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Abstract

Understanding human attitudes, preferences, and behaviors
through social surveys is essential for academic research and
policymaking. Yet traditional surveys face persistent chal-
lenges, including fixed-question formats, high costs, limited
adaptability, and difficulties ensuring cross-cultural equiva-
lence. While recent studies explore large language models
(LLMs) to simulate survey responses, most are limited to
structured questions, overlook the entire survey process, and
risks under-representing marginalized groups due to training
data biases. We introduce AlignSurvey, the first benchmark
that systematically replicates and evaluates the full social sur-
vey pipeline using LLMs. It defines four tasks aligned with
key survey stages: social role modeling, semi-structured in-
terview modeling, attitude stance modeling and survey re-
sponse modeling. It also provides task-specific evaluation
metrics to assess alignment fidelity, consistency, and fair-
ness at both individual and group levels, with a focus on de-
mographic diversity. To support AlignSurvey, we construct
a multi-tiered dataset architecture: (i) the Social Founda-
tion Corpus, a cross-national resource with 44K+ interview
dialogues and 400K+ structured survey records; and (ii) a
suite of Entire-Pipeline Survey Datasets, including the expert-
annotated AlignSurvey-Expert (ASE) and two nationally rep-
resentative surveys for cross-cultural evaluation. We release
the SurveyLM family, obtained through two-stage fine-tuning
of open-source LLMs, and offer reference models for eval-
uating domain-specific alignment. All datasets, models, and
tools are available at github and huggingface to support trans-
parent and socially responsible research.

Code — https://github.com/PiLab-ZJU/AlignSurvey
Datasets & Models — https://huggingface.co/PiLabZJU

Extended Version with Appendix —
https://arxiv.org/abs/2511.07871

Introduction

Understanding human preferences, attitudes, and behaviors
is central to both academic research and evidence-based pol-
icymaking. Social surveys, spanning qualitative interviews

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

38908

and quantitative questionnaires, have long served as a crit-
ical tool in this endeavor (Wright, Marsden et al. 2010;
Tourangeau 2004), with an estimated $35.1 billion spent an-
nually on survey research worldwide (ESOMAR 2024).

Despite this scale, traditional surveys face persistent chal-
lenges: fixed-question formats limit adaptability (Heffetz
and Reeves 2019); high costs often force sampling compro-
mises, introducing biases (Kalton 2009); slow turnaround
hinders responsiveness to emerging issues (Moy and Mur-
phy 2016; Evans and Mathur 2018; Prosser and Mellon
2018); and cross-cultural equivalence remains difficult de-
spite translation efforts (Tsai et al. 2025).

Large language models (LLMs) offer a promising alterna-
tive. By learning from vast public corpora, LLMs can simu-
late human responses and reduce the burden of manual data
collection (Thapa et al. 2025; Mellon et al. 2024; Zhang
et al. 2025). However, their outputs often reflect the pref-
erences of digitally active, well-educated users (Giorgi et al.
2025; Abeliuk, Gaete, and Bro 2025), reinforcing represen-
tational bias (Wang, Morgenstern, and Dickerson 2025; Hu
et al. 2025; Hofmann et al. 2024) and marginalizing rural,
low-income, or elderly populations. Group-level disparities
are often underexplored, and many existing works lack sys-
tematic evaluation across demographic subgroups.

Existing benchmarks primarily focus on fixed-option
quantitative tasks (Ji et al. 2023; Liu et al. 2025; Zhou et al.
2025; Lee et al. 2024), overlooking the full pipelines of
professional surveys, such as qualitative interviewing and
context-aware reasoning. This critical gap calls for a com-
prehensive framework that aligns LLMs with human prefer-
ences across the entire survey process.

To address these gaps, we introduce AlignSurvey, the
first benchmark designed to systematically replicate and
evaluate the full pipeline of professional social surveys us-
ing LLMs. AlignSurvey mirrors four core stages of pro-
fessional social surveys (Ahmed, Pereira, and Jane 2024;
Fetters, Curry, and Creswell 2013) by mapping role explo-
ration, qualitative survey, attitude mining and quantitative
survey to corresponding modeling tasks: Social Role Mod-
eling, Semi-structured Interview Modeling, Attitude Stance
Modeling and Structured Response Modeling. We introduce
task-specific evaluation metrics that enable alignment as-
sessment across tasks at individual and group levels, with
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Figure 1: Overview of the AlignSurvey. AlignSurvey is a four-stage benchmark that mirrors the professional social survey
process. The upper panel depicts a multi-tiered dataset: we pretrain on the Social Foundation Corpus and fine-tune on the
Entire-Pipeline Survey Dataset for the four survey stages. AlignSurvey is the first to align LLMs across the entire social science
survey, surpassing prior work limited to structured responses.

a particular focus on fairness and demographic diversity.

To support this pipeline, we construct a multi-tiered
dataset architecture. The first component, the Social Foun-
dation Corpus, is a cross-national resource comprising
44,000+ interview dialogues collected from publicly acces-
sible video platforms and oral history books, and 400,000+
structured records from four authoritative surveys: ATP,
ESS, CSS, and CGSS. These corpora provide foundational
knowledge across diverse socio-cultural contexts, covering
domains such as family dynamics, civic engagement, and
inequality. We further introduce the Entire-Pipeline Sur-
vey Datasets for task-specific supervision. At the core is
AlignSurvey-Expert (ASE), an expert-annotated dataset
consisting of 161 semi-structured interviews and 1,679
questionnaires, comprising 2,500+ dialogues and 16,000+
responses, and enriched with detailed demographic meta-
data and annotated reasoning chains. To enable cross-
national validation, we include two nationally representative
datasets: the U.S.-based GSS and the China-based CHIP.

Based on AlignSurvey, we fine-tune three representative
open-source LLMs to develop the SurveyLM model family.
The training follows a two-stage alignment strategy: we first
adapt base model on the Social Foundation Corpus to equip
it with general social knowledge and discourse patterns, then
fine-tune them on each task using the Entire-Pipeline Survey
Datasets. These models serve as strong reference baselines
for evaluating alignment across survey tasks.

Experiments demonstrate that general-purpose LLMs fail
to reliably reproduce survey outcomes, particularly for un-
derrepresented groups. In contrast, SurveyLM models yield
substantial improvements, 10-20% gains in demographic
alignment and stance prediction, highlighting the need for
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domain-specific adaptation in social applications of LLMs.

Our contributions can be summarized as follows:

e We introduce AlignSurvey, the first benchmark that sys-
tematically replicates the full pipeline of professional social
surveys using LLMs, including tasks for social role model-
ing, interview simulation, attitude modeling, and structured
response prediction.

e We construct a multi-tier dataset architecture compris-
ing (i) the Social Foundation Corpus (44K+ interviews,
400K+ survey records), and (ii) Entire-Pipeline Survey
Datasets for full-pipeline alignment, enabling robust, cross-
national evaluation and task-specific supervision.

e We release the SurveyLM model family, trained via a
two-stage alignment strategy, as reference models for evalu-
ating task-specific alignment across the survey pipeline.

e We contribute AlignSurvey-Expert (ASE), a multi-
tiered dataset comprising expert-annotated interviews and
thematic survey responses. It includes attitudinal stances,
reasoning chains and demographic profiles, supporting su-
pervision and evaluation across entire social survey process.

e All datasets, models, and evaluation code will be re-
leased at github and huggingface to support transparent, re-
producible, and socially impactful research.

Related Work

Simulating Survey Respondents with LLMs. To reduce
the cost and rigidity of traditional survey methods (Wright,
Marsden et al. 2010; Heffetz and Reeves 2019; Kalton
2009), recent research explores using LLMs as virtual re-
spondents (Zhou, Li, and Yu 2024; Zhu, Huang, and Sang
2025; Wang et al. 2024; Li et al. 2024; Santurkar et al.
2023b; Abdurahman et al. 2024a). Most approaches fall



Benchmark \ Type Size Source Demographic  Multi-Country Availability
Psychology-related

PhDGPT (De Duro et al. 2024) Quant 756K Synthetic v X Dataset
Psych-101 (Binz et al. 2024) Quant 10M Public X v Model + Dataset
Scenario (Cui, Li, and Zhou 2025) Quant / Public X X Dataset
Social Survey-related

OpinionQA (Santurkar et al. 2023a) Quant 80K Public v X Dataset
Anthology (Moon et al. 2024) Quant 10K Public v X Dataset
SubPOP (Suh et al. 2025) Quant 73K Public v X Dataset
AlignSurvey (Ours) Qual + Quant 600K  Expert + Public v v Model + Dataset

Table 1: Overview of benchmarks related to psychology and social surveys. Abbreviations are explained in the extended version.

into prompt engineering, that simulates demographic vari-
ation via persona-based instructions (Santurkar et al. 2023b;
Hwang, Majumder, and Tandon 2023; Simmons 2022; Kim
and Yang 2024; Sun et al. 2024; Moon et al. 2024) and fine-
tuning on real-world corpora to model individual or group
preferences (Chu et al. 2023; He et al. 2024; Kwon et al.
2023; Zhao, Dang, and Grover 2023; Suh et al. 2025). How-
ever, most of these efforts focus on isolated tasks and rarely
address qualitative interviewing or full survey pipelines.

Benchmarks for Aligning LLMs with Social Survey
Data. While aligning LLMs with human preferences re-
mains a core challenge (Kopf et al. 2023; Aroyo et al. 2023;
Lambert et al. 2024; Ethayarajh et al. 2024), benchmarks
focused on social surveys are limited. Table 1 summarizes
representative datasets across psychology and survey do-
mains. Psychology-related resources have grown rapidly, of-
ten relying on synthetic scenarios to model cognition and re-
sponses (Binz and Schulz 2023; Binz et al. 2024; Abdurah-
man et al. 2024b; Dominguez-Olmedo, Hardt, and Mendler-
Diinner 2024). However, they mostly focus on individual
cognition, lack real-world demographic variation, and do not
model full survey workflows. Survey-focused benchmarks
such as OpinionQA, Anthology, and SubPOP (Kirk et al.
2024; Santurkar et al. 2023a; Moon et al. 2024; Suh et al.
2025) target structured, fixed-option questions, typically in
U.S. contexts. They overlook qualitative interviewing, rea-
soning chains, and cross-cultural validity. None of these
benchmarks replicates the entire process of professional so-
cial surveys or enables integrated evaluation across qualita-
tive and quantitative components with expert annotations.

AlignSurvey
Design Principle

AlignSurvey is designed to systematically evaluate whether
large language models can replicate the entire social sur-
vey process. As shown in Figure 1, the typical process of
a professional social survey comprises four stages (Ahmed,
Pereira, and Jane 2024; Fetters, Curry, and Creswell 2013):
(1) Role Exploration: finding investigation targets, (2) Qual-
itative Survey: conducting semi-structured interviews, (3)
Attitude Mining: extracting attitude stances and reasoning
chains from dialogues, and (4) Quantitative Survey: collect-
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ID Task Train  Test
Task1 Social Role 8712 2880
Task2 Semi—structured Interview 1904 632
Task3.1  Attitude Stance(Individual) 13239 3338
Task3.2  Attitude Stance(Group) 108 36
Task4.1  Structured Response(Individual) 54180 12047
Task4.2  Structured Response(Group) 46815 8674

Table 2: Details of tasks within AlignSurvey.

ing structured responses. AlignSurvey mirrors this process
into four modeling and evaluation tasks: Social Role Mod-
eling, Semi-structured Interview Modeling, Attitude Stance
Modeling, and Structured Response Modeling. The Attitude
and Response Modeling tasks include individual- and group-
level subtasks to enable analysis of model alignment across
multiple levels of social understanding. AlignSurvey pro-
vides stage-specific metrics to diagnose model strengths and
limitations to support both rigorous benchmarking and re-
sponsible use in empirical social research.

Data Collection and Processing

AlignSurvey builds a multi-tiered dataset that combines
large-scale public data and expert-curated resources to sup-
port comprehensive social contextual grounding and full
pipeline alignment for LLM-based social surveys process.

Social Foundation Corpus. This corpus provides founda-
tional training to equip models with broad social knowledge
and cultural patterns before task-specific alignment. It com-
prises two components:

Qualitative Corpus contains 44,021 structured interview
dialogues from publicly accessible video platforms and
books, spanning diverse national and cultural contexts. Dia-
logues are segmented into conversational turns, with a 5-turn
sliding window used to predict the next response.

Quantitative Corpus comprises 411,174 records from
four authoritative cross-national surveys: the American
Trends Panel (ATP), European Social Survey (ESS), Chi-
nese Social Survey (CSS), and Chinese General Social Sur-
vey (CGSS). These datasets cover topics such as public



opinion, trust, inequality, and civic engagement. We se-
lected five waves of ATP (40, 41, 54, 81, 103), Round 11
of ESS, and the latest releases of CSS and CGSS. To miti-
gate response biases (e.g., label-position bias (Dominguez-
Olmedo, Hardt, and Mendler-Diinner 2024)), option labels
and choices were randomly shuffled.

Entire-Pipeline Survey Datasets. As existing datasets
seldom support full-pipeline alignment, we compile this suit
of datasets, which comprises (1) AlignSurvey-Expert, an
expert-annotated dataset, and (2) two national surveys from
the U.S. and China.

AlignSurvey-Expert (ASE) is the core dataset for super-
vising and evaluating model performance across all four sur-
vey stages. It includes:

Qualitative Component includes 161 semi-structured in-
terviews that comprise 2,500+ dialogues conducted by 15
social scientists, and each paired with rich demographic
metadata (e.g., age, household size, occupation). The inter-
views are organized around eight core questions reflecting
social perception. The first four gather general topic aware-
ness, whereas the latter four target themes of service quality,
social mobility, future expectations, and policy preferences.
Each interview is divided into theme-specific dialogue seg-
ments, each comprising a sequence of utterances reflecting
the respondent’s views. Each segment is annotated by six do-
main experts with an attitude label (positive, neutral, or neg-
ative) and a reasoning chain explaining the stance. See Ap-
pendix F for annotation details and reliability. These chains
capture underlying logic by incorporating contextual factors
such as life experience, group identity, and perceived fair-
ness. Grounded in demographic profiles and dialogue con-
tent, they enable transparent, interpretable alignment evalu-
ation in assessing subgroup-level fidelity, and serve as key
supervision signals for training attitude models.

Quantitative Component includes 1,679 questionnaires
that comprise 16,000+ responses designed around the same
themes as the interviews. These were collected via an on-
line platform, with rigorous screening applied to ensure
data quality. Each question contains multiple labeled answer
choices (e.g., A/B/C), which were randomly shuffled to mit-
igate position bias. The correct answer for each question is
explicitly marked to support supervised learning and evalu-
ation in structured response modeling.

Supplementary National Datasets. To support robustness
checks and enhance cross-cultural generalization, we in-
clude two complementary national questionnaire datasets:
the General Social Survey (GSS) from the U.S. and the
China Household Income Project (CHIP). Both underwent
the same preprocessing procedures as the questionnaire cor-
pus of ASE, including label shuffling and standardized for-
matting, enabling consistent cross-dataset evaluation.

See Appendix A for detailed dataset information and Ap-
pendix G.1 for licensing details.

Task Definition

AlignSurvey defines four core tasks aligned with key stages
of the social survey pipeline, each guided by tailored
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prompts and evaluation metrics to ensure faithful modeling
and assessment.

Task 1: Social Role Modeling. This task evaluates
whether an LLM can predict an interviewee’s demographic
attribute (e.g., gender, education level) ¢; € ¢ from a theme-
specific dialogue segment D(*), where ¢ denotes the theme.
The model prediction is: ¢; = frr M(D(t)). Model perfor-
mance is measured by accuracy: the proportion of predicted
¢; matching the ground-truth ¢;:

N
1
Accuracy = i Z 1[¢; = ¢,
i=1

where I[] is the indicator function.

Task 2: Semi-structured Interview Modeling. This task
evaluates whether the model can generate coherent inter-
view responses conditioned on a full demographic profile
¢ = (e, ca, .., ¢;) and recent dialogue history 7—[9, the last
7 = 5 utterances of a dialogue D). The model prediction
is: d,(,gt = frou(e, ’H(Tt)). The generated response is eval-
uated along three dimensions: (i) Naturalness (fluency and
topical coherence), (ii) Style Match (alignment with inter-
view tone), and (iii) Consistency (logical and factual coher-
ence).

Formally, let 7 be the set of evaluators !, and sgdlz be the

score assigned by evaluator j € J on dimension k for dia-
logue d. The final score is computed as:

1 d)
S = 36l
gk

Tl =

Task 3: Attitude Stance Modeling. This task involves
predicting both individual- and group-level attitude stances
A and reasoning chains R.

Individual-level. Given individual demographic profile ¢
and theme ¢, the model predicts the attitude stance and rea-
soning chain: (6", 7)) = frrar(e,t). Predictions are
evaluated using macro-averaged accuracy, precision, recall,
and F1 (for attitude stances), and ROUGE, Jaccard, and co-
sine similarity (for reasoning chains).

Group-level. For each question, the model produces in-
dividual stance predictions ai(")i = 1%V for respondents be-
longing to a demographic group t. We convert these predic-
tions into an empirical stance distribution by counting label
frequencies: p = Aggregate({dgt)}), p € AMI=1 The
predicted distribution is compared with the reference distri-
bution p using the Wasserstein distance:

Wl (f)a p) = min § Fu'ucuvv
>0,l1=p,[ T 1=p
u,veA

where C',,, denotes the ground distance between stance la-
bels u, v € {positive, neutral, negative}.

"For Task 2 evaluation, to reduce bias and improve robustness,
we use multiple strong LLMs (e.g., GPT-40, DeepSeek-R1, Qwen-
Max) as automated evaluators, with human validation confirming
high agreement and consistency (see Appendix E.3).



Model Task 1 Task 2 Task 3

Accpasic T AcCsocial T ACCramity T | Nat.?  Sty.t Cons.T Acc.? Jaccard? WDJ
GPT-40 (Zero) 44.08% 35.28% 3.85% 345 2.85 2.89 38.12% 0.099 1.648
GPT-40 (Few) 40.59% 36.58% 17.43% 3.49 2.80 2.75 42.73% 0.103 1.180
Claude 3.7 Sonnet (Zero) 42.72% 34.17% 4.06% 341 2.81 2.85 28.12% 0.064 1.332
Claude 3.7 Sonnet (Few) 40.15% 33.18% 14.34% 3.48 2.83 2.90 31.48% 0.072 1.120
DeepSeek-R1 (Zero) 38.52% 3431% 6.56% 3.40 2.81 2.83 36.88% 0.075 1.356
DeepSeek-R1 (Few) 36.36% 30.53% 18.27% 3.47 2.70 2.78 41.05% 0.081 1.100
R1-Distill-Qwen-14B (Zero) 30.25% 27.08% 2.81% 2.78 2.20 2.36 38.75% 0.105 1.795
R1-Distill-Qwen-14B (Few) 34.72% 31.18% 15.87% 2.85 2.25 2.30 33.81% 0.111 1.140
Qwen2.5-72B (Zero) 37.83% 33.34% 3.12% 3.40 2.72 2.85 35.00% 0.102 1.653
Qwen2.5-72B (Few) 38.65% 32.75% 16.90% 3.46 2.65 2.70 42.16% 0.113 1.050
Mistral-7B-v0.3 (Zero) 32.58% 35.14% 5.10% 3.21 2.57 2.44 38.44% 0.106 1.534
Mistral-7B-v0.3 (Few) 39.31% 32.73% 16.53% 3.28 2.50 2.40 39.77% 0.114 0.302
Meta-Llama-3.1-8B (Zero) 37.00% 33.89% 8.33% 3.30 2.69 2.79 39.38% 0.107 1.521
Meta-Llama-3.1-8B (Few) 35.42% 32.52% 16.02% 3.36 2.60 2.68 39.96% 0.119 0.447
Qwen2.5-7B (Zero) 36.08% 33.89% 2.71% 3.39 2.67 2.79 36.88% 0.104 1.700
Qwen2.5-7B (Few) 27.92% 37.83% 16.76% 3.44 2.60 2.85 44.69% 0.118 0.372
Survey L Myistral-78-v0.3 48.24%**  52.23%**  47.08%*" 261 290 290" | 57.13%** 0.131"*  0.297**
SurveyL Myeta-11ama-3.1-88 50.55%**  58.32%™*  44.73%** | 3.77° 3.00*  2.94* 55.09%**  0.134"*  0.458*"
SurveyL Mqwen2.5-78 54.65%** 57.23%** 48.71%* | 3.98* 296*  3.01" 56.83%**  0.128"*  0.385*"

Table 3: Multi-Task Evaluation Results

. SurveyLM raises accuracy by about 10 to 15 percentage points and roughly halves

Wasserstein distance. We conducted t-tests between each SurveyLM and its zero-shot model; *p < 0.05 and **p < 0.01. 1
indicate that higher values are better, while | indicate that lower values are better.

To mitigate bias, we ground predictions in expert-
annotated reasoning chains and training with demographic
fine-grained profiles. This enables interpretable, group-
aware alignment without relying on stereotypes.

Task 4: Survey Response Modeling. This task predicts
individual and group-level responses to questionnaire items.

Individual-level. Given a demographic profile ¢ and ques-
tion ); with labeled options (I;, 0;), the model predicts the

respondent’s selected answer (lAi7 6;) = from(e, Q;), where
l; denotes the label (e.g., A/B...) and o; denotes the content.
Predictions are evaluated using accuracy, macro-averaged
precision, recall, and F1, based on the ground-truth answers.

Group-level. Aggregating individual responses, the
model generates a distribution over possible answers: p; =
Aggregate({6,}), P, € AlFI=1. Alignment is measured
via the Wasserstein distance (Similar to Task 3).

Table 2 summarizes the task definitions and dataset statis-
tics. Further task-specific details and examples are provided
in the Appendix D and E.

Constructing the SurveyLM Family. We adopt a two-
stage alignment strategy to build the SurveyLM model fam-
ily. First, we fine-tune three open-source LLMs (Mistral
7B, LLaMA 3.1 8B, Qwen 2.5 7B) on the Social Foun-
dation Corpus to equip them with general social concepts
and culturally diverse discourse patterns. Then, we fine-tune
the adapted models on the four AlignSurvey tasks using
the Entire-Pipeline Survey Datasets, enabling task-specific
alignment with both qualitative and quantitative objectives.
The resulting models serve as strong reference baselines for
domain-aligned social survey modeling and will be publicly
released to support reproducible research.
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Experiments & Discussion
Setup and Implementation Details

We evaluate models under three settings: zero-shot, few-
shot (with three in-context examples), and supervised fine-
tuning (SFT). SFT corresponds to the training procedure
used to construct the SurveyLLM family, which adapts LLMs
through corpus-level and task-specific supervision. SFT first
trains on the Social Foundation Corpus (1 epoch), followed
by each task dataset (3 epochs). Prompts exceeding the
model’s context window are truncated by removing the mid-
dle segment, retaining the task instruction and query. Prompt
templates are provided in Appendix D and E.

We apply LoRA (rank 8) targeting all attention and feed-
forward layers. Training uses AdamW with learning rate
1 x 10—, cosine decay schedule, 10% linear warm-up, and
bfloat16 precision. The effective batch size is 32 (per-device
batch size of 4 with gradient accumulation of 8). All ex-
periments fix the random seed to 42. Inference runs on 8x
NVIDIA H20 GPUs or official APIs for proprietary models.

Evaluated Models

We benchmark three groups of models for compara-
tive analysis. Representative Top-tier Models: GPT-4o,
Claude 3.7 Sonnet, DeepSeek-R1, DeepSeek-R1-Distill-
Qwen-14B, and Qwen2.5-72B, serve as references for
general-purpose performance. Open-source Base Mod-
els: Meta-LLaMA-3.1-8B, Qwen2.5-7B, and Mistral-7B-
v0.3 act as task-agnostic baselines, allowing analysis of
architecture and scale effects on alignment. SurveyLM
Family: SurveyLMmeta-LLaMA-3.1-88,  SurveyLMquwen 2.5.78,
and SurveyLMuiral78-v0.3 specialized for the full survey
pipeline and used to evaluate supervised domain alignment.



Model ASE CHIP GSS

Acc.t F11 WDJ Acc.? F11 WDJ Acc.t F11 WDJ
GPT-40 (Zero) 46.56% 22.05%  2.1336 | 5343% 2624% 19325 | 32.79% 24.41% 1.1130
GPT-40 (Few) 4791%  23.10%  1.7895 | 54.32% 27.30% 1.6992 | 33.85% 25.10%  1.0284
Claude 3.7 Sonnet (Zero) 4211% 18.44%  1.7789 | 47.21%  9.50% 1.8872 | 33.94% 2593%  1.2248
Claude 3.7 Sonnet (Few) 42.95% 19.50%  1.6542 | 4798%  9.95% 1.7318 | 34.55% 26.60%  1.1095
DeepSeek-R1 (Zero) 4721%  7.11% 1.9987 | 44.65%  4.52% 1.7789 | 34.54% 23.15% 1.3854
DeepSeek-R1 (Few) 47.88%  7.65% 1.8527 | 4527%  4.90% 1.6523 | 3520% 23.70%  1.2432
R1-Distill-Qwen-14B (Zero) | 49.54%  25.90%  1.9295 | 50.62% 29.36%  1.9448 | 29.39% 11.57%  0.7920
R1-Distill-Qwen-14B (Few) | 50.29% 26.80%  1.7164 | 51.37% 30.67% 1.7104 | 30.20% 12.25%  0.7548
Qwen2.5-72B (Zero) 4220%  3.80% 1.8654 | 4798% 13.29% 19918 | 34.50% 21.14% 1.2180
Qwen2.5-72B (Few) 43.06%  4.05% 1.7348 | 48.66% 14.02%  1.7989 | 35.60% 22.05% 1.1112
Mistral-7B-v0.3 (Zero) 28.04%  1.10% 22118 | 23.60%  3.46% 1.9941 3.19% 0.20% 1.1479
Mistral-7B-v0.3 (Few) 3047%  1.25% 2.0823 | 26.89%  3.70% 1.8876 | 10.30%  0.24% 1.0913
Meta-Llama-3.1-8B (Zero) 14.84%  0.17% 2.1154 | 20.84%  2.40% 1.7748 1.61% 0.08% 1.5004
Meta-Llama-3.1-8B (Few) 1726%  0.19% 1.9451 | 22.46%  2.60% 1.6435 6.90% 0.12% 1.3817
Qwen2.5-7B (Zero) 16.39%  0.12% 1.8479 | 51.95% 12.51% 19099 | 2533%  4.30% 1.2411
Qwen2.5-7B (Few) 18.46%  0.15% 1.7059 | 53.14% 13.15% 1.7441 | 26.85%  4.55% 1.1371
Survey L Muisual-78-v0.3 54.59%** 41.34%** 0.0671""| 65.56%** 35.35%** 0.0857**| 51.06%** 35.73%** 0.2097**
Survey L Myeta-Liama-3.1-88 56.11% " 41.47%** 0.0675""| 64.89%*" 32.99%** 0.0845™*| 51.44%"* 33.84%"* 0.2137**
SurveyL Mqowen2.5-78 55.47%* 41.79%"* 0.0541""| 67.17%"* 34.94%** 0.0686™" | 51.52%** 36.22%** 0.1849**

Table 4: Survey Response Modeling (Task4) Results. SurveyLLM achieves high accuracy and F1 scores while yielding substan-
tially smaller Wasserstein distances. Two-sided t-tests vs. zero-shot baselines: *p < 0.05, **p < 0.01. 1 indicate that higher
values are better, while | indicate that lower values are better.

Experimental Results & Analysis

Table 3 and Table 4 report aggregated results for Tasks 1-3
and Task 4. For Task 1, we divided accuracy into three cat-
egories which specific classification can be found in Ap-
pendix B.1. Figure 2 complements these with a radar chart
overview of model performance across tasks. Detailed per-
label scores and metrics are provided in Appendix B and C.

Task 1: Social Role Modeling. SurveyLM models signif-
icantly outperform all baselines in predicting fine-grained
demographic attributes. While top-tier models like GPT-40
perform decently on binary traits (e.g., gender), they strug-
gle with complex categories such as family structure and
social roles. Few-shot prompting yields limited gains. Sur-
veyLM models improve accuracy by over 10 points across
attributes, with the strongest gains in familial and social con-
text fields. Notably, a fine-tuned 7B model (Qwen) surpasses
its 72B counterpart, highlighting the impact of domain align-
ment over model scale.

Task 2: Semi-structure Interview Modeling. General-
purpose models (e.g., GPT-40, DeepSeek-R1) reach mod-
erate naturalness but lack stylistic consistency and fail to
match the interview style. SurveyLM models, with two-
stage alignment, yield more fluent, coherent, and contextu-
ally appropriate responses, demonstrating the importance of
fine-tuning for qualitative generation.

Task3. Attitude Stance Modeling. General-purpose
models tend to default to majority stances with generic
reasoning, showing 28—45% accuracy and limited few-shot
improvement. They perform poorly on group-level metrics
Wasserstein Distance. SurveyLM models exceed 55%
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accuracy and generate higher-quality explanations (Jaccard
higher), confirming the value of alignment for accurate,
interpretable attitude inference in public opinion modeling.

Task4. Survey Response Modeling. In both zero- and
few-shot settings, general-purpose models yield low-fidelity
outputs (accuracy <50%, low F1). SurveyLM achieves high
accuracy and F1 scores while yielding substantially smaller
Wasserstein distances on ASE, CHIP, and GSS. The pro-
nounced jump in F1 shows that the model no longer “plays
it safe” by predicting the midpoint response for everyone. It
learns to recognize and output the full spectrum of options.
This balanced improvement mitigates the central-tendency
bias that questionnaires often suffer from. These results
demonstrate the strength of supervised alignment for struc-
tured response prediction.

Ablation Analysis. To assess the impact of each align-
ment stage, we conduct ablation tests on three backbones
(Mistral-7B, LLaMA-3.1-8B, Qwen2.5-7B), removing ei-
ther Stage I (foundation adaptation, w/o Foundation) or
Stage II (task-specific tuning, w/o Task SFT), keeping other
conditions fixed.

As shown in Table 5, removing either stage degrades
performance. Omitting foundation adaptation yields mod-
erate drops, while skipping task-specific tuning causes se-
vere degradation. Full SurveyLM models outperform ab-
lated variants, confirming that foundation-level pretraining
and task-specific supervision are complementary. This high-
lights the effectiveness of our two-stage alignment strategy
in adapting general-purpose LLMs to social survey tasks.

Equity-Oriented Gains. Figure 3 shows Task 3 accuracy
across demographic attributes using the Qwen2.5-7B. Sur-
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Figure 2: Radar chart of task performance. Axes are task
scores (higher is better; WD inverted).

veyLM consistently shifts scores toward higher accuracy,
while baselines often remain near or below midpoint. No-
tably, SurveyLM significantly boosts accuracy for under-
represented groups, including rural, elderly (76+), self-
employed, and low-/middle-income individuals, reducing
disparities with advantaged counterparts (urban, college-
educated, high-income) and enhancing demographic equity.
Full comparisons across models are in the Appendix C.2.

Social Impact and Alignment Implications

Our experiments show that socially grounded alignment en-
hances both performance and fairness. AlignSurvey and Sur-
veyLM help recover signals from marginalized groups, re-
ducing reliance on dominant narratives and supporting more

Model T1 T2 T3 T4(ASE)
Acc Avg Acc WD Acc WD

SurveyL Mwviszn ~ 0.47 2.80 0.57 0.297 0.55 0.067
w/o Foundation 0.46 3.10 0.56 0.303 0.53 0.077
w/o Task SFT 0.38 296 044 0.313 036 2.182

SurveyLMiama 045 3.24 0.55 0.458 0.56 0.068
w/o Foundation 0.44 3.07 0.54 0.463 0.55 0.085
w/o Task SFT 0.39 3.01 036 0.484 034 2.098

SurveyL Mawen 0.49 3.32 0.57 0.385 0.56 0.054
w/o Foundation 047 3.12 0.56 0.389 0.55 0.889
w/o Task SFT 0.35 279 047 0.397 036 2.002

Table 5: Ablation results on Tasks 1-4. T1-T4 correspond
to Tasks 1-4, respectively. For Tasks 1 and 2 we report ac-
curacy and the average score; for Task 4 we report results on
the ASE split only. Detailed results appear in Appendix C.1.

¢ GPT-4o ¢ Claude
Qwen-7B M SurveyLM-Qwen-7B

DeepSeek-R1
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Figure 3: Multi-demographic Task 3 accuracy for
Qwen2.5-7B. Circle size encodes the accuracy gain of
SurveyLM over the base model. SurveyLM consistently
raises accuracy, with especially large gains for underrep-
resented groups (rural residents, age 76+, self-employed,
low- and middle-income), narrowing gaps with advantaged
groups (urban, college-educated, high-income) and improv-
ing demographic equity.

inclusive policy diagnostics, welfare targeting, and equitable
decision-making. More broadly, this work demonstrates how
targeted alignment can bridge LLMs with real-world so-
cietal needs,especially in governance, auditing, and digital
public services.

Conclusion & Future Work

This paper presents AlignSurvey, the first benchmark to sys-
tematically replicate the full pipeline of social surveys using
LLMs. By integrating Social Foundation Corpus and Entire-
Pipeline Survey Datasets, it enables comprehensive evalu-
ation across demographic modeling, qualitative interaction,
attitude inference, and structured response prediction. Ex-
periments demonstrate alignment on AlignSurvey can re-
cover signals from underrepresented groups, reducing bias
and supporting more inclusive, policy-relevant modeling.

Future directions include iterative improvement through
human-in-the-loop feedback and expanded coverage across
diverse cultural settings for broader applicability.



Ethical Statement

We take ethics seriously. Our dataset is sourced from pub-
licly accessible content, including video-platform APIs,
research-cleared books, and licensed surveys. Personally
identifiable information is removed or anonymized before
training, and only privacy-preserving, non-harmful content
is released. Raw audio, video, or verbatim transcripts are
never shared.

We implement multiple safeguards to prevent misuse, in-
cluding controlled data access, content filtering, and usage
guidance tailored to responsible LLM-based survey appli-
cations. Data is used solely for non-commercial academic
research, and compliance with privacy and copyright regula-
tions is continuously monitored. See Appendix G for further
details.
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