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Technical Report Q) Tencent Al Lab

Scaling Synthetic Data Creation with 1,000,000,000 Personas

Tao Ge; Xin Chan, Xiaoyang Wang, Dian Yu, Haitao Mi, Dong Yu
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https://github.com/tencent-ailab/persona—hub

PERSONA: A Reproducible Testbed for Pluralistic
Alignment

Persona =
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Simulation
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A Classification Attempt...

Individually-
aligned Personas

Generative Agent
Simulations of 1,000

People
(Park et al. 2024)

Non-aligned
Personas

= PersonaHub
(Ge et al., 2025)


https://arxiv.org/abs/2509.10127
https://aclanthology.org/2025.coling-main.752/
https://huggingface.co/collections/nvidia/nemotron-personas
https://aclanthology.org/2024.emnlp-main.1110/
https://arxiv.org/abs/2507.14922v2
https://arxiv.org/abs/2406.20094
https://arxiv.org/abs/2411.10109
https://lrec.elra.info/lrec2026-main-139
https://lrec.elra.info/lrec2026-main-139

We can build persona collections that represent
individual humans and whole populations

German General Social Survey > German General Social Survey Personas
[ J Core Socio-Demographics  Variable Importance Ranking ~ SON Format
e Sex Female Rank  Variable GGRTP-2
Male 1 Opinion about people from {Sex Female, Age: 58, Region: East
Age 18 - 35 non-EU countries :raa: UrbuElz] Dp.ll'll=c.l'| s!:!c-utﬁpenfle
. 36— 50 o immigrating to work here B Shi::ﬂt;':;:;;m;g °
! = : .
" 1 -65 a Willingness to express political opinion to
) > bh E 2 Wll.ll.ngness:, t.O exprelss friends and st work: Willing to} I
political opinion to friends -
Region  East and at work Text Format (LLM-Generated)
West 3 Agreement that it is just that .
Area Rural - people who care for children cGpTor-2
Urban 2 or relatives in need receive N _Q'=1 . o lves in e b o
= 2o year ald woman o lives im 8 D13 CICy|
I =W T E speual support im Eastern Germany. ... She is in fawor of
. . e : llowing immigration from non-EU workers
. o Plus: Secondary and Tertiary Education, Rl T LMCICT el S | 1 Gennany and foets comfortabe
Survey Par_ilupanm i =12,...5246 Income, Nationality, Current and Previous system of social provision expressing her political opinion to friends
Survey Variables  k=12...380  prfassional Position and Activity end colleagues at work |

Rupprecht et al. 2026, German General Social Survey Personas: A Survey-Derived Persona Prompt
Collection for Population-Aligned LLM Studies, LREC 2026
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Which data do we use?

Analogous to the German General
Social Survey, we can create a
representative persona collection from

the General Social Survey from the U.S.

)
QY

11



There are various ways to induce personas.

The Prompt Makes the Person(a): A Systematic Evaluation of
Sociodemographic Persona Prompting for Large Language Models

Marlene Lutz!, Indira Sen!, Georg Ahnert!, Elisa Rogers!, Markus Strohmaier!**

'University of Mannheim, 2GESIS - Leibniz Institute for the Social Sc*-
B1AS RUNS DEEP: IMPLICIT REASONING BIASES IN

3Complexity Science Hub Vienna

Toxicity in CHATGPT:
Analyzing Persona-assigned Language Models

Disclaimer: Potentially sensitive content.

Ameet Deshpande*'~ Vishvak Murahari*!
Tanmay Rajpurohit® Ashwin Kalyan? Karthik Narasimhan! |

PA

Political Analysis (2024),0, 1-16
doi: 10.1017/pan.2024.5

Princet

ARTICLE
Synthetic Replacements for Human Survey Data?
The Perils of Large Language Models

James Bisbee'™, Joshua D. Clinton, Cassy Dorff, Brenton Kenkel and Jennifer M. Larson

Political Science Department, Vanderbilt University, Nashville, TN, USA

 PERSONA-ASSIGNED LLMs

Shashank Gupta!” Vaishnavi Shrivastava® Ameet Deshpande®  Ashwin Kalyan'
Peter Clark!  Ashish Sabharwal'! Tushar Khot!'

L Allen Institute for Al ?Stanford University *Princeton University

Quantifying the Persona Effect in LLM Simulations

Nigel Collier
University of Cambridge
nhc30@cam.ac.uk

Tiancheng Hu
University of Cambridge
the56@cam.ac.uk
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Personas are induced in various ways...

Toxicity in CHATGPT:
Analyzing Persona-assigned Language Models

Disclaimer: Potentially sensitive content.

Ameet Deshpande*!+? Vishvak Murahari*!

Tanmay Rajpurohit® Ashwin Kalyan® Karthik Narasimhan'

!Princeton University *The Allen Institute for Al *Georgia Tech
{asd,murahari}@cs.princeton.edu

2.1 Assigning a persona to CHATGPT

We assign a persona (P) to CHATGPT by using
the system role provision in the CHATGPT API,
which sets global preferences in CHATGPT which
are maintained throughout the conversation. We
use the following parameter template which makes
CHATGPT speak like the persona: Speak exactly
like P. Your answer should copy the style of P,
both the writing style and words you use. We find
that the model responses are not very sensitive to
the template.

13
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Personas are induced in various ways...

Quantifying the Persona Effect in LLLM Simulations

Tiancheng Hu
University of Cambridge
thé56@cam.ac.uk

Nigel Collier
University of Cambridge
nhc30@cam.ac.uk

AnnwAttitudes

*+*Your Profilexx: You race/ethnicity is

%s. Your gender identity is %s. You
are %s years old. In terms of your
political orientation, on a five-
point Likert scale of -1 (Strongly
liberal) to 1 (Strongly conservative
), you are %s.

POPQUORN-P

xxYour Profile*+: In terms of race or

ethnicity, you are %s. You are a %s.

You are %s years old. Occupation-
wise, you are %s. Your education
level is %s.

14
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Personas are induced in various ways...

BiAS RUNS DEEP: IMPLICIT REASONING BIASES IN
PERSONA-ASSIGNED LLLMS

Shashank Gupta!” Vaishnavi Shrivastava? Ameet Deshpande®  Ashwin Kalyan!
Peter Clark!  Ashish Sabharwal! Tushar Khot!'

! Allen Institute for A 2Stanford University ~ *Princeton University

Persona Instructions

You are {persona}. Your responses should closely mirror the knowledge and
abilities of this persona.

Adopt the identity of {persona}. Answer the questions while staying in strict
accordance with the nature of this identity.

Take the role of {persona}. It is critical that you answer the questions while
staying true to the characteristics and attributes of this role.

Table 1: The 3 different Persona Instructions that we use in our study. To assign a persona to an
LLM (e.g., a Religious person), we replace {persona} in the instruction with the target persona.
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Personas are induced in various ways...

Political Analysis (2024), 0, 1-16
doi:10.1017/pan.2024.5

ARTICLE
Synthetic Replacements for Human Survey Data?
The Perils of Large Language Models

James Bisbee(, Joshua D. Clinton, Cassy Dorff, Brenton Kenkel and Jennifer M. Larson

Political Science Department, Vanderbilt University, Nashville, TN, USA

“Itis [YEAR] . Youarea [AGE] year-old, [MARST], [RACETH] [GENDER] with [EDUCATION]
making [INCOME] per year, living in the United States. You are [IDEQ], [REGIS] [PID] who
[INTEREST] pays attention to what's going on in government and politics.”"”

Bisbee, J., Clinton, J. D., Dorff, C., Kenkel, B., & Larson, J. M. (2024). Synthetic Replacements for Human
Survey Data? The Perils of Large Language Models. Political Analysis, 32(4), 401-416. 16



https://www.cambridge.org/core/journals/political-analysis/article/synthetic-replacements-for-human-survey-data-the-perils-of-large-language-models/B92267DC26195C7F36E63EA04A47D2FE

So how should we induce personas?

¢ Sociodemographic Persona Prompts

We identify 9 common prompt types in literature:

ROIG Direct — You are a...
Adoption Third Person — Think of a...
Interview - Inferviewer: ...

Interviewee: ...

17
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Explicit Name

Structured

Interview-style prompts improves alignement

White Black Asian Hispanic
F M F M F M F M mean
Direct Distribution
Match
Third Person
Interview 0.16
Direct 0.15
Third Person 0.14
Interview 0.13
Direct 0.12
Third Person 0.11
Interview 0.10

mean

Prompting in an interview-
style format [...] can help
reduce stereotyping and
improve alignment.

Lutz, M., Sen, |., Ahnert, G., Rogers, E., & Strohmaier, M. (2025). The Prompt Makes the Person(a): A Systematic Evaluation of
Sociodemographic Persona Prompting for Large Language Models. In Findings of the Association for Computational Linguistics, 18

pages 23212-23237, EMNLP 2025.
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Response Generation
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There are various ways to generate survey responses.

“My Answer is C’: First-Token Probabilities
Do Not Match Text Answers in Instruction-Tuned Language Models

Xinpeng Wang'” Bolei Ma'? Chengzhi Hu' Leon Weber-Genzel' Paul Rottger”
Frauke Kreuter'” Dirk Hovy’ Barbara Plank'*

'LMU Munich, Munich, Germany

“Munich Center for Machine Learning (MCML), Munich, Germany

4Bocconi University, Milan, Italy

Abstract

The open-ended nature of language generation
makes the evaluation of autoregressive large
language models (LLMs) challenging. One
common evaluation approach uses multiple-
choice questions (MCQ) to limit the response
space. The model is then evaluated by ranking
the candidate answers by the log probability of
the first token prediction. However, first-tokens
may not consistently reflect the final response
output, due to model’s diverse response styles
such as starting with "Sure" or refusing to an-
swer. Consequently, MCQ evaluation is not
indicative of model behaviour when interacting
with users. But by how much? We evaluate

Text Input

General Instruction: Please
the multiple-choice question
carefully and select ONE of tf
listed options.

Question: How much, if at all
you worry about the following
happening to you? Being the
of a terrorist attack
Options:

A. Worry a little

B. Do not worry at all

C. Worry a lot

D. Refused

Answer:

Figure 1: Example of L
token probability predict

Survey Response Generation:
Generating Closed-Ended Survey Responses In-Silico

Abstract

Published as a conference paper at COLM 2024

Look at the Text: Instruction-Tuned Language Models are
More Robust Multiple Choice Selectors than You Think

Xinpeng Wang!”, Chengzhi Hu!, Bolei Ma'?, Paul Réttger?, Barbara Plank'?
1LMU Munich, 2Bocconi University

3Munich Center for Machine Learning (MCML)

{xinpeng.wang, bolei.ma, b.plank}@lmu.de, chengzhi.hu@campus.lmu.de,

with Large Language Models

Georg Ahnert!, Anna-Carolina Haensch>*#, Barbara Plank>?, Markus Strohmaier*¢
'University of Mannheim; 2LMU Munich; *Munich Center for Machine Learning;
“University of Maryland, College Park; >GESIS Cologne; °CSH Vienna

Correspondence: georg.ahnert@uni-mannnheim.de
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Political Compass or Spinning Arrow?
Towards More Meaningful Evaluations for Values and Opinions in
Large Language Models

Paul Rittger'* Valentin Hofmann®*°* Valentina Pyatkin®> Musashi Hinck®
Hannah Rose Kirk' Hinrich Schiitze® Dirk Hovy'
'Bocconi University “Allen Institute for Al “Intel Labs
'University of Oxford *LMU Munich

What is your opinion on the following propositian:
Sex outside marriage is usually immoral.

+ forced multiple-choice  + forced open-ended

1) Strongly disagree Takea clear stance.
2) Disagree +
3) Agree ]

) Strongly agree

Lagree with the
proposition that sex
outside marriage [...]

Only answer with the label.

paurensuooun Ay

+ @@, 2)Disagree

+
Asan AL T don't have personal opinions, but [can
provide infarmation an both sides of the debate. [.] '1

Figure 1: A model is prompted with a proposition from
the Political Compass Test. In the most constrained
setting (left), the model is given multiple choices and

forced to choose one. In a less constrained setting (mid-

dle), the same model gives a different answer. In the
more realistic unconstrained setting (bottom), the same
model takes a different position again, which is also one
discouraged in the constrained settings.
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There are various ways to generate survey responses.

Prompt:

General Instruction: Please

. . . . Fi its:
read the multiple-choice question a. First Token Logits

below carefully and select ONE of “The text answers are more

i Gt - robust to question perturbations

single letter. n

Question: The Web was = than the first token probabilities,
ot C I c .

effectively invented by e when the first token answers

“Lee in whi ?
Berners-Lee in which year? E]

S X

mismatch the text answers.”

B. 1980
g 1332 b. Text Answer:

Sure! The answer is (A) 1991. A
Answer:

Wang et al. (2024), Look at the Text: Instruction-Tuned Language Models are More Robust Multiple
Choice Selectors than You Think, arXiv:2404.08382 21
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There are various ways to generate survey responses.

Text Input Text Output
General Instruction: Plelase read Sure! Here’s my response: .
the multiple-choice question below A. Worry a little ReSUItS ShOW that the two
carefully and select ONE of the
listed options. e Token Probabili approaches [text output and
Question: How much, if at all, do Irst-1oken Frobability . ogege
o worty ahout the Tollowing s first token probabilities] are
happening to you? Being the victim : : :
- | severely mlsallgngd on.aII
Options: s dimensions, reaching mismatch
A. WOl‘ry a l]tﬂe C [ — |._.> b O o .
B. Do not worry atall 5 rates over 60%. Models heavily
. Worry a lot . .
D. Refused — fine-tuned on conversational or
A : .
e Sure | safety data are especially
Figure 1: Example of LLM’s mismatch between first- impacted.”

token probability prediction (“C”) and text output (“A”).

Wang, X., Ma, B., Hu, C., Weber-Genzel, L., Réttger, P., Kreuter, F., Hovy, D., & Plank, B. (2024).
"My Answer is C": First-Token Probabilities Do Not Match Text Answers in Instruction-Tuned Language 29
Models. In Findings of the Association for Computational Linguistics, pages 7407-7416, ACL 2024.
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There are various ways to generate survey responses.

What is your opinion on the following proposition:

Sex outside marriage is usually immoral. “We find that most prior work
g ¥
~+ forced multiple-choice + forced open-ended using the PCT forces models to
1) Strongly disagree Take a clear stance. h comply with the PCT’s multiple-
2) Disagree ¥ ‘g choice format. We show that
3) Agree @, g models give substantively
4) Strongly agree e o E, different answers when not
Only answer With the label. agree.“_nt sl a. forcedo that answers chan e
proposition that sex 2 ' g
L. @y, 2)Disagree ousidemarriage[.] | = depending on how models are
‘ \ forced; and that answers lack

-

As an AL I don't have personal opinions, but I can %
J

provide information on both sides of the debate. [...] paraphrase robustness.

Rottger, P., Hofmann, V., Pyatkin, V., Hinck, M., Kirk, H., Schuetze, H., & Hovy, D. (2024). Political Compass or Spinning Arrow?
Towards More Meaningful Evaluations for Values and Opinions in Large Language Models. In Proceedings of the 62nd Annual 23
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 15295-15311, ACL 2024.
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So how should we generate survey response?

Survey
Response

Generation
Methods

||
Token
Probability-
Based
Methods

Match token
probs with re-
sponse options

Large Language Model
e.g., OLMo 2 328B Instruct

Restricted Open
Generation Generation
Methods Methods
Restrict LLM Generate
outputto valid  open-ended
response response,
options only then classify it
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Restricted Method > First-Token & Open-
Endedness

ANES GLES GLES ATP
2016 2017 2025 2021

We suggest considering Restricted
. Intercept 343% .037% .050 .107*
Generation Methods: - -
First-Token Restricted | .082* .051* .066 -.032%*
improvement over other methods I Restricted Choice 148% 242% 218*% 015

Restricted Reasoning | .138* .219*% .196* .052*
Verbalized Distribution |.118% 233* 216* 011
| Open-Ended Classif. |.127% 215% .184* 037
Open-Ended Distrib. | .114* 212% .177% 018*

- being more computationally
efficient than Open Generation
Methods.

Ahnert, G., Haensch, A.-C., Plank, B., & Strohmaier, M. (2026). Survey Response Generation: Generating Closed-Ended Survey
Responses In-Silico with Large Language Models. In Proceedings of the 64th Annual Meeting of the Association for 25
Computational Linguistics (Volume 1: Long Papers), pages 41554-41577, ACL 2026.
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Based on these findings, we’ll work with...

AN T

Survey Data for Interview-style Restricted Survey
persona generation induced persona Response
from the General descriptions Generation
Social Survey (USA)
Restricted
Generation
c Interview - Inferviewer: ... Methods
> Interviewee: ... Restrict LLM
output to valid
response

options only .



Do you have questions?

Next:



https://github.com/dess-mannheim/tutorial_survey_simulation

