.

S6  Angry Director

(IR )

A\ HiE+ B BIE
(Ref) Professional
resilience with
evidence-based
self-defense.

128 HIE: AR . SR
ZEAE I -

(Ref) Defend with data, complexity
analysis, or architectural principles.
2. BIEE: HSZHPEARRA -
(Ref) Remain emotionally neutral
without submissiveness.

3.RE: W RREEH IR
(Ref) Demonstrate competence via
system-level depth.

o TCIREEHR -

(Ref) Unconditional or
excessive apologies.

o [FIBERZ ORI RE -
(Ref) Avoiding the central
technical question.

S7 Academic Peer

FEERR DT+ 5 FESR

%%Uﬂift%: SCHR ~ BB AT AL

o ERUSHER (L TE

(G NEE) (Ref) Rigorous (Ref) Overly assertive or
discussion grounded (Ref) Reference prior work, theories, or  absolute claims.
in evidence and empirical data. o BT PRI
citations. 2. BERAPRSIE: BN LRIA o (Ref) Claims without
(Ref) Use hedging language to avoid supporting evidence.
over-claiming.
3. BERLEM. EMW A (B B
") -
(Ref) Maintain a clearly structured
argument.
S8 Interviewer BhIER+ BT L REREE: PRSI HI A - o BRIBAHIHE XL -
(ARE) (Ref) Demonstration (Ref) Explain at the source-code or (Ref) Reciting textbook

of intellectual mastery

and critical probing.

mechanism level.

% FE4EST v 5 HIRERE PR A

it o

(Ref) Expose underlying pitfalls or core
issues.

%ﬁé@ﬁ HiE: ®wIR. Bf5- A

(Ref) Maintain a cold, confident,
non-appeasing tone.

definitions.

o BT SRAIA -
(Ref) Asking back for
confirmation or approval.

Table 9: Evaluation Criteria for Social Archetypes (Part 2: Expert Roles). English translations are provided for

reference only.
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(a) GPT-40 Behavioral Metrics

Role Cond Length Negation (%) LSM EmoBuff (%) Certainty (%)
Imp 217 1.35 0.430 10.92 -5.74
S1 Exp 199 1.56 0.464 11.19 -5.40
A% -8% +16% +7.9% +2.5% +5.9%
Imp 191 1.05 0.582 9.99 -4.86
S2 Exp 66 1.34 0.743 13.59 2.73
A% -66% +28% +27.7% +36.1% +156.1%
Imp 262 0.94 0.583 7.88 -4.51
S3 Exp 356 0.86 0.618 9.53 -3.70
A% +36% -9% +5.9% +20.9% +17.9%
Imp 116 0.91 0.277 6.82 -4.13
S4 Exp 14 1.19 0.208 5.10 0.24
A% -88% +30% -24.9% -25.2% +105.7%
Imp 307 1.19 0.691 6.13 -4.48
S5 Exp 241 1.33 0.747 4.85 -3.19
A% -22% +12% +8.0% -20.9% +28.8%
Imp 275 0.78 0.646 6.09 -1.44
S6 Exp 231 0.69 0.731 5.58 0.78
A% -16% -12% +13.1% -8.4% +154.1%
Imp 233 1.26 0.780 493 -2.13
S7 Exp 376 1.02 0.755 4.05 -1.82
A% +61% -19% -3.2% -17.9% +14.4%
Imp 367 1.34 0.661 4.15 -3.36
S8 Exp 433 1.10 0.646 3.33 -1.97
A% +18% -18% -2.2% -19.7% +41.5%
(b) DeepSeek-V3.2 Behavioral Metrics
Role Cond Length Negation (%) LSM EmoBuff (%) Certainty (%)
Imp 513 1.23 0.426 6.69 -2.75
S1 Exp 104 0.87 0.463 7.13 -0.46
A% -80% -29% +8.7% +6.6% +83.5%
Imp 353 0.94 0.580 7.82 -2.50
S2 Exp 38 0.34 0.722 8.24 242
A% -89% -64% +24.4% +5.3% +196.8%
Imp 579 0.87 0.569 5.84 -2.32
S3 Exp 491 0.84 0.612 6.36 -0.87
A% -15% -4% +7.5% +9.0% +62.7%
Imp 193 1.08 0.348 4.07 -0.95
S4 Exp 42 0.97 0.327 3.68 0.45
A% -78% -11% -6.1% -9.8% +147.9%
Imp 854 0.95 0.604 3.23 -1.58
S5 Exp 209 0.43 0.624 2.69 -0.68
A% -76% -55% +3.3% -16.7% +56.6%
Imp 536 0.62 0.601 4.21 -0.22
S6 Exp 369 0.51 0.681 2.99 0.38
A% -31% -18% +13.3% -29.1% +273.1%
Imp 775 0.79 0.755 4.02 -1.39
S7 Exp 599 0.56 0.719 3.14 -0.87
A% -23% -29% -4.8% -21.7% +37.4%
Imp 811 1.17 0.645 3.81 -1.39
S8 Exp 827 0.95 0.608 2.20 -0.62
A% +2% -19% -5.7% -42.2% +55.7%

Table 10: Detailed behavioral metrics for (a) GPT-40 and (b) DeepSeek-V3.2. The vertical arrangement allows for

detailed role-wise comparison across all metrics.
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(a) Kimi-K2 Behavioral Metrics

Role Cond Length Negation (%) LSM EmoBuff (%) Certainty (%)
Imp 544 1.74 0.484 5.50 -1.03
S1 Exp 406 1.44 0.522 5.87 -0.82
A% -25% -17% +7.7% +6.7% +20.1%
Imp 353 1.57 0.637 5.21 -0.60
S2 Exp 55 0.58 0.659 5.84 0.58
A% -84% -63% +3.4% +12.1% +196.9%
Imp 553 1.33 0.646 445 -1.49
S3 Exp 834 0.94 0.593 2.93 -0.98
A% +51% -29% -8.1% -34.2% +34.3%
Imp 84 1.73 0.379 2.77 -0.56
S4 Exp 30 1.55 0.242 2.11 0.23
A% -64% -10% -36.2% -24.1% +141.9%
Imp 814 1.30 0.620 2.92 -0.62
S5 Exp 515 0.86 0.584 2.20 -0.12
A% -37% -34% -5.8% -24.8% +80.7%
Imp 652 1.04 0.602 2.10 0.01
S6 Exp 663 0.72 0.633 1.76 0.11
A% +2% -30% +5.2% -15.9% +820.4%
Imp 509 1.00 0.749 2.67 -1.38
S7 Exp 805 0.78 0.726 2.06 -0.61
A% +58% -22% -3.1% -22.8% +55.5%
Imp 670 1.51 0.699 3.03 -0.51
S8 Exp 805 1.04 0.567 1.79 -0.10
A% +20% -31% -18.9% -41.0% +80.9%
(b) Qwen2.5-72B-Instruct Behavioral Metrics
Role Cond Length Negation (%) LSM EmoBuff (%) Certainty (%)
Imp 300 1.69 0.463 10.00 -4.95
S1 Exp 235 2.23 0.582 11.60 -3.72
A% -22% +32% +25.8% +16.0% +24.9%
Imp 240 1.31 0.648 11.02 -4.64
S2 Exp 51 2.31 0.760 11.17 5.34
A% -79% +77% +17.4% +1.3% +215.0%
Imp 347 1.07 0.632 8.69 -4.23
S3 Exp 389 1.06 0.671 9.16 -3.52
A% +12% -1% +6.1% +5.4% +16.6%
Imp 111 1.02 0.326 7.87 -3.85
S4 Exp 13 1.04 0.275 6.07 0.81
A% -88% +1% -15.5% -22.8% +121.0%
Imp 525 1.14 0.672 5.94 -3.24
S5 Exp 162 1.32 0.754 4.38 -3.68
A% -69% +15% +12.2% -26.3% -13.6%
Imp 414 0.99 0.685 7.19 -2.17
S6 Exp 246 0.90 0.726 6.22 0.00
A% -41% -8% +5.9% -13.4% +100.1%
Imp 440 1.27 0.780 5.26 -1.50
S7 Exp 421 1.17 0.786 4.81 -0.73
A% -4% -8% +0.7% -8.5% +51.4%
Imp 532 1.29 0.686 4.35 -2.55
S8 Exp 708 0.95 0.630 3.74 -2.16
A% +33% -27% -8.2% -13.8% +15.1%

Table 11: Behavioral metrics for (a) Kimi-K2 and (b) Qwen2.5-72B-Instruct.

column-wise comparison.
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(a) GLM-4.6 Behavioral Metrics

Role Cond Length Negation (%) LSM EmoBuff (%) Certainty (%)
Imp 359 1.64 0.477 6.72 -2.86
S1 Exp 243 1.92 0.570 8.07 -2.45
A% -32% +17% +19.5% +20.0% +14.2%
Imp 258 1.10 0.562 6.01 -1.68
S2 Exp 39 1.57 0.738 7.35 3.86
A% -85% +43% +31.4% +22.3% +330.0%
Imp 358 1.19 0.571 5.60 -2.56
S3 Exp 468 1.16 0.599 4.95 -1.11
A% +31% 2% +5.0% -11.7% +56.6%
Imp 103 1.66 0.383 4.16 -1.18
S4 Exp 19 1.75 0.353 4.45 -0.17
A% -81% +6% -8.0% +6.9% +85.9%
Imp 344 1.41 0.597 3.46 -1.02
S5 Exp 291 1.04 0.681 2.67 -0.96
A% -15% -26% +14.0% -22.9% +5.4%
Imp 343 0.91 0.605 3.25 0.11
S6 Exp 353 0.91 0.701 3.63 0.93
A% +3% +0% +16.0% +11.7% +767.0%
Imp 272 1.12 0.756 3.34 -0.64
S7 Exp 319 0.66 0.698 3.67 -1.11
A% +17% -41% -71.7% +9.9% -72.7%
Imp 378 0.93 0.538 2.75 -0.77
S8 Exp 334 0.81 0.484 2.86 -0.17
A% -12% -12% -10.1% +4.3% +78.0%

(b) Doubao-seed-1.6 Behavioral Metrics

Role Cond Length Negation (%) LSM EmoBuff (%) Certainty (%)
Imp 587 1.82 0.554 5.76 -1.03
S1 Exp 335 2.08 0.609 7.14 -0.23
A% -43% +15% +10.0% +23.9% +77.6%
Imp 437 1.32 0.664 6.35 -0.55
S2 Exp 66 1.13 0.757 7.28 1.34
A% -85% -14% +13.9% +14.6% +343.4%
Imp 795 1.19 0.631 4.52 -1.55
S3 Exp 921 1.29 0.642 4.26 -0.97
A% +16% +8% +1.6% -5.8% +37.7%
Imp 190 1.29 0.345 3.95 -0.64
S4 Exp 43 1.87 0.296 4.22 0.25
A% -78% +45% -14.1% +6.7% +139.7%
Imp 905 1.18 0.650 2.74 -0.99
S5 Exp 680 0.83 0.662 1.90 -0.42
A% -25% -30% +1.9% -30.6% +57.1%
Imp 781 0.94 0.635 2.68 0.17
S6 Exp 696 0.97 0.714 2.33 0.67
A% -11% +3% +12.4% -12.9% +287.3%
Imp 651 1.18 0.788 2.79 -0.97
S7 Exp 900 0.87 0.739 2.79 -0.58
A% +38% -26% -6.2% -0.0% +40.4%
Imp 954 1.36 0.681 3.06 -0.78
S8 Exp 948 1.07 0.603 2.13 -0.33
A% -1% 21% -11.5% -30.3% +57.3%

Table 12: Behavioral metrics for (a) GLM-4.6 and (b) Doubao-seed-1.6, displaying consistent role-specific
adaptations.
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Model Style Metric N Mean (Imp) Mean (Exp) p-value Cohen’s d

S1 Length 500 513.05 381.53 < 0.001 1.08
Score 500 2.25 4.60 < 0.001 -4.17

<2 Length 500 414.50 82.34 < 0.001 2.41
Score 500 1.49 3.95 < 0.001 -3.31

<3 Length 500 611.58 682.16 < 0.001 -0.34
Score 500 3.00 431 < 0.001 224
Qwen2.5-72B-Instruct 1 Length 500 204.79 24.75 < 0.001 0.93
Score 500 2.95 4.89 < 0.001 2.32

S5 Length 500 969.24 294.92 < 0.001 3.29
Score 500 145 3.86 < 0.001 -2.61

S6 Length 500 759.27 430.39 < 0.001 1.12
Score 500 2.13 2.39 < 0.001 -0.35

7 Length 500 782.10 798.24 0.1576 -0.08
Score 500 2.90 4.87 < 0.001 -3.77

S8 Length 500 946.36 1307.47 < 0.001 -1.37
Score 500 1.97 1.98 0.4927 -0.04

s1 Length 500 894.28 161.51 < 0.001 2.41
Score 500 3.43 4.86 < 0.001 -1.69

2 Length 500 639.98 60.72 < 0.001 1.64
Score 500 1.75 3.95 < 0.001 -2.29

<3 Length 500 1039.21 856.22 < 0.001 0.36
Score 500 3.67 4.77 < 0.001 -1.25
DeepSeek-V3.2 4 Length 500 368.64 89.69 < 0.001 0.75
Score 500 3.76 4.80 < 0.001 -0.97

g5 Length 500 1649.91 453.29 < 0.001 2.80
Score 500 2.18 4.93 < 0.001 -4.18

S6 Length 500 1111.12 718.72 < 0.001 0.65
Score 500 3.70 4.85 < 0.001 -1.08

7 Length 500 1419.99 1233.92 < 0.001 0.44
Score 500 4.18 4.90 < 0.001 -0.85

S8 Length 500 1439.18 1528.75 < 0.001 -0.21
Score 500 3.24 476 < 0.001 -1.46

Table 13: Detailed statistical significance tests for Qwen2.5-72B-Instruct and DeepSeek-V3.2 across all social
archetypes.
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Model Style Metric N Mean (Imp) Mean (Exp) p-value Cohen’s d
S| Length 500 957.55 518.86 < 0.001 1.56
Score 500 4.47 4.81 < 0.001 -0.32
$2 Length 500 738.03 109.45 < 0.001 2.01
Score 500 2.00 4.74 < 0.001 -2.76
$3 Length 500 1373.41 1558.04 < 0.001 -0.56
Score 500 2.54 4.85 < 0.001 -2.52
Doubao-seed-1.6 4 Length 500 354.53 79.75 < 0.001 0.84
Score 500 3.74 4.49 < 0.001 -0.59
S5 Length 500 1629.50 1369.19 < 0.001 0.81
Score 500 1.90 4.87 < 0.001 -3.63
6 Length 500 1538.12 1282.93 < 0.001 0.54
Score 500 4.02 4.82 < 0.001 -0.62
$7 Length 500 1151.31 1730.26 < 0.001 -1.67
Score 500 4.22 4.86 < 0.001 -0.57
S8 Length 500 1607.78 1635.61 < 0.001 -0.22
Score 500 3.23 4.57 < 0.001 -1.16
S Length 500 616.31 395.33 < 0.001 0.85
Score 500 3.50 4.66 < 0.001 -1.48
S Length 500 457.97 65.28 < 0.001 1.56
Score 500 1.72 4.46 < 0.001 -3.59
$3 Length 500 635.87 825.09 < 0.001 -0.46
Score 500 2.99 4.79 < 0.001 -3.08
GLM-4.6 4 Length 500 193.44 37.52 < 0.001 0.77
Score 500 3.51 4.70 < 0.001 -1.23
S5 Length 500 613.49 533.63 0.0163 0.20
Score 500 1.75 4.31 < 0.001 -3.19
6 Length 500 660.69 641.78 0.7163 0.04
Score 500 3.16 3.66 < 0.001 -0.41
$7 Length 500 484.81 602.66 < 0.001 -0.28
Score 500 3.50 4.57 < 0.001 -1.11
S8 Length 500 656.47 575.26 < 0.001 0.17
Score 500 2.17 3.05 < 0.001 -0.92

Table 14: Detailed statistical significance tests for Doubao-seed-1.6 and GLM-4.6 across all social archetypes.
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Model Style Metric N Mean (Imp) Mean (Exp) p-value Cohen’s d
S| Length 500 370.91 327.18 < 0.001 0.46
Score 500 2.07 4.22 < 0.001 -3.82
S Length 500 334.96 111.06 < 0.001 2.05
Score 500 1.64 3.48 < 0.001 -2.61
$3 Length 500 461.57 618.62 < 0.001 -0.83
Score 500 2.97 4.31 < 0.001 -2.44
GPT-40 4 Length 500 212.68 27.06 < 0.001 1.21
Score 500 2.59 4.86 < 0.001 -2.80
S5 Length 500 551.43 434.16 < 0.001 0.81
Score 500 1.54 3.75 < 0.001 -2.46
6 Length 500 495.01 403.28 < 0.001 0.44
Score 500 2.23 2.44 < 0.001 -0.30
57 Length 500 413.24 734.01 < 0.001 -1.87
Score 500 2.79 4.96 < 0.001 -5.04
S8 Length 500 648.76 777.62 < 0.001 -0.77
Score 500 1.98 2.09 < 0.001 -0.35
S Length 500 949.18 672.50 < 0.001 0.95
Score 500 4.34 5.00 < 0.001 -0.99
S Length 500 633.46 95.01 < 0.001 1.98
Score 500 1.89 4.97 < 0.001 -3.97
3 Length 500 1074.74 1620.27 < 0.001 -1.31
Score 500 347 5.00 < 0.001 -1.88
Kimi-K2 4 Length 500 162.10 61.35 < 0.001 0.51
Score 500 4.65 4.98 < 0.001 -0.61
S5 Length 500 1663.67 1183.97 < 0.001 1.10
Score 500 4.39 5.00 < 0.001 -0.80
6 Length 500 1445.22 1639.96 < 0.001 -0.30
Score 500 4.70 5.00 < 0.001 -0.51
$7 Length 500 1066.88 1772.92 < 0.001 -1.38
Score 500 4.24 5.00 < 0.001 -0.90
S8 Length 500 1274.95 1870.67 < 0.001 -1.35
Score 500 4.75 5.00 < 0.001 -0.53

Table 15: Detailed statistical significance tests for GPT-40 and Kimi-K?2 across all social archetypes.

25058



Model Style Metric N Mean (Imp) Mean (Exp) p-value Cohen’s d

S| Length 500 1322.33 844.53 < 0.001 0.68
Score 500 3.51 4.61 < 0.001 -0.74

S Length 500 1087.20 387.26 < 0.001 1.11
Score 500 1.20 4.20 < 0.001 -2.29

$3 Length 500 1488.76 1989.25 < 0.001 -0.56
Score 500 2.29 4.48 < 0.001 -1.71

Grok-4 S4 Length 500 513.79 210.93 < 0.001 0.53
Score 500 348 4.48 < 0.001 -0.63

S5 Length 500 2088.46 1859.80 < 0.001 0.19
Score 500 2.58 4.50 < 0.001 -1.23

S6 Length 500 1701.16 1986.70 < 0.001 -0.30
Score 500 3.56 4.50 < 0.001 -0.55

S7 Length 500 1959.97 2109.64 < 0.001 -0.12
Score 500 4.02 4.58 < 0.001 -0.35

S8 Length 500 1920.85 2275.14 < 0.001 -0.39
Score 500 3.82 443 < 0.001 -0.37

st Length 500 323.97 319.59 0.7594 0.04
Score 500 0.72 2.02 < 0.001 -0.54

S Length 500 265.12 40.91 < 0.001 2.01
Score 500 0.24 1.98 < 0.001 -0.78

33 Length 500 411.27 799.86 < 0.001 -2.14
Score 500 0.93 2.00 < 0.001 -0.43
Llama-3.1-70B-Instruct 4 Length 500 115.28 31.33 < 0.001 0.66
Score 500 1.04 2.05 < 0.001 -0.39

S5 Length 500 733.30 625.61 < 0.001 0.54
Score 500 0.14 1.95 < 0.001 -0.82

6 Length 500 445.35 478.67 < 0.001 -0.13
Score 500 0.41 1.00 < 0.001 -0.33

S7 Length 500 470.82 1626.45 < 0.001 -3.76
Score 500 1.01 2.12 < 0.001 -0.44

S8 Length 500 650.42 1340.89 < 0.001 -2.63
Score 500 0.48 0.86 < 0.001 -0.22

Table 16: Detailed statistical significance tests for English-centric models (Grok-4 and Llama-3.1-70B-Instruct)
across all social archetypes.
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Model Archetype Condition Samples Distinct-1 Distinct-2

S1 Implicit 500 0.0484 0.2975
Explicit 500 0.0494 0.2760

2 Implicit 500 0.0606 0.3534
Explicit 500 0.1025 0.3189

S3 Implicit 500 0.0536 0.3474
Explicit 500 0.0540 0.3564
Qwen2.5-72B-Instruct s4 Implicit 500 0.0935 0.4361
Explicit 500 0.2870 0.7071

S5 Implicit 500 0.0407 0.2843
Explicit 500 0.0952 0.4302

S6 Implicit 500 0.0512 0.3311
Explicit 500 0.0542 0.3155

7 Implicit 500 0.0489 0.3661
Explicit 500 0.0596 0.3823

S8 Implicit 500 0.0424 0.3434
Explicit 500 0.0350 0.2897

S1 Implicit 500 0.0482 0.3303
Explicit 500 0.0907 0.3625

$ Implicit 500 0.0626 0.3756
Explicit 500 0.1466 0.4083

s3 Implicit 500 0.0545 0.3617
Explicit 500 0.0710 0.4484

DeepSeek-V3.2 4 Implicit 500 0.0857 0.4231
Explicit 500 0.1419 0.4211

g5 Implicit 500 0.0484 0.3468
Explicit 500 0.1327 0.5142

S6 Implicit 500 0.0595 0.3602
Explicit 500 0.0715 0.4084

7 Implicit 500 0.0448 0.3559
Explicit 500 0.0657 0.4049

S8 Implicit 500 0.0478 0.3909
Explicit 500 0.0500 0.3861

S1 Implicit 500 0.0530 0.3747
Explicit 500 0.0561 0.3500

s Implicit 500 0.0685 0.4341
Explicit 500 0.1322 0.4368

$3 Implicit 500 0.0502 0.3711
Explicit 500 0.0486 0.3839

Doubao-seed-1.6 4 Implicit 500 0.0970 0.4975
Explicit 500 0.1888 0.6061

g5 Implicit 500 0.0511 0.3873
Explicit 500 0.0773 0.4634

S6 Implicit 500 0.0536 0.3804
Explicit 500 0.0530 0.3945

7 Implicit 500 0.0552 0.4251
Explicit 500 0.0512 0.3762

S8 Implicit 500 0.0486 0.3961
Explicit 500 0.0466 0.3830

Table 17: Complete pragmatic homogenization metrics for Chinese ecosystem models (Part 1). Implicit conditions
induce lower diversity and higher homogenization, while explicit instructions consistently restore variance.
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Model Archetype Condition Samples Distinct-1 Distinct-2

S1 Implicit 500 0.0498 0.3309
Explicit 500 0.0533 0.3113

2 Implicit 500 0.0688 0.4036
Explicit 500 0.1372 0.4060

3 Implicit 500 0.0625 0.3927
Explicit 500 0.0593 0.3974

GLM-4.6 4 Implicit 500 0.1117 0.5058
Explicit 500 0.2468 0.6907

S5 Implicit 500 0.0656 0.4085
Explicit 500 0.0783 0.4452

S6 Implicit 500 0.0654 0.3956
Explicit 500 0.0597 0.3853

7 Implicit 500 0.0695 0.4538
Explicit 500 0.0727 0.4256

S8 Implicit 500 0.0603 0.4204
Explicit 500 0.0644 0.4044

S1 Implicit 500 0.0543 0.3258
Explicit 500 0.0511 0.2988

2 Implicit 500 0.0651 0.3757
Explicit 500 0.0868 0.3221

3 Implicit 500 0.0584 0.3689
Explicit 500 0.0521 0.3648

GPT-40 4 Implicit 500 0.0852 0.4331
Explicit 500 0.2295 0.5731

S5 Implicit 500 0.0509 0.3396
Explicit 500 0.0807 0.4421

S6 Implicit 500 0.0590 0.3779
Explicit 500 0.0575 0.3572

S7 Implicit 500 0.0645 0.4313
Explicit 500 0.0602 0.3882

S8 Implicit 500 0.0505 0.3965
Explicit 500 0.0493 0.3994

s1 Implicit 500 0.0565 0.3410
Explicit 500 0.0546 0.3158

2 Implicit 500 0.0767 0.3953
Explicit 500 0.1448 0.4243

$3 Implicit 500 0.0757 0.4062
Explicit 500 0.0779 0.4281

Kimi-K2 4 Implicit 500 0.1435 0.5122
Explicit 500 0.2117 0.5694

S5 Implicit 500 0.0600 0.3426
Explicit 500 0.0943 0.4134

S6 Implicit 500 0.0683 0.3571
Explicit 500 0.0613 0.3145

S7 Implicit 500 0.0760 0.4277
Explicit 500 0.0614 0.3619

S8 Implicit 500 0.0689 0.4274
Explicit 500 0.0574 0.3347

Table 18: Complete pragmatic homogenization metrics for Chinese ecosystem models (Part 2).
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Model Archetype Condition Samples Distinct-1 Distinct-2

S1 Implicit 500 0.0619 0.3511
Explicit 500 0.0478 0.2737

2 Implicit 500 0.0774 0.4133
Explicit 500 0.1393 0.3941

3 Implicit 500 0.0657 0.3908
Explicit 500 0.0509 0.3739
Llama-3.1-70B-Instruct s Implicit 500 0.1322 0.5343
Explicit 500 0.2204 0.5960

S5 Implicit 500 0.0496 0.3680
Explicit 500 0.0804 0.4904

S6 Implicit 500 0.0731 0.4261
Explicit 500 0.0602 0.3858

S7 Implicit 500 0.0637 0.4420
Explicit 500 0.0482 0.2924

S8 Implicit 500 0.0545 0.4326
Explicit 500 0.0380 0.3517

S1 Implicit 500 0.0556 0.3696
Explicit 500 0.0473 0.3077

2 Implicit 500 0.0687 0.4078
Explicit 500 0.0958 0.4266

3 Implicit 500 0.0566 0.3636
Explicit 500 0.0500 0.3559

Grok-4 4 Implicit 500 0.0894 0.4359
Explicit 500 0.1290 0.4891

S5 Implicit 500 0.0585 0.3881
Explicit 500 0.0753 0.4338

S6 Implicit 500 0.0620 0.3999
Explicit 500 0.0559 0.3533

7 Implicit 500 0.0594 0.4139
Explicit 500 0.0569 0.4143

S8 Implicit 500 0.0512 0.3595
Explicit 500 0.0502 0.3509

Table 19: Complete pragmatic homogenization metrics for English-centric ecosystem models. Results demonstrate
that the Social Agnosia phenomenon—marked by severe homogenization in implicit contexts—generalizes across
language ecosystems.
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