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Abstract

Large language models (LLMs) demonstrate
strong instruction-following and reasoning abil-
ities, yet struggle with the socially nuanced
understanding humans handle naturally. Hu-
mans rely on social sense to interpret intentions,
emotions, and relationships in context. We in-
vestigate whether and to what extent LLMs
exhibit similar abilities when reasoning about
social interactions. We propose a structured
approach that decomposes social interactions
into three aspects and prompts LLMs to gen-
erate aspect-based summaries capturing com-
plementary signals. We evaluate these sum-
maries and resulting reasoning within a uni-
fied framework across three dimensions, an-
alyzing both LLM–human alignment and the
quality of LLM-generated social explanations.
Our results show that LLMs achieve moder-
ate agreement with humans and with one an-
other as evaluators and capture some socially
nuanced information across aspects, but strug-
gle with interaction-level dynamics shaped by
situational norms. Across four downstream
CSS tasks, aspect summaries improve aggre-
gate prediction performance across three model
families, though effects vary by task. Com-
plementary rationale analysis shows that sum-
maries substantially alter expressed reasoning.
Finally, we introduce a benchmark dataset with
gold-standard annotations to support system-
atic study of social understanding and situated
reasoning in LLMs.

1 Introduction

Humans possess a natural social sense that allows
them to navigate social situations by understanding
what to say and how to act given the context and
the people involved. Prior work suggests that this
ability is an innate human capacity (Kovács et al.,
2010), enabling individuals to infer others’ beliefs
and respond appropriately. This broader social cog-
nitive ability (Markus and Zajonc, 1985) shapes
how people interpret others, explain behavior, and

Figure 1: In this conversational exchange, humans can
easily infer the social scenario and power dynamics: A
asks B for help with a mail issue, implying B is in charge.
However, LLMs consistently interpret the relationship
in the opposite direction. Their reasoning suggests that
they rely heavily on surface-level textual cues to infer
social relations, rather than incorporating the broader
contextual signals about the social scenario.

reconcile conflicting beliefs in social interactions
(Kunda, 1999).

To form social judgments, people rely on subtle
behavioral and conversational cues. The same be-
havior can carry different meanings across cultures
(Saha et al., 2025), the same utterance can express
different intentions depending on tone (Beckman
and Venditti, 2010), and similar speaking styles
may signal contrasting attitudes through rhetorical
patterns (Haas and Flower, 1988). Interpreting such
interactions therefore requires integrating multiple
signals within their social context.

Given the rapid advancement and widespread
use of LLMs in social scenarios, an important ques-
tion is whether they can interpret these dynam-
ics as humans do. Despite strong performance
in instruction following (Zhou et al., 2023; Qin
et al., 2024) and multi-step reasoning (Kojima et al.,
2023; bench authors, 2023), LLMs still struggle
with nuanced social and contextual understanding
(Qiu et al., 2025; Choi et al., 2023). At the same
time, their growing use in computational social sci-
ence (CSS) highlights increasing interest in how
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LLMs reason about complex social interactions
(Park et al., 2022). Figure 1 shows one example.

In this work, we investigate whether, and to
what extent, LLMs can sense social information
in ways similar to humans. Our notion of social
sense does not aim to embed formal social theories
or psychological mechanisms into LLMs, nor to
make them “act like humans”. Instead, we com-
pare how LLMs and humans perceive the same
social dynamics and evaluate the extent to which
their judgments align. Specifically, we ask three
questions: (1) given the same information, can
LLMs reach the same judgments as humans (Sec-
tion 5.1)? (2) can LLMs summarize conversational
social dynamics across different aspects and make
socially informed decisions in a manner similar to
human reasoning (Section 5.2)? and (3) do aspect-
based representations support downstream CSS de-
cisions and change models’ reasoning behaviors
when making those decisions (Section 6)?

We study conversations as real interactions be-
tween speakers in social settings, where understand-
ing requires navigating complex social dynamics.
To examine whether LLMs exhibit social sense, we
propose a structured framework that decomposes
conversations into distinct aspects capturing differ-
ent layers of information in the textual exchange,
and then integrates these signals to reason about
the social scenario and conversational outcomes.

In this work, we use the term aspect to refer
to the components of our conversation decompo-
sition, situated reasoning to describe the process
of reasoning about conversational scenarios, and
evaluation dimensions to denote our framework
for assessing explanation quality. We define three
aspects: style, content, and interaction, and instruct
LLMs to generate summaries that capture these dif-
ferent layers of social meaning. These aspect-level
summaries are then integrated to support situated
reasoning about the conversation’s situation and
outcome. Unlike prior work that often assumes
LLMs naturally produce reasonable social expla-
nations, we explicitly evaluate their quality and
examine whether LLM judgments of explanation
quality align with human judgments. To do this,
we introduce three evaluation dimensions: ground-
ing, interpretation, and completeness, and conduct
human evaluations of aspect-based summaries gen-
erated by LLMs, while also comparing these judg-
ments with those produced by LLM as evaluators.

Our findings show that LLMs behave differently
from both humans and other LLMs when acting

as evaluators. While they can capture some so-
cially nuanced signals across multiple aspects and
integrate them into coherent reasoning, they still
struggle to interpret interaction-level dynamics be-
yond surface text and to connect textual descrip-
tions with pragmatic, situation-aware understand-
ing. When applied to downstream CSS tasks, as-
pect summaries improve aggregate prediction per-
formance across models, but their effects vary sub-
stantially across tasks. They provide the clearest
gains for empathy, while producing smaller or in-
consistent effects for power, persuasion, and toxic-
ity. A complementary rationale analysis shows that
summaries change the content of generated expla-
nations and slightly increase the reasoning theme
alignment with gold reasons.

The remainder of the paper is organized as fol-
lows. Section 3 introduces the aspect decomposi-
tion and evaluation dimensions. Section 4 describes
the data collection and annotation process for hu-
man and LLM social sense judgments. Section 5
presents the analysis of LLM social sense align-
ment. Section 6 applies our framework to down-
stream CSS tasks. We summarize our contributions
as follows:
1. We introduce a unified framework for under-

standing social interactions through three dis-
tinct aspects and evaluate comprehension using
a three-dimensional evaluation framework. We
adopt this framework to assess LLMs’ social
sense and to guide situational aware reasoning.

2. We investigate the alignment between human
and LLM perceptions of social information and
provide detailed analyses.

3. We evaluate three model families under six
prompting conditions on four downstream CSS
tasks. We show that aspect summaries yield
task-dependent performance gains and substan-
tially change generated rationales.

4. Our human annotation results in a dataset of
290 entries spanning four CSS tasks. Each en-
try includes the original conversation text, three
human-annotated aspect summaries, and one
contextually grounded rationale, yielding a to-
tal of 1,160 human-annotated instances. This
dataset enables systematic and qualitative anal-
ysis of social behavior understanding and situ-
ational reasoning across diverse interaction dy-
namics 1.
1We release the dataset at https://github.com/kandi

cew/situated_reasoning_data.
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2 Related Work

LLM Reasoning: Extensive research has ex-
amined LLMs’ ability to explain their decision-
making processes (Wei et al., 2023; Li et al., 2023;
Fu et al., 2023). One major challenge is that LLMs
often struggle to maintain consistent reasoning and
beliefs throughout the process Wang et al. (2023).
Prompt-based (Amirizaniani et al., 2024), graph-
based (Kassner et al., 2023) and generation-based
(Singh et al., 2024) have been used to addressed
such challenges. Our work integrates reasoning,
verification, and explanation capabilities to encour-
age LLMs to consider multiple perspectives when
analyzing complex social issues.
LLM Judges for CSS: LLMs have been increas-
ingly adopted and evaluated across a broad range
of CSS tasks (Ziems et al., 2024). Rathje et al.
(2024) demonstrates that GPT models can accu-
rately detect psychological constructs using simple
prompts. Zheng et al. (2023); Liu et al. (2023)
explore LLM’s ability as evaluators. Our work
examines this alignment specifically for socially
grounded evaluations.
Social Reasoning: Social reasoning represents
the ability to understand social dynamics and re-
spond appropriately, which is closely related to
the concept of Theory of Mind (ToM) (Premack
and Woodruff, 1978) in LLMs. Sap et al. (2022)
argues that LLMs lack robust theory of mind capa-
bilities. Building on this, subsequent research has
developed benchmarks (Le et al., 2019) to evaluate
LLMs’ strengths and limitations in social reason-
ing (Xu et al., 2024; Wu et al., 2023), as well as
strategies to enhance these skills (Jung et al., 2024)
(see (Chen et al., 2025) for an overview). Addi-
tionally, Zhou et al. (2024) explores how LLMs
navigate social scenarios within simulated environ-
ments. Our work focuses on evaluating the social
sense of LLMs in the context of real-world tasks,
aiming to understand how well they interpret and
reason about social interactions grounded in real
social settings. Beyond evaluating final decisions,
we also compare the themes expressed in model-
generated rationales, treating this analysis as a com-
plementary diagnostic of how structured social in-
formation changes the explanations accompanying
those decisions.

3 Aspects and Evaluation Dimensions

In this section, we introduce the social aspects for
decomposing conversations and the evaluation di-

mensions, showing how they build on and gener-
alize insights from prior research and theoretical
foundations.

3.1 Aspects
Style Research in conversation analysis has exam-
ined linguistic features ranging from basic spoken
units such as utterances (Sacks et al., 1974) and
sentence structures (Stolcke et al., 2000) to higher-
level properties such as shifts in tone (Hua et al.,
2024). Stylistic choices vary with social and indi-
vidual factors and shape conversational dynamics
through lexical features (Bramsen et al., 2011), dis-
course structure (Prabhakaran and Rambow, 2013),
and conversational flow (Liu et al., 2020).
Content Conversations are fundamentally shaped
by what is discussed. Early work shows how in-
teractions evolve as participants exchange infor-
mation (Berger and Calabrese, 1975), while group
discussions often reveal biases in what informa-
tion is shared or emphasized (Stasser and Titus,
1985). Recent work leverages LLMs to analyze
conversational content at scale, capturing sentiment
(Zhang et al., 2024), framing (Alonso del Barrio
and Gatica-Perez, 2023), and related meanings to
reveal social and ideological patterns.
Interaction Conversation unfolds through the
structure of turns and responses. Conversation anal-
ysis highlights the role of turn-taking in coordinat-
ing interaction (Sacks et al., 1974) and reflects how
talk can signal workplace hierarchies (Holmes and
Stubbe, 2015). Linguistic coordination between
speakers has also been linked to power relations
(Danescu-Niculescu-Mizil et al., 2012), and recent
work summarizes interaction trajectories to predict
conversational outcomes (Hua et al., 2024).

Together, decomposing conversations into style
(how people speak), content (what is discussed),
and interaction (how participants engage) builds on
classic social and linguistic theory while leverag-
ing modern computational methods. These comple-
mentary dimensions capture signals that help reveal
social context and conversational dynamics, and
provide a structured foundation for reasoning about
social situations. We provide detailed definitions
of these aspects in Appendix A.

3.2 Evaluation Dimensions
Grounding Evaluating grounding (or hallucina-
tion) is essential because LLMs can produce con-
tent that appears plausible but is unsupported, lead-
ing to misinformation or unfaithful summaries
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Figure 2: An example summary evaluation: the upper
left is a input text, and the upper right is a summary
of the style aspect for this input; on the bottom are the
critiques based on the three evaluation dimensions.

(Maynez et al., 2020). Recent surveys and bench-
marks focus on factuality and hallucination detec-
tion (Qi et al., 2025; Rahman et al., 2025). For
social interaction analysis, grounded summaries en-
sure that observations about conversational aspects
are supported by the original dialogue, providing a
reliable basis for higher-level social inference.
Interpretation Evaluating interpretation examines
whether summaries draw valid and well-supported
conclusions from the text. LLMs may generate
plausible but unsupported explanations or over-
interpret subtle cues (Singh et al., 2024; Turpin
et al., 2023). In social interactions, such errors of-
ten arise when models infer meaning from implicit
behavioral signals, including cues related to social
context (Kulkarni et al., 2021) and cultural back-
ground (Pawar et al., 2024).
Completeness Evaluating completeness assesses
whether summaries capture the key information
necessary to understand the interaction, includ-
ing contextual cues that shape the social scenario.
Prior work applies this criterion to evaluate LLM-
generated content and design structured bench-
marks that measure information coverage (Kassner
et al., 2023; Lee et al., 2024; Min et al., 2025).

Together, evaluating grounding (factual ac-
curacy), interpretation (sound reasoning), and
completeness (information coverage) provides a
structured framework for assessing LLM-generated
summaries used to understand and analyze social
interactions. An example evaluation is shown in
Figure 2.

(a) Human annotate conversation summaries and reasons.

(b) Our proposed two-step framework evaluates an LLM’s
understanding of social interactions. First, an input in-
teraction is distilled into three aspect-based summaries
(left). These summaries are then assessed by both LLM-
as-a-judge and human annotators, using a unified set of
evaluation dimensions (right).

Figure 3: Overview of data collection and evaluation.

4 Methods and Data

We adopt a generalized two-step framework to ob-
tain and evaluate LLMs’ understanding of social
interactions. We use real conversational exchanges
from established CSS tasks: predicting power re-
lations, persuasiveness, toxicity, and empathy, for
which humans rely on social sense to navigate com-
plex social dynamics (task details in Appendix B).

First, for each conversation, we generate three
summaries corresponding to the defined aspects.
Next, we integrate these summaries to produce sit-
uated reasoning that predicts the outcome of the
conversation. In both steps, the generated sum-
maries and reasoning are evaluated using the three
evaluation dimensions. Figure 3 illustrates the over-
all workflow.

4.1 Aspect Summary Generation

Prior work (Hua et al., 2024) shows that topic-
focused summarization can improve judgment qual-
ity for both humans and LLMs. Building on this
idea, we generate summaries of each conversation
based on the aspects, each highlighting a distinct
perspective to provide a more comprehensive view.
This decomposition encourages LLMs to consider
multiple linguistic and contextual cues rather than
relying on a single perspective that may introduce
bias or misinterpretation. Formally, given a con-
versation C, and the definition of aspect A, we
generate the aspect-specific summaries S from the

5789



summary prompt PS .

SA = PS(C,A),

A ∈ {style, content, interaction}

4.2 Situated Reasoning Generation

We use the aspect-based summaries from the pre-
vious step to provide complementary perspectives
that support a more holistic understanding of the
conversation and its outcome. By integrating these
summaries, we generate situated reasoning that ex-
plains the dynamics underlying the correct social
label. Given a conversation C, its set of three aspect
summaries SA = [SStyle, SContent, SInteraction]
and the social outcome O (i.e, label of the CSS
task), we generate the situated reasoning R using
the reason prompt PR.

R = PR(C, SA|O)

4.3 Evaluation

Summary quality is evaluated on a 3-point
Likert scale, widely used in natural language
generation (Amidei et al., 2019), for each
evaluation dimension. The score of a sum-
mary S or a reason R along dimension d ∈
{grounding, interpretation, completeness} is
computed via a function f applied to conversation
C and the generated text S or R, conditioned on
the Likert scale of the dimensionsLd.

Scored∈g,i,cS or R = f(C, S or R|Ld),

Score ∈ [1, 2, 3]

The Likert scales and prompts are detailed in Ap-
pendix D. The scoring function f may be imple-
mented through either LLM-based evaluation or
human annotation.

4.3.1 Human Annotation
Human annotators evaluate and refine summaries
generated by a base language model (GPT-5).
For each summary, annotators assign Likert-scale
scores across the three evaluation dimensions for
each aspect. These ratings are used to benchmark
LLM evaluators and measure agreement with hu-
man judgments. When a summary does not receive
a perfect score, annotators revise it to better align
with the intended aspect, producing gold-standard
aspect summaries.

This process yields three human-aligned sum-
maries for each conversation, one for each aspect,

that capture the corresponding signals in the con-
versation. In addition, annotators refine the situated
reasoning to produce a situated gold rationale that
integrates the aspect summaries and the original
conversation to explain the social outcome (i.e.,
the label of the CSS task). Human annotate 290
conversations, resulting in 870 summaries and 290
situated reasoning. Annotation details are provided
in the Appendix B.2.

5 Results: LLM Social Sense Alignment

We use our dataset to benchmark LLMs along two
capabilities. Section 5.1 evaluates whether LLMs
assess summaries and reasoning in ways similar to
humans, measured by alignment with human judg-
ment scores. Section 5.2 evaluates LLMs’ ability to
generate aspect summaries and situated reasoning,
compared against human-refined gold summaries
and gold rationales.

5.1 LLM as Judge

We evaluate agreement by asking multiple LLMs
to score the same summaries using the same cri-
teria, and then comparing their scores with those
of human judges. We select seven LLMs of vary-
ing sizes, including both open-source and closed-
source models, namely GPT-5 (OpenAI, 2025a),
GPT-5 Nano (OpenAI, 2025a), DeepSeek-R1-70B
(Guo et al., 2025), gpt-oss-120b (OpenAI, 2025b),
Llama 4 (Meta AI, 2025), Mistral 7B (Jiang et al.,
2023), Qwen2.5-72B (Qwen et al., 2025).

For each conversation, we obtain nine scores
for the summaries: three evaluation dimensions
for each of the three aspects, and three scores for
the situated reasoning: one for each evaluation
dimension. Using these scores, we measure evalua-
tor agreement in three ways: Cohen’s κ to assess
overall alignment, exact match to count identical
scores, and within-1 match to capture cases where
evaluators (human or LLM) differ by at most one
point, indicating non-contradictory judgments. Fig-
ure 4 reports these results.

Overall, models exhibit noticeably different be-
haviors under the same instructions. In general,
they show moderate agreement with humans and
with each other, achieving over 50% exact match
and positive Cohen’s κ values. We observe slightly
higher agreement among models from the same
family (e.g., gpt-oss, GPT-5, and GPT-5 Nano).

For aspect summary evaluation, most models
assign the same scores as humans more than 60%
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(a) Human-LLM agreement on summary scores.

(b) Human-LLM agreement on reason scores.

Figure 4: Human-LLM alignment: The first column shows the Cohen’s κ. The second column reports the exact
match rate, where two evaluators assign the same rating. The third column reports the within-1-point match rate,
where ratings are either identical or differ by at most one point on the three-point Likert scale, indicating that the
evaluators do not give opposite judgments.

of the time and produce non-contradictory judg-
ments in about 92% of cases. Mistral appears to
be an outlier, likely due to occasional failures to
follow the evaluation instructions. We also find that
larger models do not consistently show better align-
ment with human judgments than smaller models.
Evaluation of situated reasoning follows a simi-
lar trend but with lower agreement overall. This
suggests that judging social reasoning differs from
judging summaries and remains more challenging
for LLMs, highlighting a gap between model and
human reasoning about social scenarios.

We further analyze how LLM-judge scores align
with human judgments for aspect summaries. Fig-
ure 5 presents the detailed agreement patterns
across evaluation scores.

Across all models, the content aspect achieves
the highest exact match with human judgments.
This is expected, as content primarily reflects topic-
related information that can be identified directly
from the text. In contrast, the largest disagreements
occur in the grounding dimension of style aspect,
which relies on pragmatic signals that vary by situ-
ations and can diverge based on lexical cues.

For grounding and completeness, LLMs tend
to be stricter than human judges, assigning lower
scores when information is sufficiently supported.
For interpretation, particularly in the style and in-
teraction aspects, LLMs consistently assign scores
about one point higher than humans. This sug-
gests that LLMs are more lenient and less likely
to identify gaps in interpretation, whereas human
annotators more often recognize missing or incor-
rect inferences. In other words, models tend to
overlook issues in how language is used and how
interactions between speakers are established. This
pattern suggests that while models can verify tex-
tual support, they still overlook how language is
used and how interactions are structured in social
dynamics.

5.2 LLM as Reasoner

We evaluate six LLMs on their ability to gener-
ate aspect-based summaries and situated reason-
ing. Generated outputs are assessed against human-
annotated gold standards using our evaluation di-
mensions. For this evaluation, we use Llama-4
(Meta AI, 2025) as an automated judge, treating
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Figure 5: Human-LLM agreement for all models across aspects and evaluation dimensions: A value of +1 indicates
that the human assigns a score one point higher than the LLM, suggesting that the LLM may be stricter, judging
as incorrect what humans consider acceptable. A value of –1 captures the reverse pattern, where the LLM fails to
detect errors that humans view as important. "Opposite” indicate a difference of 2 points given the 3-point scale,
meaning the human and the LLM give inverted judgments (e.g., very good versus very poor).

the task as text matching with the gold annotations
as reference. While using an LLM as a judge may
produce different results than human evaluation, ap-
plying the same model consistently ensures internal
comparability across all results. Llama-4 was se-
lected because it was not part of the benchmarked
models and demonstrated the highest agreement
with human judgments among all tested models.
We provide model and experiment details in Ap-
pendix E.1.

Figure 6 compares the quality of summaries gen-
erated by various LLMs against human annotations.
Overall, GPT-5 achieves the highest scores, while
other models perform moderately, around 60%, re-
flecting differences in model size and their ability
to generate text and follow instructions.

Completeness is consistently lower for LLMs,
indicating that their summaries often omit details
relevant for human social understanding of con-
versations. Interpretation scores appear relatively
high, but this does not fully align with human judg-
ments, likely due to limitations of LLM used as
the judge. Across all models, the content aspect
consistently scores highest, whereas style and in-
teraction scores are lower, reflecting the challenge
of capturing subtle conversational dynamics.

We filter examples that receive a score of 1 on
the interaction, worst-performing aspect, within the
lowest-rated dimension, completeness. The most
common issue is content focus instead of social

focus (38.9%): LLM-generated summaries often
describe the conversation content and become a
narrative of what was said, whereas human sum-
maries focus on the speakers’ actions and how they
shape the interaction. Another frequent issue is the
omission of interactive roles (22.2%): LLM sum-
maries tend to use neutral, descriptive verbs such
as “mention” or “collaborate,” while human sum-
maries interpret speaker relationships and the func-
tion of utterances, using more interaction-oriented
language such as “take initiative” or “encourage”.
Examples are provided in Appendix E.2.1

For evaluating situated reasoning, we find that
scores are generally higher than those for sum-
maries, suggesting that LLMs can produce high-
quality reasoning when conditioned on aspect sum-
maries and gold labels. This conditioning helps
models identify the conversational situation and
anchor their reasoning in the relevant evidence.
Across models, completeness remains consistently
lower than the other dimensions. The most com-
mon omission in LLM-generated reasoning is the
lack of relevant social-context cues that contribute
to the conversation outcome. Figure 8 presents the
quality scores of LLM-generated reasoning com-
pared to gold-standard human rationales.

6 Results: Downstream CSS Tasks

We evaluate whether aspect summaries support
four downstream CSS decisions: power, persua-
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Figure 6: Summary quality of various LLMs, using
human annotation as gold standard, and evaluated across
aspects and dimensions.

sion, empathy, and toxicity. For each task, we sam-
ple 1,000 conversations and compare six prompt-
ing conditions: a direct prompt; a prompt aug-
mented with the three aspect summaries; direct and
summary-augmented chain-of-thought prompts;
and situation-reasoning prompts that ask model
to first identify situations of the conversation then
make prediction using either the original text or
the text together with the summaries. We evalu-
ate GPT-4o Mini (OpenAI, 2024), Gemma3-27B
(Team et al., 2025), and Qwen2.5-72B (Qwen et al.,
2025). We report accuracy and macro F1; task-
level results are provided in Appendix F.

6.1 Effects of Aspect Summaries

Table 1 shows that adding aspect summaries
improves performance over the corresponding
matched text-only condition for every model and
reasoning family. This consistent improvement
across models suggests that aspect summaries
provide useful intermediate representations for
downstream CSS prediction. However, the best-
performing prompt varies across models, indicating
that adding more reasoning steps does not neces-
sarily yield better prediction performance. These
results further suggest that LLMs continue to strug-
gle to identify the socially relevant situational infor-
mation needed to make accurate social predictions.

We further investigate whether aspect summaries
improve the selection of few-shot demonstrations.
For each query and task label, we use BM25 (Lin
et al., 2021) to retrieve the most similar example
from the human-annotated data, selecting one ex-
ample per label. Retrieval is performed either over
the original conversation text or over the concate-
nated aspect summaries. The retrieved examples
are then used as few-shot demonstrations for in-
context learning, and GPT-4o Mini predicts the
final label. Table 2 shows that summary-based re-
trieval improves overall accuracy by 1.45% and
macro F1 by 1.94%. The gains vary across tasks:
Power shows the largest improvement in accuracy,
followed by Toxicity and Empathy, whereas Per-
suasion shows a decline. Additional experimental
settings are reported in Appendix Table 8.

6.2 Reasoning Quality
To examine whether and how summaries change
model reasoning on CSS tasks, we identify com-
mon themes in generated rationales by clustering
their embeddings and assigning each rationale to
one or more discovered themes. The full experi-
mental protocol is provided in Appendix F.3. This
analysis is intended as a discovery and explana-
tory tool for comparing reasoning across meth-
ods, rather than as a human-validated annotation
of gold reasoning. Accordingly, the resulting clus-
ters should be interpreted as explanatory themes
rather than definitive representations of accurate
reasoning.

We separately construct a reference theme space
from GPT-5 rationales generated using the gold
task outcomes. As shown in Section 5.2, GPT-5
exhibits the highest alignment with human reason-
ing among the evaluated models. We therefore
use GPT-5-generated rationales as silver-label ref-
erences. These references are not human-validated
proofs of correctness, nor do they provide evidence
of a model’s internal reasoning. Full details on
clustering, theme naming and assignment, calibra-
tion, and sensitivity analyses are reported in Ap-
pendix F.3.

The generated-theme analysis indicates that sum-
maries substantially redirect the content of model
explanations: 87.3% of paired rationales generated
from the same prompt using either text alone or
text augmented with summaries are assigned differ-
ent themes. Relative to the GPT-5 reference space,
summaries increase the probability that a rationale
shares at least one reference theme by 1.3%. De-
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Method GPT-4o Mini Gemma3-27B Qwen2.5-72B
Acc. Macro F1 Acc. Macro F1 Acc. Macro F1

Direct prompt 62.14 59.18 64.92 64.58 61.58 59.26
Summary prompt 64.42 62.10 65.67 64.30 64.12 61.17
Direct CoT 61.89 58.28 63.49 61.95 61.08 58.15
Summary CoT 63.84 59.73 66.62 66.59 63.11 60.01
Text situation 61.91 59.23 63.26 61.81 60.63 57.67
Text + summary situation 64.29 61.98 65.35 65.27 64.07 60.72

Table 1: Aggregate downstream performance across tasks. Bold marks the best result for each model and metric.

Task Text Acc. Text F1 Summary Acc. Summary F1 ∆ Acc. ∆ F1
Power 59.80 57.34 64.40 64.25 +4.60 +6.91
Persuasion 55.60 52.69 54.30 48.37 -1.30 -4.32
Empathy 81.80 81.76 82.10 82.10 +0.30 +0.34
Toxicity 52.70 41.91 54.90 46.76 +2.20 +4.85
Overall 62.48 58.43 63.93 60.37 +1.45 +1.94

Table 2: GPT-4o Mini label-balanced BM25 few-shot results (%). One annotated example is retrieved per label
using either original-text or aspect-summary similarity. “Overall” is the unweighted mean across four tasks.

tailed task-level results are provided in Appendix
Table 10.

Together, these results show that summaries
change what models discuss and modestly increase
the likelihood that at least one reference theme ap-
pears, but do not consistently make the complete
rationale more aligned with the reference. This
pattern also varies across tasks. The divergence
is particularly evident for Empathy, where predic-
tion accuracy improves substantially while changes
in rationale alignment are minimal. Thus, down-
stream performance gains should not be interpreted
as evidence that summaries globally improve or
correct model reasoning; predictive performance
and expressed-rationale alignment capture related
but distinct effects.

7 Conclusion and Future Work

In this work, we propose a general framework for
probing nuanced social dynamics in LLMs using
three social aspects and evaluating their outputs
along three dimensions. We compare LLM judg-
ments with human judgments, highlighting varia-
tion across aspects, dimensions, and models. On
four downstream CSS tasks, aspect summaries
improve aggregate prediction performance across
three model families, with the clearest gains for
empathy and mixed effects elsewhere. Our com-
plementary rationale analysis further shows that
summaries substantially redirect expressed reason-
ing and modestly increase overlap with GPT-5 ref-
erence theme, without uniformly improving full-
rationale alignment. Finally, we present an anno-
tated dataset that provides a foundation for future

research on enabling LLMs to interpret and reason
more effectively about nuanced social dynamics.

In future work, we aim to further investigate how
different social situations shape the interpretation
of behaviors and interactions, and how LLMs can
be guided to model, simulate, and distinguish such
contextual variations in social reasoning.

Limitations

We acknowledge several limitations of the current
work:
Cultural scope: Our annotated data and down-
stream experiments are limited to English conver-
sations in a U.S.-centric cultural context. While
the proposed framework could be extended to other
cultural settings, the findings reported here primar-
ily apply to the domain studied.
Narrow focus on CSS tasks: Our analysis is based
on a relatively small dataset and a limited set of
computational social science tasks. These tasks
cannot fully represent the underlying social con-
cepts they aim to capture, nor do they cover the full
range of real-world social reasoning challenges.
Aspect coverage: Social dynamics are inherently
complex and multifaceted. Although the proposed
aspects provide a useful decomposition, they may
not capture all interacting behaviors and contex-
tual nuances. Moreover, the relative importance of
different aspects may vary across cultural settings,
tasks, or social contexts. Exploring how aspect
weighting should adapt across scenarios is beyond
the scope of this work but represents an important
direction for future research.
Statistical improvements: Improvements on
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downstream tasks are not consistently statistically
significant. This may stem from dataset variability
as well as variation in human annotations that are
not always strictly tied to explicit social guidelines.
Our goal is therefore not to maximize performance
gains but to identify gaps in LLM social reasoning
and provide a structured framework for analyzing
them.
Rationale and theme analysis: Generated ratio-
nales are post-hoc textual outputs and may not faith-
fully reflect a model’s internal computation. The
theme taxonomies and assignments are produced
by an outcome-blind clustering and calibrated as-
signment pipeline, but they are not independently
human-validated. Likewise, GPT-5 rationales con-
ditioned on the gold outcome provide an opera-
tional reference rather than a definitive account
of correct human reasoning. The rationale results
should therefore be read as evidence about changes
in expressed explanations and their alignment with
this reference, not as causal evidence that sum-
maries improve reasoning.

Finally, this framework is intended for research
and analysis of LLM behavior, rather than immedi-
ate deployment. Given the remaining challenges in
nuanced social reasoning, we do not recommend
relying on LLMs for real-world applications re-
quiring sensitive social judgment without further
validation.

Ethics Statement

Human annotation for this study was conducted on
a voluntary basis. The language data used in our
experiment and analysis may contain biased view-
points or harmful language. Such content reflects
the nature of real-world interactions captured in
the original datasets or LLM generation from these
and does not represent the views of the authors.

We also acknowledge the risk that the capabil-
ities of LLMs in performing or evaluating social
reasoning may be overstated. While our work stud-
ies how LLMs interpret social dynamics, it does
not imply that these systems possess genuine so-
cial understanding. Claims about AI’s ability to
reason about social situations should therefore be
interpreted cautiously and evaluated with rigorous
human oversight.
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A Aspects

We define the generalized aspects as the following.
Style: Style refers to the patterned and distinctive
ways individuals use linguistic and paralinguistic
resources, including vocabulary choices (e.g., for-
mal vs. informal, jargon, technical terms), sentence
structure (e.g., simple vs. complex, passive vs. ac-
tive voice, syntactic patterns), and tone (e.g., sar-
casm, warmth, assertiveness), to express meaning,
reflect manner and social beliefs, construct identity,
and manage relationships in conversation.
Content: Content represents the substantive and
expressive dimension of communication, encom-
passing the topics, themes, and informational ele-
ments exchanged between participants. It reflects
both the cognitive (what is being discussed or con-
veyed) and affective (how it is expressed and in-
terpreted) layers of meaning. Content involves the
subject matter, evidence, framing, and contextual
cues that shape interpretation—such as sentiment,
emphasis, and perspective—and includes the emo-
tional and exploratory processes through which
speakers articulate experiences, uncover underly-
ing meanings, and co-construct shared understand-
ing.
Interaction: Interaction is the dynamic, collab-
orative process through which participants co-
construct meaning, manage social relationships,
and influence each other’s understanding. It en-
compasses alignment of language, mutual engage-
ment, and both conscious and unconscious adap-
tations to each other’s communicative behaviors.
Interaction involves cognitive, emotional, and so-
cial dimensions, including active listening, ques-
tioning, empathetic responses, use of politeness
strategies (e.g., gratitude, indirectness, deference),
framing techniques, rhetorical devices (e.g., analo-
gies, counterarguments), and modulation of tone
or emotional stance. Through these processes, par-
ticipants negotiate meaning, explore perspectives,
and co-create shared understanding, while respond-
ing to and shaping the relational and situational
context.

B Dataset Details

B.1 Task
In this study, we experiment with four well-
established tasks in computational social science:
power, persuasion, toxicity, and empathy. Each of
these tasks requires reasoning over diverse forms
of explicit and implicit information, including lin-
guistic cues, interpersonal dynamics, and broader
social context, which have been challenging for
LLMs. We frame each task as a binary classifi-
cation problem, ensuring a balanced distribution
across both labels. We define the tasks and list the
corresponding datasets in Table 3.

B.1.1 Power
Identifying power dynamics in conversations re-
mains a challenge for LLMs. Prior work by Ziems
et al. (2024) demonstrates that LLMs still have sig-
nificant room for improvement on this task, using
a dataset of online Wikipedia discussions between
administrators and users originally introduced by
Danescu-Niculescu-Mizil et al. (2012). Interac-
tions in such contexts exhibit a wide range of con-
versational behaviors both within individual utter-
ances as well as across the exchange between par-
ticipants. These variations give rise to multiple ex-
pressions of power dynamics in textual exchanges.
Therefore, a comprehensive analysis from multi-
ple perspectives is necessary to form an accurate
overall judgment.

B.1.2 Persuasion
Determining persuasiveness has been a challenge
for LLMs, as persuasive scenarios often involve
conflicting viewpoints and subjective judgments
about what is acceptable. Language plays a critical
role in persuasion, shaping both the conveyed mes-
sage and the audience’s overall impression, which
ultimately influences whether they are convinced.

For this part of the experiment, we adopt the
persuasion task introduced in Althoff et al. (2014).
Although persuasiveness is inherently subjective,
there are commonly shared indicators of what
makes a message persuasive.

B.1.3 Toxicity
We adopt the task introduced by Zhang et al. (2018),
which involves predicting the likelihood of toxic-
ity in future turns of a conversation based on its
initial exchanges. The core challenge lies in detect-
ing subtle, non-explicit information embedded in
both the text and the interaction dynamics that may
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Task Description Dataset

Power Predict who has more power
in a two-speaker interaction

Wikipedia Talk Pages Corpus
(Danescu-Niculescu-Mizil et al., 2012)

Persuasion Determine whether a post
is persuasive

Random Acts of Pizza
(Althoff et al., 2014)

Toxicity Predict whether a discussion
details in future turns

Conversations Gone Awry Dataset
(Zhang et al., 2018; Hua et al., 2024)

Empathy Determine whether the response
shows empathy

TalkLife Dataset
(Sharma et al., 2020)

Table 3: Task descriptions and datasets used in this study.

signal a shift toward toxicity. This task is particu-
larly difficult for LLMs, as it requires a nuanced
understanding of the conversational atmosphere es-
pecially cues that suggest potential conflict or give
rise to tension. While humans can infer attitudes
and interpret tone to anticipate such shifts, LLMs
often struggle to situate themselves within these
contexts using only textual input.

B.1.4 Empathy
Detecting empathy is a challenge for LLMs be-
cause, unlike humans who build connections
through shared experiences and memories, they
lack such personal experiences and contextual
grounding to simulate such connections. Sharma
et al. (2020) introduces a framework for categoriz-
ing different expressions of empathy in text, along
with a corpus of post and response to mental health
seekers. While their work focuses on identifying
common strategies used to convey empathy, we
simplify the task in our study to predict whether a
given text expresses empathy.

B.2 Data Collect and Annotation

We construct our annotation dataset using the tasks
listed in Table 3. From each dataset, we sample a
subset of conversations for manual annotation. To
ensure balanced evaluation, the annotated conver-
sations for each task are selected such that the label
distribution in the annotation set is balanced across
task outcomes.

Our annotators are Computer Science PhDs stu-
dents and faculty who are experienced in NLP re-
search. The annotation process is conducted in
two phases. In the first phase, we annotate 35 con-
versations for each task. During this stage, each
instance is annotated by two annotators indepen-
dently. We achieve an inter-annotator agreement of
82%. Based on annotator feedback and manual in-
spection of the initial annotations, we identify that
the persuasion task is substantially more difficult
to annotate than the other tasks. Annotators report

Ground Interpete Complete
Style 0.962 0.902 0.962
Content 0.976 0.973 0.964
Interaction 0.951 0.876 0.956
Reason 0.991 0.969 0.962

Table 4: Scores for GPT-5 generated summaries (up-
per) and reasons (lower), calculated by human assigned
scores.

that persuasion outcomes are often ambiguous and
appear more random, making it significantly harder
to identify clear reasoning patterns compared to the
other tasks. Due to these challenges, we exclude
the persuasion task from the subsequent phase of
annotation.

In the second phase, incorporating the refined
guidelines and a new annotation interface 7, we
first reannotate the examples in phase one, then we
focus on the remaining three tasks and annotate
an additional 50 conversations for each task. In
this phase, each instance is annotated by a single
annotator, as the annotation guidelines have been
validated during the first phase.

Overall, we annotate 290 organic social interac-
tion conversations. Each conversation is summa-
rized from three aspects, evaluated and corrected
across three dimensions, producing a total of 870
high-quality summaries. In addition, for each con-
versation we annotate one reasoning explanation
that leads to the correct prediction of the corre-
sponding CSS task outcome, resulting in 290 high-
quality social reasoning annotations.

B.2.1 Human Annotation Analysis
Table 4 presents human scores, across aspects and
evaluation dimensions, for GPT-5-generated sum-
maries (upper) and reasoning (lower) as a reference.
Human scores indicate that GPT-5 summaries are
generally strong, with content rated highest and
interaction lower, likely because capturing speaker
interactions requires reasoning over conversation
dynamics and context beyond the text. Interpreta-

5800



Figure 7: User interface for human annotation.

tion also scores lower, as it involves scenario-level
reasoning. The scores for reasons show that LLMs
can generate human-aligned reasoning when pro-
vided with aspect information and conversation
outcomes.

Since there is disagreement between models and
humans, we further investigate if higher-quality
summaries consistently lead to correct conversa-
tion outcome predictions (Table 5). We use three
different LLMs (Touvron et al., 2023; OpenAI,
2025b; Jiang et al., 2023) to make predictions on
the downstream task using the annotated dataset.
Including the gold summaries as part of the input
provides a constant signal for the models to reason
toward the correct prediction (upper table). For
each model, we separate the summaries associated
with correctly predicted instances from those as-
sociated with incorrectly predicted instances when
summaries are included in the input. We find that,

Llama13b gptoss120b Mistral7b
w/o summary 0.567 0.627 0.513
w/ summary 0.653 0.687 0.593
Correct 0.946 0.946 0.954
Incorrect 0.942 0.943 0.935

Table 5: CSS tasks prediction accuracy with and without
summary as part of input (upper); average human scores
for summaries for correctly and incorrectly predicted
instances (lower).

across all models, the average human rating of sum-
maries for correctly predicted instances is consis-
tently higher than that of incorrectly predicted ones.

C Prompts

C.1 Summary Generation

<aspect definition>
Write a summary of the <aspect> of the
following text. Limit the summary to 80
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words.
Text:
<text>

C.2 LLM as Judge
The <aspect> of a textual communication
is defined as <aspect definition>.
Rate the overall correctness of the
<aspect> SUMMARY of the TEXT based on
the following likert scale. Return your
response in the following strict JSON
format: {’score’: <integer>}.
<likert scale D>
TEXT:
<text>
<aspect> SUMMARY:

C.3 LLM as Reasoner
You are given a summary and a gold
standard summary of a conversation.
Please compare the two summaries based on
the following criteria using a scale from
1 to 3, where 1 indicates poor alignment
and 3 indicates excellent alignment:
Grounding: Can everything in the summary
be mapped to the gold summary?
Interpretation: Is there anything in the
summary that is shows misinterpretation
based on the gold summary?
Completeness: Is the summary complete and
contain all the information in the gold
summary?
Please provide your evaluation in the
following format, only output the scores
without any additional text:
Grounding: <score>
Interpretation: <score>
Completeness: <score>

C.4 Downstream Prompts
C.4.1 Power
Direct prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Which speaker has more power
in this conversation?
Labels: A means Speaker A; B means
Speaker B.
Return exactly one label (A or B) and no
explanation, using:
<prediction>LABEL</prediction>

<evidence>
Answer:

CoT prompt.
You are a careful text classifier.
Analyze only the supplied evidence.
Question: Which speaker has more power
in this conversation?
Labels: A means Speaker A; B means
Speaker B.
First provide concise reasoning grounded
in the evidence, then give one final
label. Return exactly:
<reasoning>concise reasoning</reasoning>
<prediction>LABEL</prediction>, where
LABEL is A or B.
<evidence>
Answer:

Situation prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Which speaker has more power
in this conversation?
Labels: A means Speaker A; B means
Speaker B.
First state the concrete situation
represented by the evidence. Then give
a concise rationale connecting that
situation to one final label. Return
exactly:
<situation>concise situation
description</situation>
<rationale>concise evidence-based
rationale</rationale>
<prediction>LABEL</prediction>, where
LABEL is A or B.
<evidence>
Answer:

Few-shot prompt.
Read the conversation and predict which
speaker has more power. Output exactly
one label: A or B. Do not explain your
answer.
<text>[Retrieved example for A]</text>
<label>A</label>
<text>[Retrieved example for B]</text>
<label>B</label>
<text>[Conversation]</text>
<label>
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C.4.2 Persuasion

Direct prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Is this post persuasive?
Labels: Y means yes, persuasive; N means
no, not persuasive.
Return exactly one label (Y or N) and no
explanation, using:
<prediction>LABEL</prediction>
<evidence>
Answer:

CoT prompt.
You are a careful text classifier.
Analyze only the supplied evidence.
Question: Is this post persuasive?
Labels: Y means yes, persuasive; N means
no, not persuasive.
First provide concise reasoning grounded
in the evidence, then give one final
label. Return exactly:
<reasoning>concise reasoning</reasoning>
<prediction>LABEL</prediction>, where
LABEL is Y or N.
<evidence>
Answer:

Situation prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Is this post persuasive?
Labels: Y means yes, persuasive; N means
no, not persuasive.
First state the concrete situation
represented by the evidence. Then give
a concise rationale connecting that
situation to one final label. Return
exactly:
<situation>concise situation
description</situation>
<rationale>concise evidence-based
rationale</rationale>
<prediction>LABEL</prediction>, where
LABEL is Y or N.
<evidence>
Answer:

Few-shot prompt.
Read the post and predict whether the
post is persuasive. Output exactly one
label: Y or N. Do not explain your
answer.

<text>[Retrieved example for Y]</text>
<label>Y</label>
<text>[Retrieved example for N]</text>
<label>N</label>
<text>[Post]</text>
<label>

C.4.3 Empathy
Direct prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Does the response show empathy
toward the seeker?
Labels: Y means yes, empathetic; N means
no, not empathetic.
Return exactly one label (Y or N) and no
explanation, using:
<prediction>LABEL</prediction>
<evidence>
Answer:

CoT prompt.
You are a careful text classifier.
Analyze only the supplied evidence.
Question: Does the response show empathy
toward the seeker?
Labels: Y means yes, empathetic; N means
no, not empathetic.
First provide concise reasoning grounded
in the evidence, then give one final
label. Return exactly:
<reasoning>concise reasoning</reasoning>
<prediction>LABEL</prediction>, where
LABEL is Y or N.
<evidence>
Answer:

Situation prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Does the response show empathy
toward the seeker?
Labels: Y means yes, empathetic; N means
no, not empathetic.
First state the concrete situation
represented by the evidence. Then give
a concise rationale connecting that
situation to one final label. Return
exactly:
<situation>concise situation
description</situation>
<rationale>concise evidence-based
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rationale</rationale>
<prediction>LABEL</prediction>, where
LABEL is Y or N.
<evidence>
Answer:

Few-shot prompt.
Read the seeker post and response and
predict whether the response shows
empathy. Output exactly one label: Y or
N. Do not explain your answer.
<text>[Retrieved example for Y]</text>
<label>Y</label>
<text>[Retrieved example for N]</text>
<label>N</label>
<text>[Conversation]</text>
<label>

C.4.4 Toxicity

Direct prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Will future turns of this
conversation become toxic?
Labels: Y means yes, likely toxic; N
means no, unlikely toxic.
Return exactly one label (Y or N) and no
explanation, using:
<prediction>LABEL</prediction>
<evidence>
Answer:

CoT prompt.
You are a careful text classifier.
Analyze only the supplied evidence.
Question: Will future turns of this
conversation become toxic?
Labels: Y means yes, likely toxic; N
means no, unlikely toxic.
First provide concise reasoning grounded
in the evidence, then give one final
label. Return exactly:
<reasoning>concise reasoning</reasoning>
<prediction>LABEL</prediction>, where
LABEL is Y or N.
<evidence>
Answer:

Situation prompt.
You are a careful text classifier. Use
only the supplied evidence.
Question: Will future turns of this

conversation become toxic?
Labels: Y means yes, likely toxic; N
means no, unlikely toxic.
First state the concrete situation
represented by the evidence. Then give
a concise rationale connecting that
situation to one final label. Return
exactly:
<situation>concise situation
description</situation>
<rationale>concise evidence-based
rationale</rationale>
<prediction>LABEL</prediction>, where
LABEL is Y or N.
<evidence>
Answer:

Few-shot prompt.
Read the conversation and predict whether
future turns of the conversation will
become toxic. Output exactly one label:
Y or N. Do not explain your answer.
<text>[Retrieved example for Y]</text>
<label>Y</label>
<text>[Retrieved example for N]</text>
<label>N</label>
<text>[Conversation]</text>
<label>

D Likert Scales

D.1 Grounding

3- All information in the summary is directly sup-
ported by the conversation.
2- Most of the summary reflects the conversation,
but there are some details that are not clearly sup-
ported or cannot be directly mapped to the conver-
sation.
1- The summary contains multiple hallucinations
or misrepresentations that could alter the meaning
or intent of the original conversation.

D.2 Interpretation

3- The summary contains no misinterpretations or
over-interpretations.
2- The summary mostly reflects the original con-
versation but includes small interpretation errors
that do not significantly alter the meaning.
1- The summary contains significant interpretation
errors that misrepresent the original conversation.
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D.3 Completeness
3- The summary accurately captures all key points
and important details from the conversation.
2- The summary includes most main ideas but
omits some relevant details.
1- The summary misses important points, result-
ing in a lack of clarity or misrepresentation of the
conversation.

E Experiment Details

E.1 LLM Details
The LLMs used for generating aspect summaries
and reasoning in Section 5.2 are GPT-5 (Ope-
nAI, 2025a), DeepSeek-R1-70B (Guo et al., 2025),
gpt-oss-120b (OpenAI, 2025b), Llama-70b (Tou-
vron et al., 2023), Mistral-7B (Jiang et al., 2023),
Qwen2.5-72B (Qwen et al., 2025).
The LLMs used for downstream CSS tasks predic-
tion are GPT-4o Mini (OpenAI, 2024), Gemma3-
27B (Team et al., 2025), and Qwen2.5-72B (Qwen
et al., 2025).
We access GPT models through the OpenAI API,
while the remaining models are accessed via an
internal API provided by the authors’ affiliation.
All LLM calls are performed in a zero-shot setting
using a single call unless stated otherwise.

E.2 LLM Aspect Summary Quality
E.2.1 Common Omission in Interaction
Content focus instead of social focus
Human: A shares an engaging summary of a TV
episode. B aligns politely, notes how they watched,
and probes with questions.
LLM: A shares an enthusiastic, detailed recap of a
Channel4 documentary about a girl with severe ver-
rucas caused by a T-helper cell deficiency, mention-
ing her upcoming bone-marrow transplant and ex-
pressing mild annoyance at the commentator’s mis-
use of “antibodies.” The tone is informal, slightly
sarcastic, and appreciative of the program’s educa-
tional value. B replies politely, noting they only
saw it on4oD, and asks a focused question about
why the girl’s impaired lymphocytes didn’t pre-
dispose her to common infections like colds or
diarrhoea, seeking clarification on HPV-related im-
munity.
Omission of interactive roles
Human: B respectfully concedes expertise to A,
aligning with Wikipedia norms and encouraging A
to take the lead.
LLM: The interaction involves B acknowledging

Figure 8: Reason quality of various LLMs, using hu-
man annotated reasons as comparison, evaluated using
evaluation dimensions.

A’s expertise on the topic, encouraging A to take
bold actions like rewriting or renaming the article.
B shows deference by conceding their own lack of
knowledge and offering support for decisions such
as nominating the article for deletion, while com-
mitting to abstain from voting. The exchange re-
flects collaborative alignment, mutual respect, and
a willingness to empower A’s judgment, fostering
a cooperative relationship through clear communi-
cation and polite concession.

E.3 LLM Reason Quality

Figure 8 presents the quality scores of LLM-
generated reasoning compared to gold-standard hu-
man rationales.

Table 6 shows the evaluation scores are higher
for correctly predicted instances than incorrectly
predicted ones among the annotated instances.

F Downstream CSS Task

For each task, we sample 1,000 instances with bal-
anced labels and no overlap with the human anno-
tated examples. To ensure paired comparisons, the
main analysis is conducted on the intersection of
3,988 instances for which every model and method
produces a valid prediction. Some models fail to
return valid predictions for certain instances due
to token limitations, as we set the maximum num-
ber of generated tokens to 1 for direct prediction
prompts and 256 for prompts containing reasoning
components, with the temperature fixed at 0.

We explicitly use GPT-4o Mini rather than newer
models because it does not include a reasoning fea-
ture and can produce a direct one-token prediction
without consuming hidden tokens for internal rea-
soning.
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Task Grounding Interpretation Completeness
Correct Incorrect Correct Incorrect Correct Incorrect

Power 0.759 0.758 0.812 0.814 0.771 0.774
Persuasion 0.828 0.820 0.830 0.812 0.723 0.721
Empathy 0.839 0.815 0.868 0.820 0.775 0.770
Toxicity 0.863 0.865 0.922 0.916 0.845 0.848

Table 6: Evaluation scores of correct vs incorrect prediction of CSS task instances in annotated dataset.

F.1 Task-Level Prediction Results
Table 7 reports task-level accuracy for the common
set of valid predictions. Each summary-bearing
condition should be compared with the correspond-
ing text-only condition within the same reasoning
family.

F.2 BM25 Retrieval Results
We also evaluate unconstrained top-k BM25 re-
trieval, in which the selected examples are not re-
quired to cover every label and may therefore be
dominated by the locally most similar label. We
conduct this experiment for Persuasion, Toxicity,
and Empathy, whose label spaces are Yes/No. We
exclude Power because its labels correspond to
Speaker A or Speaker B, making retrieval particu-
larly sensitive to speaker roles and potential label
flips. Table 8 reports the unweighted mean perfor-
mance across these three tasks.

F.3 Reasoning Theme Analysis
F.3.1 Theme Discovery
We analyze 47,991 non-empty rationales gener-
ated by three models across four tasks and four
reasoning conditions: chain-of-thought (CoT) and
situation prompts, each with either text-only or
text+summary inputs. Themes are discovered sepa-
rately for each task using rationales from all mod-
els and methods, ensuring that theme identities are
shared across comparisons within each task. We
embed the generated rationales using all-MiniLM-
L6-v2 (Reimers and Gurevych, 2019) and cluster
them with UMAP (McInnes et al., 2018) and HDB-
SCAN (McInnes et al., 2017). Llama 4 Maver-
ick (Meta AI, 2025) is used for theme naming and
for assigning rationales to themes. One rationale
can have multiple themes assigned. Model iden-
tity, prompt condition, predictions, and correctness
are hidden during parameter selection and theme
naming to reduce potential bias. For each task, we
additionally construct a separate reference taxon-
omy from 1,000 GPT-5 rationales generated while
conditioning on the gold outcome. Generated ra-
tionales are then assigned to the reference themes

using the same procedure.
For each matched text-only/text+summary pair,

we measure: (1) the cosine similarity between the
generated rationale and its paired GPT-5 rationale;
(2) whether their assigned theme sets share at least
one reference theme; and (3) the Jaccard overlap
between their complete reference-theme sets. Re-
sults using the primary combined assignment are
reported in Table 9.

These quantities characterize alignment with
GPT-5’s gold-conditioned explanations, not inde-
pendently human-validated correctness. Theme
labels are semantic summaries of clusters, and
multi-label assignments are calibrated computa-
tional annotations rather than human gold labels.
Accordingly, model-level theme frequencies and
theme–correctness associations are diagnostic de-
scriptions and are not used to make causal claims
about why a prediction changes.

F.4 Power Prediction Example
Figure 9 summarizes these error categories and
provides representative example instances.

Figure 11 shows an example using aspect sum-
mary and situated reasoning to make prediction.

We observed that LLM performance improves
more substantially when the model captures the
situational context underlying the textual exchange.
For instance, in the task of power prediction, rec-
ognizing that a conversation occurs in an online
Wikipedia discussion provides a critical clue for
reasoning about the speakers’ roles. By combining
this situational information with behavioral cues ex-
tracted from the summaries, the model is better able
to make the correct power prediction. We therefore
hypothesize that while LLMs can effectively cap-
ture behaviors and interaction dynamics, they must
situate these behaviors within the appropriate con-
text to make socially coherent judgments. Figure
10 shows the qualitative analysis, illustrating how
the same aspect-based behaviors, when placed in
different social contexts, can lead to distinct social
reasoning and decisions.
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GPT-4o Mini Gemma3-27B Qwen2.5-72B
Task Reasoning family Text +Summ Text +Summ Text +Summ
Power Direct 64.60 64.70 61.80 65.60 64.80 64.60

CoT 62.80 63.00 63.00 65.40 64.50 63.30
Situation 59.90 61.90 63.90 64.40 65.50 65.10

Persuasion Direct 56.77 55.47 55.57 53.66 55.57 55.37
CoT 52.56 50.25 53.56 57.37 57.57 53.56
Situation 59.78 55.47 51.86 53.36 56.57 54.66

Empathy Direct 75.08 81.28 81.58 81.08 70.07 80.48
CoT 71.07 80.28 77.98 80.68 67.07 78.58
Situation 68.57 79.08 77.58 80.18 66.57 79.88

Toxicity Direct 52.02 56.15 60.69 62.30 55.85 55.95
CoT 61.09 61.79 59.38 63.00 55.14 56.96
Situation 59.38 60.69 59.68 63.41 53.83 56.55

Table 7: Task-level accuracy.

k Text retrieval Summary retrieval ∆
Acc. F1 Acc. F1 Acc. F1

1 52.97 51.57 59.50 59.30 +6.53 +7.73
3 53.23 50.90 60.67 60.33 +7.43 +9.43
5 53.07 49.93 60.33 59.90 +7.27 +9.97

Table 8: Unconstrained BM25 few-shot retrieval results
for persuasion, toxicity, and empathy tasks.

Metric Text only +Summaries ∆
Cosine similarity .571 .573 +.002
Theme overlap .425 .438 +.013
Theme-set Jaccard .223 .221 -.002

Table 9: Overall alignment with the GPT-5 reference
reasoning.

Task Cosine ∆ Overlap ∆ Jaccard ∆
Power +.005 +.021 -.004
Persuasion +.017 +.014 +.004
Empathy -.007 -.009 -.011
Toxicity -.008 +.026 +.004
Overall +.002 +.013 -.002

Table 10: Change from text-only to text-summary ratio-
nales relative to the GPT-5 reasoning reference.

Action -> power
A: I think you should close the first one too, as I gave it as
an example of a bad FA a few times ”’
B: Will do. When I closed Dorset it wasn’t exactly 14 days
for those. I’ll get to them tomorrow morning (it’s getting to
be bedtime here!) Have you had a chance to check out the
two I pinged you about?
Reasoning and Decision:
Speaker B exhibits power by suggesting a delayed action in
closing the cases and mentioning their personal schedule.

Imperatives tone -> power
A: Hello Dana, thanks for contribute in this ..., but i need tell
you that..., if you think that im not right please tell me for
not fixing the edit at last. Enjoy your day ;)–
B: My apologies, I forgot to include the disambiguator.
Please check now - it should be right. Thanks for letting me
know.
Reasoning and Decision:
Speaker A establishes authority by correcting Speaker B’s
contribution, setting the expectation for compliance.

Figure 9: examples

Aspect Summary:
Speaker A is formal and technical. Speaker B is
humorous and casual.
Situation 1:
In a technical meeting.

Reasoning and Decision:
A’s knowledge suggests expertise and familiar-
ity with the procedure. So A holds more power.

Situation 2:
In a collaborative discussion.

Reasoning and Decision:
B’s style allows others to speak freely without
hierarchical concerns. So B holds more power.

Aspect Summary:
Speaker expresses reciprocation when asking for
a favor on a social platform.
Situation 1:
By sending pictures of puppies.

Reasoning and Decision:
People will feel the warmth and emotionally
connected. Successful persuasion for favor.

Situation 2:
By sending pictures of themselves.

Reasoning and Decision:
People may find this oversharing and awkward.
Unsuccessful persuasion for favor.

Situation 3:
By sending music albums.

Reasoning and Decision:
People may not resonate if they do not like music.
Unsuccessful persuasion for favor.

Figure 10: Examples illustrating how similar aspect-
based behaviors can lead to different social decisions
depending on the social context.
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Input Conversation:
A: I think you should close the first one too, as I gave it as an example of a bad FA a few times
B: Will do. When I closed Dorset it wasn’t exactly 14 days for those. I’ll get to them tomorrow
morning (it’s getting to be bedtime here!) Have you had a chance to check out the two I pinged you
about?
Aspect Summaries:
Style: In the conversation, Speaker A employs a formal tone with concise vocabulary, reflecting
a professional demeanor. Speaker B uses a casual style, incorporating informal expressions like
"Will do" and "it’s getting to be bedtime here," indicating a friendly and approachable identity. The
sentence structures differ, with A favoring straightforward commands and B blending simple and
conversational syntax, showcasing a more relaxed attitude toward the discussion.
Content: In the conversation, Speaker A advises Speaker B to close a specific project considered
a poor example. Speaker B acknowledges the suggestion and mentions that the closure wasn’t
exactly 14 days for another project. They express their intention to address it the following morning
due to the late hour. Additionally, Speaker B inquires if Speaker A has reviewed two projects they
previously discussed.
Interaction: In the conversation, both speakers demonstrate good engagement. Speaker A provides
a suggestion and offers context, while Speaker B acknowledges the advice, communicates their
timeline, and promptly asks about additional topics they previously discussed. This exchange
reflects active listening and a willingness to collaborate, enhancing their overall interaction.
Reason:
Supporting A: Based on Style, A "employes a formal tone" to "advise" B, showing A’s influence
on B; based on Content and Interaction, A is describing actions they took, demonstrating their
leadership position in the collaboration.
Supporting B: Based on Style, B uses casual expression like "will do" and "it’s getting to be bedtime
here"; based on Content and Style, B acknowledges A’s suggestion, but communicates timeline
("will get to it tomorrow") indicating that B is the one to make decision and guide the collaboration
forward.
Scenario:
A and B are working on editing and reviewing content. A drives the collaboration and make
suggestions for B. B is asking A to review content and indicates they are waiting for a decision
from A about it.
Overall Judgement:
A

Figure 11: Power prediction example using aspect summaries and situated reasoning.
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