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Abstract

Large language models (LLMs) alignment en-
sures model behaviors reflect human value. Ex-
isting alignment strategies primarily follow two
paths: one assumes a universal value set for a
unified goal (i.e., one-size-fits-all), while the
other treats every individual as unique to cus-
tomize models (i.e., individual-level). However,
assuming a monolithic value space marginal-
izes minority norms, while tailoring individual
models is prohibitively expensive. Recogniz-
ing that human society is organized into so-
cial clusters with high intra-group value align-
ment, we propose community-level alignment
as a "middle ground". Practically, we introduce
CommunityBench, the first large-scale bench-
mark for community-level alignment evalua-
tion, featuring four tasks grounded in Com-
mon Identity and Common Bond theory. With
CommunityBench, we conduct a comprehen-
sive evaluation of various foundation mod-
els on CommunityBench, revealing that cur-
rent LLMs exhibit limited capacity to model
community-specific preferences. Furthermore,
we investigate the potential of community-level
alignment in facilitating individual modeling,
providing a promising direction for scalable
and pluralistic alignment.

1 Introduction

Research on Large Language Models (LLMs) align-
ment studies how to design, train and evaluate
LLMs so that their behavior reflects human inten-
tions and values, especially in open-ended or high-
stakes settings (Leike et al., 2018; Gabriel, 2020;
Ji et al., 2025). In practice, alignment pipelines
define "desirable" behaviors and then steer mod-
els toward them using supervised fine-tuning or
reinforcement learning from human or Al feed-
back (Wei et al., 2022; Ouyang et al., 2022; Bai
et al., 2022b; Casper et al., 2023; Sorensen et al.,
2024a). As LLMs serve millions of users across
diverse domains, alignment is critical to ensure
safety, reliability, and social acceptance.
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Figure 1: Granularity of LLM alignment. One-size-
fits-all (Ieft) enforces universal values but may marginal-
ize minority norms. Individual-level alignment (mid-
dle) offers personalization but faces data sparsity and
implementation costs. Community-level alignment
(right) bridges these extremes by capturing shared pref-
erence while preserving diversity.

Current alignment strategies generally operate
at two extremes of granularity. Most deployed
systems implement one-size-fits-all strategy (Kirk
et al., 2023; Li et al., 2025), steering models toward
universal "gold standards" like helpfulness and
safety. Although effective for general capabilities,
this approach assumes a monolithic human value
space, often marginalizing minority norms (Siththa-
ranjan et al., 2023; Sorensen et al., 2024b). On the
other hand, individual-level alignment aims to per-
sonalize model behaviors for specific users (Wu
et al., 2025; Werner et al., 2025). Although this ap-
proach enables fine-grained one-to-one alignment,
it suffers from fundamental limitations, including



Dataset Predict Community? Distributional? Generation? Fine-grained? Diverse Groups(>5k)?
PRISM (2024) v v

Com-Align (2025a) v

GlobalQA (2023) v

OpinionQA (2023)

ComPO (2025) v

Dist-Align (2025) v

Ours v v v v v

Table 1: A checklist for key characteristics of previous datasets and ours.

sparse user data as well as high implementation
costs (Cheng et al., 2023; Guan et al., 2025).

In human society, individuals are organized into
social clusters based on shared identities and norms,
where members exhibit high intra-group value con-
sistency. Leveraging this inherent structure, we
propose a "middle ground": community-level align-
ment. By balancing the granularity of alignment,
it allows us to utilize group dynamics to aggregate
noisy individual behaviors into robust signals while
preserving cultural diversity. Figure 1 illustrates
how this paradigm bridges the gap between global
and individual strategies.

Despite theoretical promise, the question
whether LLMs can effectively internalize these
group-specific norms remains an open question.
Existing benchmarks often lack the scope to test
this, focusing on individual "optimal" preferences
or coarse group definitions (see Table 1). To bridge
this gap, we introduce CommunityBench, the first
unified benchmark for group value alignment eval-
uation built from large-scale Reddit data that com-
prise 12,149 instances across 6,919 social commu-
nities. Grounded in Common Identity and Com-
mon Bond Theory (CICB) (Prentice et al., 1994),
we operationalize four key group facets—shared
identity, within-group heterogeneity, characteristic
discourse, and relational bonds—into four corre-
sponding tasks: preference identification, prefer-
ence distribution prediction, community-consistent
generation, and community identification.

Based on CommunityBench, we comprehen-
sively evaluate 17 foundation models, covering
both open-weight and proprietary systems. The re-
sults reveal that current models have limited capac-
ity to model community-specific preferences. Fur-
thermore, we propose that community-level align-
ment can facilitate individual behavior modeling by
encoding individuals as compositions of multiple
community identities. Evaluations of the individ-
ual survey benchmark SocioBench (Wang et al.,

2025) indicate that the group value-aligned model
achieves superior simulation accuracy compared to
the prompt-based strategy, validating its potential
in individual behavior modeling.

In conclusion, our contributions are threefold:

* We introduce CommunityBench, a unified bench-
mark comprising 12,149 instances across 6,919
communities, with four tasks that evaluate mod-
els’ ability to infer community-specific norms.

* We systematically evaluate 17 foundation mod-
els, providing the first evidence that cur-
rent LLLMs have a limited capacity to model
community-specific preferences.

e Through further experimental analysis, we
demonstrate that community-level alignment
serve as an effective "middle ground" that fa-
cilitates individual behavior modeling.

2 Task Formulation

Drawing on Common Identity and Common Bond
(CICB) theory (Prentice et al., 1994; Ren et al.,
2007), which attributes group cohesion either to
collective identification or interpersonal ties, we
view individuals as embedded in communities
whose social structures shape their beliefs and dis-
course. Building on this lens, we highlight four
aspects that motivate our four corresponding tasks
(see Figure 2): the role of shared group identity and
its prototypical norms (Preference Identification),
the structured heterogeneity within groups (Prefer-
ence Distribution Prediction), the group’s charac-
teristic discourse practices (Community-Consistent
Generation), and the behavioral traces that reveal
group membership (Community Identification).

2.1 Preference Identification

Task Description This task evaluates whether a
model can infer which option a given community
would prefer in a particular context.
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Figure 2: Community-level Alignment Tasks (left) and Benchmark Construction Pipeline (right). The
left panel illustrates four core capabilities derived from Common Identity and Common Bond Theory (CICB):
shared group identity, within-group heterogeneity, characteristic discourse practices, and behavioral traces, each
motivating a corresponding task. The right panel shows how Reddit data are filtered, profiled, and transformed into
query-response pairs with estimated opinion distributions for supervising these tasks.

Formal Definition Given a community profile
P, a prompt or query ¢, and a set of candidate re-
sponses O = {01, 09,...,0,}, the model outputs
a single choice 6 € O that maximizes the latent
preference consistency with p. Formally,

0= arg glg’(},){ f@(pu q, Oi)a
where fy denotes the model’s predicted prefer-
ence score conditioned on the community profile.

Evaluation Metrics We use accuracy as the met-
ric, computed as the proportion of correctly identi-
fied preferred options among all test instances.

2.2 Preference Distribution Prediction

Task Description This task measures the
model’s ability to capture the internal diversity of
opinions within a community, predicting not only
the most-preferred option but also the preference
distribution across the provided options.

Formal Definition Given a community profile p,
a query ¢, and multiple candidate responses O =
{o1,...,0n}, the model predicts the distribution of
community preference. Formally,

a:fe(p7Q7O)a aEAn_lv

where A"~! denotes the (n — 1)-dimensional
probability simplex. The objective is to minimize
the divergence between the predicted d and the
empirical community distribution d.

Evaluation Metrics We use three metrics:

* Ordinal consistency: Kendall’s 7 assesses rank-
order agreement between d and d.

* Decision accuracy: Top-1 accuracy measures
whether the most probable option under d
matches the ground-truth mode.

* Distributional fidelity: Jensen—Shannon Diver-
gence (JSD) quantifies the overall distance be-

tween predicted and true distributions.

2.3 Community-Consistent Generation

Task Description This task tests the model’s abil-
ity to generate open-ended responses that faith-
fully reflect a community’s characteristic like pref-
erences, tone, and linguistic norms.

Formal Definition Given a community profile
p and a query ¢, the model generates a response
7 = fp(p, q) that aims to align with the latent distri-
bution of community-specific responses Ry,. The
alignment objective can be viewed as maximizing
a community-conditioned reward:

P = arg max Ervfy [Rp(r,q)],
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where R}, denotes a reward function represent-
ing community-consistent generation quality.

Evaluation Metrics We employ an LLM-based
win-rate evaluation framework, where responses
from different models are compared pairwise
and judged by multiple evaluators—GPT-4o,
Grok-4-Fast, and Gemini-2.5-Flash. The final
outcome is determined by majority voting among
these judges, and aggregated into a BTL-Elo rating.

2.4 Community Identification

Task Description This task examines whether
a model can discern the underlying identity of a
community from observed behavioral signatures.

Formal Definition Given a query ¢, a set of
possible responses A = {ay,...,ay}, and an ob-
served community-level preference distribution d
over A, the model predicts which community ¢
most likely generated this pattern from a candidate
setC = {c1,¢2,...,Cn}. Formally,

¢ = argmax fy(q, A, d, ¢j).
CjGC

Evaluation Metrics We use accuracy to quantify
the proportion of correctly identified communities.

3 Benchmark Construction

Our benchmark aims to systematically capture
community-conditioned behaviors and distribu-
tional preferences across diverse groups. To

achieve this, we construct a large-scale dataset de-
rived from Reddit', organized around post and com-
ment. As shown in Figure 2, the construction pro-
cess consists of four major stages: (1) preprocess-
ing, (2) community profile generation, (3) query-
response instance construction, and (4) community-
level opinion distribution estimation.

3.1 Preprocessing

We preprocess the raw Reddit corpus by normal-
izing all textual fields (title, selftext, and body) to
remove redundant whitespace and artifacts while
preserving linguistic features. Duplicate entries
and bot-generated content (e.g., AutoModerator)
are filtered. To ensure interaction density, we only
retain posts with at least 10 comments.

3.2 Community Profile Generation

Following the Common Identity and Common Bond
Theory (CICB), we employ a hierarchical profiling
strategy to represent communities:

* Subreddit-level (Common Identity): To cap-
ture macro-level group identity, we aggregate the
top-50 upvoted posts per subreddit. We use an
LLM? to summarize these into statements that
cover shared values and collective worldview.

* Post-level (Common Bond): To capture local
interactional dynamics, we extract the top-20
comments per thread. The LLM profiles the
"communicative persona" of these discussions
in three dimensions: linguistic style, interaction
structure, and distribution of stance.

3.3 Formulation of Query—Response Instances

To capture nuanced preference patterns, we look
beyond random sampling to ensure options exhibit
sufficient contrast. We process request—option pairs
by first removing near-duplicates and computing
signals: emotional polarity (via DistilRoBERTa?)
and semantic embeddings (via Sentence-BERT?).
We then apply Maximal Marginal Relevance
(MMR) to pre-select a candidate pool, iteratively
prioritizing comments that are semantically close to
the request but distant from already selected ones.

'All data are collected from publicly available Reddit con-
tent via the official Reddit API (https://www.reddit.com/
dev/api).

2Specifically, we utilize the gpt-40-2024-05-13 version
via the OpenAl APL

3https: //huggingface.co/distilbert/
distilbert-base-uncased-finetuned-sst-2-english

4https ://huggingface.co/sentence-transformers/
all-MinilM-L6-v2
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Finally, we assemble option sets using a strati-
fied greedy strategy. We sequentially sample from
distinct popularity quantiles (low/mid/high) and
sentiment buckets to guarantee diversity, filling re-
maining slots by MMR rank while strictly reject-
ing candidates with pairwise similarity > 0.8. A
final validity check discards any set that fails to
span multiple sentiment and popularity categories
or contains identical scores, ensuring robust lin-
guistic and social heterogeneity.

3.4 Opinion Distribution Estimation

Reddit’s API exposes only the net score ((s = U
- D)) rather than the raw upvote and downvote
counts. This poses a challenge for measuring ag-
gregated preference distribution, as the same score
can arise from vastly different voting volumes (e.g.,
[+10, —5] vs. [+100, —95]). To address this, we
propose a Bayesian inference approach to recover
latent vote counts and estimate a stable distribution.
Given a comment’s score s = U — D and the
post-level upvote ratio r, we infer the latent votes
(U, D) and apply Bayesian smoothing to obtain a
stable posterior estimate of the upvote share:

ag+ U
oo+ Bo+U+D’

T :E[T ‘ U,D,O(o,ﬁo] =

where g = 7 - kg and By = (1 — r) - kg repre-
sent Beta prior parameters with strength kg. The ex-
pected upvotes (ag+U ) are then normalized across
options within the same set, yielding a probability
distribution that reflects the aggregated preference.

3.5 Benchmark Overview

CommunityBench comprises 12,149 instances
sourced from 6,919 communities, covering a time
span from December 2020 to September 2025. The
dataset presents substantial linguistic richness and
complexity, with an average of 4.0 options per
query and average query/option lengths of 649 and
267 tokens, respectively. As shown in Figure 3, the
benchmark captures diverse levels of intra-group
disagreement (mean preference entropy of 1.54) ,
reflecting a wide spectrum of real-world interac-
tions ranging from consensus to pluralistic debate.

4 Experimental Settings

In this section, we present our experimental frame-
work, which comprises a diverse suite of founda-
tion models, detailed training configurations, and

evaluation protocols across four tasks. Further-
more, We also explore the critical factors and bot-
tlenecks in community-level alignment.

4.1 Baselines

We evaluate a set of open-weight large language
models covering diverse architectures and parame-
ter scales. The evaluated models include Qwen2.5
(7B, 14B, 72B) (Yang et al., 2025b), Qwen3 (8B,
14B, 32B) (Yang et al., 2025a), Llama3.1 (8B,
70B) (Dubey et al., 2024), L1ama3.3-70B (Meta,
2024), InternLM3-8B (The InternLM Team, 2025),
Mistral-7B-v@0.3 (Jiang et al., 2023), GLM-4
(9B, 32B) (GLM et al., 2024), DeepSeek-V3
and DeepSeek-R1 (Liu et al., 2024; Guo et al.,
2025). We also list frontier proprietary mod-
els (GPT-40 (OpenAl, 2024), Grok-4 (xAl Team,
2025)) as reference baselines.

4.2 Implementation Details

We conduct evaluation on 4 x NVIDIA H100 GPUs,
all models receive a consistent prompt format in-
cluding the community profile, query, and candi-
date options (see Appendix C). We deploy models
using vVLLM with an OpenAl-compatible API. The
temperature is set to 0, and the maximum number
of generated tokens is set to 1,024. Inference is
parallelized across up to 128 concurrent threads.

4.3 Results on CommunityBench

The result is shown in Table 2. Several observations
can be made as follows.

Larger model performs better on identifying ma-
jority community preferences. Results in Pref-
erence Identification (PI) show monotonic accuracy
gains with model size, confirming that larger pa-
rameter scales systematically reduce error limits in
capturing collective norms.

Capturing the full preference distribution of di-
verse opinions is more complex than selecting a
consensus. Comparison with Preference Distri-
bution Prediction (DP) reveals that capturing the
full spectrum of diverse opinions is significantly
harder than pointwise estimation, as models strug-
gle to calibrate for minority views.

Discriminating community identity exposes a
trade-off between reasoning depth and classifica-
tion rigidity. Community Identification (CI) task
highlights significant variance; while general mod-
els scale predictably, reasoning-specialized models



PI DP CI CG
Models
Acc (1) JISD({) Kendall’'s7 () Acc(f) Acc(f) BTL-Elo (1)

Owen2.5-7B-Instruct 0.3526  0.1600 0.0790 0.3029 0.5866 -262.68
Owen2.5-14B-Instruct 0.3596 0.1402 0.0817 0.2960 0.6853 -154.87
Owen2.5-72B-Instruct 0.3675 0.1355 0.1365 0.3336  0.6896 -149.18
Owen3-8B 0.3573 0.1222 0.0407 0.1297 0.3914 87.77
Owen3-14B 0.3813 0.1216 0.1128 0.2522 0.4852 272.39
Owen3-32B 0.3698 0.1172 0.1610 0.3312 0.6086 237.80
Llama3.1-8B-Instruct 0.2963 0.2457 0.0445 0.2605 0.4737 -166.28
Llama3.1-70B-Instruct 0.3424  0.1871 0.0828 0.3039 0.7702 -54.90
Llama3.3-70B-Instruct 0.3434 0.1825 0.1100 0.3224  0.7380 -56.64
InternLM3-8B-Instruct 0.3023 0.1308 0.0294 0.2124 0.4924 -509.44
Mistral-7B-Instruct-v0.3  0.3135  0.1491 0.0409 0.2591 0.4855 -300.56
GLM-4-9B-0414 0.3312 0.1724 0.0559 0.2838 0.5125 176.85
GLM-4-32B-0414 0.3645 0.1434 0.1127 0.2894 0.6718 233.49
DeepSeek-V3-0324 0.4034 0.1358 0.1471 0.3345 0.8232 206.22
DeepSeek-R1-0528 0.3154 0.1129 0.0088 0.0955 0.2919 812.30
GPT-4o0 0.3862 0.1309 0.1413 0.3230 0.8430 256.28
Grok-4 0.3734 0.1136 0.1676 0.3454 0.8223 478.67

Table 2: Model performance across four tasks. Each model is evaluated on the four tasks of our benchmark:
Preference Identification (PI), Preference Distribution Prediction (DP), Community Identification (CI), and
Community-Consistent Generation (CG). The final column reports the BTL-Elo rating from pairwise win—loss

evaluation on the CG task.

(e.g., DeepSeek-R1) exhibit a sharp performance
drop in rigid classification scenarios.

Open-ended stylistic simulation remains heav-
ily dependent on strong general instruction-
following capabilities. Community-Consistent
Generation (CG) results indicate that simulat-
ing distinctive community tones requires compre-
hensive reasoning power, where proprietary and
reasoning-enhanced models regain dominance over
smaller open-weight baselines.

4.4 Richer Contextual Information Enhances
Community Alignment

We evaluate alignment under three profile granular-
ities: Coarse (Subreddit metadata only), Summary
(LLM synthesized profile), and Fine (raw conver-
sation history). As shown in Figure 4, increasing
granularity consistently improves both Distribution
Correlation and Point Estimation Accuracy across
all models, suggesting that raw conversational data
captures subtle yet essential cues.

Distribution Correlation (Kendall Tau T) Point Estimation Accuracy (1)

qwen3-32b O—A————9 O Y ——
qwen25-72b Oh——9 O A———e
gim4-32b OA—o O A—owou2@
llama33-70b [o" = ] O A—o
llama31-70b | O—A@® (e} A—0O
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Granularity O Coarse A  Summan y @ Fine

Figure 4: Effect of profile granularity on community
alignment. Comparison across Coarse, Summary, and
Fine levels. Alignment performance consistently im-
proves as granularity increases, indicating the value of
richer contextual information.

4.5 Alignment Accuracy Drops in Long-Tail
Communities

Taking the subreddit as basic unit, Figure 5 plots
the mean task accuracy against subscriber count,
which serves as community popularity. We ex-
plicitly define communities with fewer subscribers
as the long tail. The results reveal a significant
performance degradation in these long-tail regions
compared to mainstream communities, indicating
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Figure 5: Long-tail distribution challenge in commu-
nity alignment. We compare model accuracy against
community size across various subreddits. Models
achieve high accuracy on popular subreddits but struggle
to represent niche cultures, highlighting the difficulty of
aligning with the long tail of communities.

that model alignment correlates strongly with the
scale of available community data.

5 Modeling Individual via
Community-Level Alignment

We propose that community-level alignment en-
hances individual behavior modeling by treating
individuals as intersections of diverse community
identities. To empirically validate this hypothe-
sis, we first construct a representative Community-
Aligned Model by performing supervised fine-
tuning on the Qwen2.5-7B-Instruct backbone,
leveraging the dataset of community-specific pref-
erences constructed in our work. This model serves
as the practical implementation of community-level
alignment throughout the following experiments.

We validate the effectiveness of this approach
through three steps: demonstrating superior sim-
ulation fidelity (Section 5.1), comparing training-
based method against sampling-based method (Sec-
tion 5.2), and exploring the synergistic composition
of community identities (Section 5.3).

5.1 Community-level Alignment Facilitates
Individual Behavior Modeling

We evaluate our approach on SocioBench (Wang
et al., 2025), a benchmark designed to evaluate
opinion simulation across diverse individual. Com-
paring our Community model against OneSize and
Individual prompting baselines, Figure 6 shows
that our method consistently outperforms the In-
dividual baseline. This suggests that internalizing
community-level knowledge further enhances the
model’s capability for individual modeling.

Method [ OneSize [ Individual £ Community

Accuracy

00+

Figure 6: Performance of one-size-fits-all, individual-
level alignment, and community-level alignment on
SocioBench. The results demonstrate that training on
community data consistently yields higher simulation
accuracy than prompting with demographic context.

Citizenship

WorkOrientations Environment

SocialNetworks Family

Sociallnequality Health

RoleofGovernment Nationalldentity

Religion

Sampling-based Training-based Sampling+Training

Figure 7: Performance comparison of alignment
strategies across social domains. We evaluate
Sampling-based, Training-based, and Hybrid ap-
proaches. While the Training-based method dominates
most dimensions, the Sampling-based method excels
specifically in the Social Inequality domain.

5.2 Training Outperforms Sampling in
Individual Modeling

We compare Training-based against Sampling-
based method on SocioBench. Specifically, the
Sampling-based approach samples historical state-
ments from SocioVerse users (Zhang et al., 2025b)
who share identical demographic tags. As shown in
Figure 7, the Training-based method outperforms
in most domains, showing robust capture of general
norms. Conversely, the Sampling-based approach
excels in areas like Social Inequality, where histori-
cal context preserves nuances. The hybrid Sam-
pling+Training method yields moderate results,
failing to consistently surpass the baselines.

5.3 Group Identities Exhibit Domain-Specific
Sensitivity in Individual Modeling

Figure 8 confirms that group identities exhibit
domain-specific sensitivity in individual modeling.
Distinct contexts activate different signals—e.g.,
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Figure 8: Predictive importance of group identities
across societal domains. The heatmap shows normal-
ized accuracy scores for identity profiles across ten do-
mains. While the Holistic profile consistently achieves
peak performance, the influence of community identity
(e.g., Religion, Status) varies by topic.

Religion drives "Citizenship" while Status affects
"Role of Government." Consequently, the Holistic
profile achieves the highest accuracy by integrat-
ing these varied signals, validating the need for
intersectional modeling.

6 Related Work
6.1 LLM Alignment

Reinforcement Learning from Human Feedback
(RLHF) has remained the canonical post-training
paradigm for aligning instruction-following behav-
ior, typically by learning a preference/reward signal
and optimizing the policy under a KL constraint.
(Nakano et al., 2021; Askell et al., 2021; Bai et al.,
2022a; Glaese et al., 2022; Ouyang et al., 2022)
To address the complexity of RLHF pipelines, Bai
et al. (2022b) introduced principle-driven Al feed-
back. Similarly, Yuan et al. (2024) proposed self-
rewarding supervision mechanisms, while Calan-
driello et al. (2024) explored online preference op-
timization schemes. In the realm of supervised
learning, Dong et al. (2023) developed steerable
fine-tuning methods to reduce annotation burdens.
More recently, Rafailov et al. (2023) reparameter-
ized the objective to bypass explicit reward model-
ing. Following this direction, Hong et al. (2024);
Ethayarajh et al. (2024) have introduced a family
of lightweight variants such as ORPO and KTO.

6.2 Pluralistic Alignment and Challenges

A key shift in alignment objectives is moving from
a single "human preference" target toward pluralis-
tic goals that acknowledge legitimate disagreement

and heterogeneous norms. (Gabriel, 2020; Wei-
dinger et al., 2021; Sorensen et al., 2024b) Empiri-
cally, Santurkar et al. (2023); Bender et al. (2021)
observed that many models exhibit systematic
skews toward particular demographic value pro-
files. To address this, Tao et al. (2024); Kirk et al.
(2024) proposed approaches that explicitly surface
or control normative variation rather than averag-
ing it away. Operationally, Dong et al. (2023);
Sorensen et al. (2024b) emphasized "steerability"
by letting users select a normative frame. Further-
more, Feng et al. (2024); Sel et al. (2024) designed
modular or multi-stakeholder mechanisms to in-
corporate distinct perspectives without collapsing
them into a single policy.

6.3 Datasets and Evaluation

To study and train for pluralistic behavior, newer
resources make the provenance of preferences ex-
plicit, such as demographic or cultural dimensions.
(Kirk et al., 2024; Santurkar et al., 2023) Leverag-
ing these resources, Wang et al. (2024); Li et al.
(2024) analyzed when and why alignment diverges
across groups. Complementing demographic axes,
Yin et al. (2024) framed alignment as contex-
tual compliance using region-aware benchmarks.
Specifically, Rao et al. (2025); Tao et al. (2024)
evaluated how models adapt to local norms and
constraints. Regarding contested cases, Aroyo et al.
(2023) focused on disagreement-aware evaluations.
Finally, Chen et al. (2025); Gupta et al. (2025);
Chiu et al. (2025) aimed to measure whether mod-
els can reliably express or stay consistent with a
chosen value stance.

7 Conclusion

In this work, we propose community-level align-
ment as a "middle ground" to navigate the trade-off
between one-size-fits-all and individual-level align-
ment. We introduce CommunityBench, a large-
scale benchmark grounded in CICB theory, and
systematically evaluate a broad suite of founda-
tion models. Our evaluation reveals the limita-
tions of current systems in inferring community
norms, while our further analysis validates that the
community-aligned model can facilitate individual
modeling. By establishing that individuals can be
effectively modeled as intersections of diverse com-
munity identities, we provide a promising direction
for scalable and pluralistic alignment.



Limitations

Our work represents a first step towards estab-
lishing community-level alignment as a scalable
paradigm. To focus on the effectiveness of this
framework, we adopted specific design choices
that invite future expansion. First, our benchmark
primarily leverages Reddit due to its rich, self-
organized community structures. While this offers
high-density interaction data, future research could
explore how these findings generalize to platforms
with different social dynamics or multilingual en-
vironments. Second, we utilized voting signals as
a scalable proxy for collective preference. While
this enables large-scale modeling without expen-
sive human annotation, incorporating more gran-
ular signals—such as moderation logs or explicit
rule adherence—could further refine the resolution
of alignment. Finally, while we evaluated a broad
suite of models using verified LLM-based judges,
expanding evaluation to include dynamic, multi-
turn community simulations remains an exciting
avenue for future work.

Code and Data Availability

The source code and datasets are provided as sup-
plementary material to ensure anonymity during
the review process. Upon acceptance, all artifacts
will be publicly released under the MIT License
via GitHub.
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Leakage Ratio across Models
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Figure 9: Leakage ratio across models on the Com-
munity Identification task. Each bar shows the ratio be-
tween accuracies on the text-only and full-input settings
(AcCiext-only /Accry). A ratio close to 1 indicates that
the model achieves similar accuracy even without ac-
cess to the preference distribution, suggesting potential
information leakage or reliance on surface cues rather
than true distributional reasoning.

A Data Leakage Detection

To verify that performance on Community Identifi-
cation reflects genuine reasoning rather than mem-
orized content, we conduct a leakage analysis. This
task is prone to leakage because the queries and
responses may resemble Reddit threads seen dur-
ing pretraining. If a model can identify the target
community without distributional cues, it likely re-
lies on lexical or topical associations instead of true
preference reasoning.

As shown in Figure 9, most models exhibit high
leakage ratios (AccCiept—onity/Accpur > 0.85), in-
dicating limited dependence on preference distri-
butions. DeepSeek-V3 (0.94) and GPT-40 (0.92)
perform nearly identically with and without distri-
butions, while Gemini-2.5-Flash (0.75) and GLM-
4-32B (0.70) show lower ratios, suggesting greater
sensitivity to distributional cues. Overall, most
models still exploit surface correlations, with only
a few showing signs of genuine community-level
reasoning.

B Judge Consistency between Human
and Models

To justify the use of LLMs as automated evaluators,
we explicitly assess their consistency with human
judgments (Figure 10). The confusion matrices
reveal that while individual models like gpt-40
and grok-4-fast achieve high accuracy in detecting
clear preferences (win/lose), they struggle slightly
with the subtle neutral class. However, the majority
voting strategy proves highly effective at filtering
out this stochastic noise. By aggregating predic-
tions, the ensemble model achieves near-perfect
alignment with human labels—reaching 0.97 ac-
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Figure 10: Confusion matrices comparing LLM
judges against human annotations. The heatmaps
display row-normalized agreement rates across three
outcome labels (win, neutral, lose). While individual
models like GPT-40 show strong diagonal dominance,
the majority voting mechanism (bottom right) effec-
tively filters noise, achieving near-perfect alignment
with human ground truth, particularly in the critical win
and lose categories.

curacy for detecting "win" outcomes and 0.90 for
"neutral". This result empirically validates that our
voting-based mechanism is a rigorous and reliable
proxy for human evaluation in the proposed bench-
mark.
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C Prompt Lib

Prompts are organized by the major tasks in the
pipeline—data construction, inference, and evalua-
tion—so they can be pasted into Overleaf without
chasing individual scripts or paths.

C.1 Data Construction — Persona Summaries

Shared Analyst Framing

System Cue: “You are an analyst specialized
in summarizing the views and communication
patterns of social groups. Be concise, faithful
to the given texts, and avoid hallucinations.”
Purpose: Enforces conservative language and
factual grounding before user-level summariza-
tion prompts.

-

-

Group-Level Portraits from Subreddit Posts

Compact Identity Summary: Exactly three
bullets—(1) who the group believes they are,
(2) core values or motives, (3) perceived com-
petence/warmth. Each bullet <15 words, sin-
gle sentence, no headings/examples/meta com-
mentary. Payload injected after marke
GROUP EXPRESSIONS ===.

Theory-Grounded Persona: Four bullets tied
to social identity, psychographics, warmth/-
competence, and hierarchy/dominance orien-
tation. Each bullet 1-2 sentences, begins with
“~ <dimension>: ...”, remains abstract (no
quotes/lists). Same payload marker.

-

Communication-Style Portraits from Com-
ments

Concise Communication Persona: Summa-
rizes top conversation snippets in exactly three
bullets labeled Style, Structure, and Stance.
Each follows - *xxLabel:** description,
<15 words, no quotes/examples/meta text.

Extended Discourse Persona: Four bul-
lets—Rhetorical Style, Interaction Structure,
Stance Orientation, Group Boundary Signal-
ing. Each bullet 1-2 sentences, bold label,
excludes quotes/meta commentary. Payload
appears under === CONVERSATION SAMPLES

-

-




C.2 Inference — Model Query Prompts

Preference Identification

System: “Select the option that best fits the
group’s preference. Return STRICT JSON
{"answer_idx": <@-based int>} with no
explanations.”

User: JSON object with profile, query, and
options array; pick the single best option by
index, output JSON only.

Preference Distribution Prediction

System: Guides model to allocate proba-
bility mass by evidence, discouraging uni-
form outputs; mandates STRICT JSON
{"probs":[p1,...,pk]l} with exactly k non-
negative numbers summing to 1.

User: Mirrors task fields and reiterates that ex-
actly k probabilities must be emitted, showing

clear ordering when evidence favors options.
J

Community Identification with Distribu-
tions

System: “Match the given preference dis-
tribution to the most compatible candi-
date group profile. Return STRICT JSON
{"answer_idx": <@-based int>}.
User: Includes query, textualized preferences,
numeric distribution, and candidate portraits.
Ends with “Pick the candidate best aligned
L with the distribution.” )
System: “Write a concise, helpful response
that reflects the group’s style/values from the
given profile. Stay on topic and avoid unsafe
content.”
User: Minimal JSON carrying profile and
query; model’s free-form completion is in-
serted as output.

N

-
&

Blind Community Identification (No Distri-

bution)

System: “Match the given user prefer-
ences to the most compatible candidate
group profile... Return STRICT JSON
{"answer_idx": <@-based int>}.

User: Provides only query, preference texts,
and candidate portraits. Used when true prefer-
| ence distribution is hidden.
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C.3 Evaluation — LLM Judge Prompts

Judge System Message

“You are a careful, impartial evaluator. Your
ONLY task is to judge which candidate’s re-
sponse (A or B) better matches the given PRO-
FILE’s tone, style, and cultural communication
habits. Do NOT reward extra detail unless the
PROFILE values it; concise or casual replies
may fit better.

Return a short JSON object ONLY with keys

L vote (A/B/Tie) and reason (brief).”

J

Judge User Template

Renders the PROFILE, QUERY, Candidate
A output, and Candidate B output, then
instructs:  “Reply ONLY as JSON like
{"vote":"A|B|Tie", "reason"”:"<brief
explanation>"}. Evaluate solely on style/-
tone alignment with the profile, ignoring
informativeness unless required.”

-




D Identity Composition: Synergistic Integration and Selective Expression

We investigate individual identity as a dynamic composition of group memberships by decomposing
profiles into single-attribute agents and comparing them against a combined individual profile. Figure
11 reveals that this integration is synergistic: the combined profile consistently surpasses the accuracy
of any single dominant group. Crucially, the low Single-Combined Agreement (< 50%) indicates
that the individual does not simply mirror a single group norm, but rather negotiates a unique stance
amidst conflicting influences. This variance across domains further highlights a mechanism of selective
expression, where specific group traits (e.g., Religion in Family values) are prioritized based on their
situational relevance.
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Figure 11: Identity decomposition analysis on SocioBench. We compare the performance of single-attribute
agents (points) against the combined individual profile (red dashed line). The x-axis denotes the agreement rate
between the single-attribute and combined agents, while the y-axis represents prediction accuracy. The results
visualize the synergistic integration of identities: the combined profile typically outperforms single attributes despite
low agreement (< 50%), highlighting the tension and selective expression of traits across different domains.
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E Instructions to Annotators

To validate the reliability of our LLM-based evaluation framework, we conduct a human study focused on
the Community-Consistent Generation task. We recruit human annotators to perform pairwise comparisons
between model-generated responses. The specific instructions provided to the annotators are as follows:

Task Overview You will be presented with a Community Profile (describing a specific subreddit’s
identity, values, and communication style), a User Query, and two candidate Responses (labeled A and
B). Your goal is to determine which response better reflects the community’s unique persona.

Evaluation Criteria Please judge the responses based on the following dimensions:

» Stance Alignment: Does the response express opinions or values consistent with the community
profile?

* Tone and Style: Does the linguistic style (e.g., slang, formality, emotional intensity) match the
community’s typical discourse?

* Relevance: Is the response directly addressing the user query?

Labeling Options
* A is Better: Response A is clearly more aligned with the community profile than B.
* B is Better: Response B is clearly more aligned with the community profile than A.
* Tie: Both responses are equally good or equally bad in representing the community.

Annotation Procedure Each instance is annotated by three independent annotators to ensure reliability.
Annotators are instructed to avoid personal bias and judge solely based on the provided Community
Profile.

F Payment to Annotators

We recruit 3 expert annotators proficient in English and familiar with internet culture. To ensure fair
compensation and high-quality data:

* Compensation Rate: Annotators are paid at a rate equivalent to approximately $15.00 per hour,
which exceeds the local minimum wage.

* Ethical Considerations: All annotators are informed that the dataset involves Reddit content, which
may contain sensitive topics. They were provided with the option to skip any content they found
uncomfortable without penalty.

G Information about Use of AI Assistants

In accordance with the policy on the use of Al writing assistants, we declare the following regarding the
preparation of this manuscript:

* Scope of Use: We utilized Large Language Models (specifically ChatGPT-5.2 and Gemini-3-pro)
solely for the purpose of refining the clarity, grammar, and flow of the text.

* No Content Generation: Al tools were not used to generate new scientific ideas or experimental
results. All analyses presented in CommunityBench are the original work of the authors.

* Author Responsibility: The authors have reviewed all Al-suggested modifications and take full
responsibility for the content of this paper.
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