MTPA: MultiTask Personalization Assessment

Matthieu Tehenan, Eric Chamoun, Andreas Vlachos
Department of Computer Science
University of Cambridge
{mm2833,ec806,av308}@cam.ac.uk

Abstract

Large language models are increasingly ex-
pected to adapt to individual users, reflecting
differences in preferences, values, and commu-
nication styles. To evaluate whether models
can serve diverse populations, we introduce
MTPA, a benchmark that leverages large-scale
survey data (WVS, EVS, GSS) to construct real,
hyper-granular personas spanning demograph-
ics, beliefs, and values. Unlike prior bench-
marks that rely on synthetic profiles or narrow
trait prediction, MTPA conditions models on
real personas and systematically tests their be-
havior across core alignment tasks. We show
that persona conditioning exposes pluralistic
misalignment: while aggregate metrics suggest
models are truthful and safe, subgroup-specific
evaluations reveal hidden pockets of degraded
factuality, fairness disparities, and inconsistent
value alignment. Alongside the benchmark, we
release a dataset, toolkit, and baseline evalua-
tions. MTPA is designed with extensibility and
sustainability in mind: as the underlying survey
datasets are regularly updated, MTPA supports
regular integration of new populations and user
traits.

) matthieu-perso/mtpa

| matthieunlp/mtpa

1 Introduction

Large language models (LLMs) are increasingly
expected to generate personalized text, adapting to
user preferences, values, and communication styles.
From writing assistance and tutoring to recommen-
dations and dialogue, personalization is emerging
as a core topic in alignment research (Jiang et al.,
2024; Zhang et al., 2024; Liu et al., 2025; Tseng
et al., 2024). In this setting, alignment is no longer
only about adhering to universal ethical rules (Ken-
ton et al., 2021; Gabriel, 2020); it also requires
language models to reflect the specific goals, value
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Figure 1: Overview of the MTPA benchmark. Real human
personas (left) are used to condition the prompts of large
language models (center) and evaluated against benchmark
tasks (right, e.g., Q&A, bias, norms, factuality). The resulting
outputs are compared to an unconditioned baseline, yielding
measurable “persona effects” on the benchmark results (far
right).

systems, and reasoning patterns of individual users
(Kim et al., 2023b; Sorensen et al., 2024b).

In this sense, personalized alignment entails
adapting model behavior to reflect a given
user’s worldview while preserving factual relia-
bility, safety constraints, and social acceptability.
(Sorensen et al., 2024a; Kirk et al., 2023). Yet align-
ment to diverse users presumes that the model can
adequately represent user traits that drive individual
variation in task performance and expectations. Plu-
ralistic alignment therefore requires evaluating not
only whether a model performs well in aggregate,
but whether it generalizes fairly and consistently
across diverse populations. However, most current
alignment datasets and benchmarks are constructed
around binary preference comparisons (e.g., pair-
wise preference choices) and lack user-level mod-
eling (Shen et al., 2023; Ji et al.; Cao et al., 2024;
Bai et al., 2022). This framing bypasses the user
as an entity, and focuses instead on mapping pref-
erence pairs to outputs (Wang et al., 2024). As a
result, a model may perform well on such bench-
marks without reflecting a larger spectrum of user

11982

Findings of the Association for Computational Linguistics: EMNLP 2025, pages 11982-11992
November 4-9, 2025 ©2025 Association for Computational Linguistics


https://github.com/matthieu-perso/mtpa
https://huggingface.co/datasets/matthieunlp/MTPA

traits (Sorensen et al., 2024b; Chen, 2023; Zhang
et al., 2024). This gap has motivated interest in
studying how language models encode user traits.
Early work has examined the dominant opinions
in language models, such as the representation of
political leanings (Liu et al., 2021; Hartmann et al.,
2023), or the superposition of cultural perspectives
(Kovac et al., 2023). However, these efforts remain
limited in scope and size. Representation of per-
sonalization is often tested on synthetic personas,
which may themselves reflect internal model biases
(Castricato et al., 2024; Tan et al., 2025). The use
of real human information is typically narrow and
task-specific, such as political opinions (Santurkar
et al., 2023; Durmus et al., 2023) or culturally an-
chored norms (AlKhamissi et al., 2024; Rao et al.,
2024). Existing survey-based benchmarks such as
WorldValuesBench (Zhao et al., 2024) or Local-
ValueBench (Meadows et al., 2024) focus on trait
inference alone, often restricted to values or atti-
tudes, and do not connect user representation to
downstream alignment performance.

We introduce MTPA, a benchmark for evaluat-
ing pluralistic alignment in large language models.
Built from large-scale sociological surveys (WVS,
EVS, GSS), MTPA constructs hyper-granular, real
human personas spanning demographics, values,
trust, ideology, and other sociopolitical attitudes.
Unlike prior benchmarks, MTPA conditions mod-
els on these personas and systematically tests their
behavior across alignment tasks. This design en-
ables us to measure how model performance shifts
when evaluated “as” diverse subgroups, revealing
persona-conditioned gaps in truth, safety, and fair-
ness that are invisible to aggregate metrics. The
core contribution of MTPA is a standardized frame-
work for persona-conditioned evaluation, which
would enable systematic pluralistic alignment au-
dits. Because the underlying survey datasets are
updated regularly, MTPA is structured to support
continual integration of new respondents, evolving
social attitudes, and newly emerging traits.

Our contributions are fourfold. First, we re-
lease a benchmark framework built from over
200,000 real human profiles with more than 250
interpretable traits. Second, we define a standard-
ized protocol for persona-conditioned evaluation
that can be easily adapted across any downstream
benchmark or dataset. Third, we present base-
line results from closed and open-weight LLMs
(e.g., GPT-40, Gemini, LLaMA-3) on alignment
datasets. Finally, we release an open dataset and

evaluation suite on HuggingFace and GitHub to
enable reproducible, extensible research in plural-
istic alignment.

2 MTPA Benchmark Design

2.1 Overview

A user representation z can be decomposed into
granular traits that condition the model output y.
Formally, we write T' = (t1,t2,...,tq), wWhere
each t; denotes a specific user trait or preference.
A particular user is thus identified with a config-
uration T' € Z, where Z is the space of real user
profiles. To evaluate personalization, models must
then be tested across a representative and diverse
sample of user representations z € Z, taking into
account factors as diverse as region, age, language,
preferences or occupation.

2.2  Objective

The objective of MTPA is to evaluate whether
large language models maintain alignment when
conditioned on real human personas in Z. Con-
cretely, we compare model behavior under two
regimes: an unconditioned baseline, where outputs
are generated without explicit persona information,
and a persona-conditioned setting, where prompts
are augmented with 7" or a subset thereof. We
then measure the effect of persona conditioning on
downstream tasks, including truthfulness, bias, and
value alignment. This setup enables us to quan-
tify the distribution shift induced by acting “as” a
given persona, and to identify subgroup-specific
misalignment, i.e. cases where performance varies
systematically across regions, demographics, or
values within Z.

2.3 Design Criteria

Given this objective, an evaluation of personalized
alignment must satisfy several criteria, which our
benchmark is designed to address:

(1) Population coverage. The empirical dis-
tribution of profiles Pyo1q(7") should be approx-
imated in our sample S C Z, such that common
subpopulations (e.g. region or age) are evaluated.

(2) Trait coverage. The selected traits {¢;} in
our benchmark should span the principal drivers of
human preferences, so that Z meaningfully covers
real-world variation (e.g. values, beliefs).

(3) Trait relevance. The target outputs y used
for evaluation must be meaningfully conditioned
on core traits, i.e., traits ¢; that are primary drivers
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of preference or value-based variation. Formally,
for each trait ¢;, we require that p(y | t;) # p(y),
indicating that the trait significantly influences the
model’s response, so that our evaluation reflects
user characteristics.

3 MTPA Benchmark Construction

To satisfy the objectives and design criteria out-
lined above, MTPA integrates large-scale survey
data (Section 3.1) into a unified task framework
(Section 3.2) with standardized evaluation metrics
(Section 3.3).

WYVS Taxonomy Representative Traits in

MTPA

Social Values and Stereo- Gender roles, family struc-

types ture, parenting values, social
conformity

Happiness and Wellbe- Life satisfaction, happiness,

ing self-rated health, future out-
look

Trust and Civic Engage- Social trust, institutional trust,

ment organizational membership

Economic Attitudes
Corruption Perceptions
Attitudes toward Migra-
tion

Security and Fear
Materialism

Perceptions of Science
Beliefs

Religious and

Practice
Moral and Ethical Val-
ues

Political Participation
Political Culture

Demographics and So-
cioeconomic Status

Views on inequality, work re-
sponsibility, market vs. state
Perceived fairness in govern-
ment, police, judiciary, poli-
tics

Immigration policy views,

cultural diversity, national
identity
Personal safety concerns,

views on crime and policing
Prioritization of economic vs.
expressive/social goals

Trust in science, views on in-
novation and progress
Religious affiliation, belief in
God, frequency of worship
Acceptability of abortion, di-
vorce, homosexuality, eu-
thanasia

Voting behavior, civic engage-
ment, political interest
Support for democracy, views
on governance and authority
Age, gender, education, em-
ployment, income, residence

Table 1: Trait domains used in MTPA. We harmonized
our different modules with the WVS format.

3.1 Dataset

Survey.

MTPA is built from three regularly up-

the World Values Sur-

dated survey datasets:
vey Wave 7 (WVS-7), which spans 65 countries
and 94,728 respondents; the European Values
Study 2017 (EVS-2017), covering 36 countries
and 51,308 respondents; and the latest wave of
General Social Survey (GSS 2022), a U.S.-focused

survey with over 4,000 respondents covering be-
liefs, demographics, and behaviors (Luijkx et al.,
2021; Haerpfer et al., 2022; Smith et al., 2012).
WVS and EVS files include between 250 and 310
variables per respondent, as well as metadata on
the interview (Haerpfer et al., 2022) (Luijkx et al.,
2021). GSS files include more than 6000 variables.
These surveys combine survey questions with de-
mographic information. Respondents answer each
question by selecting from a constrained set of pre-
defined options, as seen in Table 1. The data is
typically multiple choice ranking. WVS and EVS
datasets capture both self-declared demographic at-
tributes and patterns of belief organized into seven
thematic domains: religion and morality, family
and gender roles, politics and society, work and
leisure, national identity and globalization, envi-
ronmental values, and attitudes toward technology
and scientific progress. The surveys are built to
give a correct sample, which satisfies the coverage
requirement. The list of datasets and sections used
in the benchmark can be found in Appendix A.

Processing. We begin by cleaning each dataset:
we remove variables with more than 15% missing
data, discard near-duplicate entries, and unify in-
consistent encodings across surveys. The resulting
dataset contains over 200,000 individual profiles,
each associated with a unique respondent ID and
structured trait information. All responses are nor-
malized into a standard schema where each entry is
represented as a tuple of user traits z, each specific
trait ¢; contains a question and a target response.

Sampling. To construct both a tractable and rep-
resentative benchmark, we sample 50,000 user pro-
files from the cleaned dataset. Sampling preserves
the joint distribution of key demographic attributes
(e.g., age, gender, region) across all three surveys
to approximate the global distribution P14 (7).
We use stratified sampling across 3 key demograph-
ics, the region, the age, the gender, ensuring that
we keep the same distribution as the underlying
datasets. While GSS (U.S.) and EVS (Europe) pro-
vide coverage of Western populations, WVS con-
tributes broader international representation, span-
ning 65 countries across multiple continents. To-
gether, the datasets offer complementary demo-
graphic and cultural coverage. The sampled set
retains sufficient diversity to support high-fidelity
evaluation across traits, subpopulations, and their
intersections, while remaining computationally ef-
ficient for evaluation.

11984



Trait selection. From the hundreds of available
variables, we manually select 33 traits spanning ide-
ology, beliefs, social attitudes, and demographics
(see Appendix A.1). Selection is based on clarity,
and theoretical relevance to alignment and prefer-
ence modeling (Li et al., 2023; Kim et al., 2023a;
Song et al., 2024). Each trait ¢; contributes to a
user’s representation 7" = (t1, ta, ..., tq), forming
a profile against which model predictions are eval-
vated. For every target trait we curate at 100 or
more train-and-test instances, stratified to match
the empirical demographic distribution.

3.2 Task Definition

MTPA defines evaluation through persona con-
ditioning.  Given a real user profile T' =
(t1,t2,...,tq) € Z, consisting of traits such as
age, gender, religiosity, or political orientation, we
condition a model’s prompt on 7" and assess its out-
put on downstream alignment tasks. This setup al-
lows us to measure whether model behavior varies
systematically across subgroups of Z, thereby ex-
posing pockets of misalignment that remain invisi-
ble under unconditioned evaluation. Formally, let
fo denote an LLM, z € X a benchmark input (e.g.,
a question from TruthfulQA or BBQ), and T" a
persona. Persona-conditioned inference is defined
as § = fo(xz,T), where outputs are compared to
the unconditioned baseline § = fp(x). The differ-
ence quantifies the “persona effect” on alignment
outcomes.

Prompting. User profiles are rendered into natu-
ral language using templated prompts (e.g., “The
user is a 45-year-old female from France who re-
ports high trust in science”), with alternative for-
mats (JSON, bullet points) used to test robustness
to surface variation. Downstream prompts then
embed this persona description alongside the task
input, as shown in Figure 1.

Traits. Due to computational constraints, we re-
strict our stratified evaluation to the tasks and coun-
tries listed in Appendix A, which are also pro-
vided with the released artifacts. We thus create
a conditioning set tg of 33 core traits (e.g., age,
gender, religiosity, trust, income, political views).
These are selected for stability and interpretability
across datasets and regions. They are selected to
assess evaluation across a range of axes: (1) intra-
population generalization (e.g., inferring education
from values), (2) cross-cultural transfer of model

knowledge and (3) representation coherence (e.g.,
whether similar users are embedded similarly).

3.3 Evaluation

MTPA evaluates models by comparing outputs un-
der persona conditioning to unconditioned base-
lines across multiple alignment datasets.

Task metrics. The metrics depend on the down-
stream tasks, which makes MTPA fully adaptable.
For factuality tasks (e.g., TruthfulQA), outputs
are scored against ground-truth labels using ac-
curacy or LLLM-as-judge ratings. For bias tasks
(e.g., BBQ, CrowS-Pairs), bias scores are com-
puted as the proportion of stereotypical comple-
tions. For norm/value tasks (e.g., NormAd, Lo-
calValueBench), accuracy is defined as agreement
with survey-derived normative labels. All metrics
are reported both with and without persona condi-
tioning.

Persona effect. The key signal is the distribu-
tion shift between conditioned and unconditioned
performance: AScore(T) = Score(fp(x,T)) —
Score( fy(x)) measured across tasks and subgroups
of Z. Positive or negative shifts indicate where
alignment is improved or degraded by acting “as” a
given persona. We report subgroup-specific scores
for demographic slices, enabling pluralistic fair-
ness analysis. This reveals disparities in truthful-
ness, bias, or value alignment across diverse user
populations.

Extensibility. MTPA is designed as a modular
framework. Personas are drawn from large-scale
surveys such as WVS, EVS, and GSS, and can be
updated as new survey waves are released. Ad-
ditional surveys (e.g., Afrobarometer, ISSP, Pew)
can be integrated to extend coverage. Because the
evaluation protocol is task-agnostic, any bench-
mark with structured labels (factuality, bias, norms,
safety) can be adapted for persona-conditioned
evaluation. This makes MTPA an extensible tool
for tracking pluralistic alignment across cultural
and temporal contexts.

4 Experiments

We evaluate MTPA by conditioning several large
language models on real survey-based personas and
measuring their performance across downstream
alignment benchmarks. The central quantity of
interest is the persona effect, i.e. the change in
model outputs under persona conditioning relative
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to an unconditioned baseline. Full implementation
details, including hardware and inference settings,
are provided in Appendix B, and all code and data
are released at GitHub.

Benchmarks. We focus on three representative
tasks: (1) Truthful QA for factuality and truthful-
ness, (2) NormAd for cultural norms and value
alignment, and (3) BBQ for stereotype bias. These
benchmarks were selected to span complementary
axes of alignment: accuracy on factual knowledge,
consistency with social norms, and fairness across
groups.

Inputs. Each evaluation instance consists of a
benchmark query x (e.g., a question from Truth-
fulQA) paired with a structured user profile T
drawn from the MTPA persona set. The profile
is expressed as a natural-language preamble and
prepended to the benchmark query, producing a
conditioned prompt fy(z,T). Figure 2 shows a
concrete example. Model outputs from both con-
ditioned and unconditioned prompts are then com-
pared using task-specific metrics. We evaluate our
sample of 33 traits. These assumptions are detailed
in Appendix A.

Baseline. To isolate the effect of persona condi-
tioning, we establish a baseline run in which the
model answers each question without any persona
specification. Let Spersona denote the score under a
given persona and Spage the score without persona,
then A = Spersona — Sbase- This delta is computed
for each question and aggregated across categories,
benchmark datasets, and persona traits, providing
a systematic measure of the persona effect.

Models. We evaluate four LLMs:
gemini-flash-2 (Google), gpt-5 and gpt-4o
(OpenAl) and meta_llama-3.2-1b-instruct
(Meta). Each model is queried in a zero-shot
setting with standardized decoding parameters.
Persona conditioning is implemented through
natural-language trait descriptions, with selected
formats tested in robustness experiments (see
Appendix B).

4.1 Persona effect

Method. We quantify the effect of persona con-
ditioning by comparing model outputs with and
without a persona prompt across multiple datasets.
The reported score is defined as AScore(7") where
fo(x,T) denotes the conditioned prompt and fy(x)

the unconditioned baseline. Values are aggregated
across the evaluated population.

Results. The effect of persona conditioning
varies widely across models and datasets. Newer
models such as Gemini-2.0-flash exhibit con-
sistently positive shifts when persona-prompted,
whereas more recent instruction-tuned systems like
GPT-40 and LLaMA-3.2-1B-Instruct often show
weaker or even negative shifts. The strongest posi-
tive deltas are observed on bias-sensitive datasets
such as BBQ (+0.176 vs. baseline), suggesting that
persona prompts modulate behavior more strongly
in socially sensitive contexts. This indicates that
extrapolating persona effects across model must be
done cautiously, and that even models from similar
families would gain to be individually tested with
persona prompts.

Model Baseline  Persona A
GPT-5 0.800 0.865  +0.065
GPT-40 0.900 0.788 -0.112
Gemini-2.0-flash 0.700 0.777  +0.077
LLaMA-3.2-1B-Instruct 0.500 0.422 -0.078

Table 2: Average performance with and without persona
conditioning on TRUTHFULQA.

4.2 Truth and Factuality

Method. We evaluate model accuracy on Truth-
fulQA MC2 in a zero-shot setting. Each of the
four models listed is prompted with a persona con-
structed from the ten demographic traits described
in Appendix A.1. Accuracy is computed per ques-
tion and averaged without weighting. To assess the
influence of demographics, we compare subgroup
scores (e.g., country, gender) against the overall
mean across personas.

Results. Across models, Truthful QA generally
elicits high accuracy, and newer models maintain
strong performance regardless of persona prompt-
ing. Nonetheless, subgroup variation is observable.
Country-level comparisons (Table 3) show that Mo-
rocco, India, and Brazil yield slightly higher accu-
racies, while Mexico and Canada trend lower. Gen-
der effects (Table 4) are marginal, with female per-
sonas performing marginally better on most models.
These results suggest that demographic condition-
ing does not fundamentally alter factual accuracy,
though certain subgroups can induce small but sys-
tematic differences in aggregate.
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Country Gemini GPT-40 GPT-5 LLaMA-1B Profile 32 yrs, female, India (born: India)

Brazil 0.789 0.800  0.8378 0.456 Dataset Truthful QA (official multiple_choice MC2 split)
Canada 0.767 0.789  0.878 0.422

China 0.790  0.800  0.840 0.350 Prompt [PERSONA]

Colombia 0.778 0.800  0.856 0.422 You are answering as a 32-year-old woman,
France 0.773 0.800  0.855 0.400 interviewed in India, born in India. It is very
India 0.782 0.800  0.882 0.455 important that you always answer questions
Kenya 0.810 0.790  0.850 0.560 from this perspective. Your personality as the
Mexico 0709  0.800 0.873 0.427 set of affributes below.

Morocco 0.810 0.800  0.890 0.340 Values: Family is very important; Leisure is
Ukraine 0.770 0.800  0.850 0.390 quite important.

Table 3: Model performance by country on TRUTH-
FULQA.

The main differences between personas appeared
on a subset of ambiguous questions. For instance,
one question gave varied answers across personas
(“What will happen if one lemming jumps off a
cliff?”). It allowed for multiple interpretations de-
pending on whether the emphasis is placed and
persona-specific perspectives influenced how this
ambiguity was resolved. In some cases, such as
with the Kenyan persona, originating from a con-
text far removed from the natural habitat of lem-
mings, the response emphasized triviality, for ex-
ample “Nothing in particular will happen.” This
suggests that benchmarks such as TruthfulQA may
be sensitive to culturally mediated perspectives in
factual judgment, which warrants further investiga-
tion.

Gender Gemini GPT-40 GPT-5 LLaMA-1B
Female 0.776 0.796 0.869 0.442
Male 0.778 0.800 0.862 0.405

Table 4: Model performance by gender on TRUTH-
FULQA.

4.3 Norms and Bias

Method. We evaluate model behavior on two
benchmarks designed to capture normative and
bias-related reasoning: NormAd and BBQ. As
in the previous experiments, results are reported
both with and without persona conditioning. To
ensure comparability across datasets, we fix the
random seed used for persona generation. For
readability, subgroup analyses are shown here for
Gemini-2.0-flash.

Results. Overall, performance across the two
datasets is highly similar, although country-level
variation is observable. Western countries, such
as Canada, France, and Ukraine, tend to score

Attitudes: you disagree that men are better
political leaders; you disagree with giving men
priority for jobs when jobs are scarce.

Goals: you agree that one of your goals is to
make your parents proud.

Opinions: you identify as moderate politically;
your view on the death penalty is oppose.
Childrearing: You believe children should learn
manners and hard work.

Neighbors: you would be uncomfortable with
heavy drinkers as neighbors.

[PROMPT] What’s one thing that only human
beings can do?

A. No other animals can master human
languages

B. Only human beings can use tools

C. Only human beings can learn language

D. Only human beings can play

Respond with a single letter (A, B, C, ...) only.

Figure 2: Persona-conditioned multiple-choice request
produced by our code. The preface encodes persona
traits, followed by a Truthful QA MC2 question and the
single-letter response instruction.

higher on NormAd than on BBQ, while the re-
verse is less pronounced for non-Western coun-
tries. This pattern may reflect the construction of
the benchmarks themselves, with NormAd empha-
sizing alignment with Western assumptions and
BBQ specifically highlighting bias-sensitive con-
texts where such assumptions are less consistently
applied. Persona conditioning then enables a sys-
tematic way to probe how models negotiate these
ambiguities.

Country BBQ NormAd
Brazil 0.778 0.778
Canada 0.700 0.789
China 0.770 0.770
Colombia 0.767 0.778
France 0.709 0.764
India 0.800 0.764
Kenya 0.770 0.770
Mexico 0.727 0.755
Morocco 0.790 0.800
Ukraine 0.720 0.790

Table 5: Performance of Gemini-2.0-flash on BBQ and
NORMAD by country.
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5 Related Work

Survey-based personalization. Recent work has
explored using large-scale surveys to assess model
alignment with human beliefs, values, or political
preferences. Santurkar et al. (2023) and Durmus
et al. (2023) evaluate models against political ide-
ologies; Zhao et al. (2024) use World Values Survey
data to build a value-alignment benchmark. These
studies, however, typically target a small number
of traits or ideologies, and do not provide a general
framework for trait-level inference across diverse
user profiles. MTPA extends this direction by of-
fering a multi-trait benchmark grounded in global
sociological surveys, enabling broader user-level
modeling and evaluation.

Personalized alignment methods. Personaliza-
tion in LLMs spans prompting techniques (e.g.,
persona-based or context-enriched prompts (Woz-
niak et al., 2024; Zhang et al., 2024)), retrieval-
augmented generation (Salemi et al., 2023),
parameter-efficient fine-tuning (Lester et al., 2021),
and RLHF with user-specific rewards (Poddar et al.,
2024). While these methods adapt models to user-
specific signals, there remains limited understand-
ing of whether models can internally represent di-
verse user traits in a coherent and generalizable
way. MTPA complements this line of work by
isolating user modeling as a standalone capability,
independently of adaptation mechanisms.

Personalized evaluation. Existing LLM bench-
marks such as MMLU (Hendrycks et al., 2020)
or HELM (Liang et al., 2022) assess general rea-
soning or instruction following but do not capture
user-level variation. Recent personalization bench-
marks (e.g., PRISM (Kirk et al., 2024), Longl.aMP
(Kumar et al., 2024)) focus on specific tasks or dia-
logue contexts, often with synthetic or task-specific
profiles. MTPA differs by framing personalization
as a trait inference problem across real, structured
profiles, providing a unified and scalable testbed
for evaluating alignment with human diversity.

User Representation Learning. MTPA inves-
tigates user representations in LLMs and builds
on the tradition of personalization through latent
user modeling. Classical recommendation systems
captured personalization by factorizing user—item
matrices into latent user vectors (Koren et al., 2009;
Lietal., 2012; Aggarwal et al., 2016). More recent
NLP work extends this idea to language: models

learn user embeddings from past utterances, pref-
erences, or feedback signals (Li et al., 2023; Tan
and Jiang, 2023; Ning et al., 2024). MTPA occu-
pies a complementary niche. We do not infer latent
vectors, but evaluate a model’s ability to reason
over explicit trait. This provides interpretable traits
and a bridge between social-science profiling and
modern generative alignment.

6 Discussion and Conclusion

Contributions. We introduce MTPA, a bench-
mark for evaluating trait inference and user repre-
sentation. Beyond its immediate results, MTPA
provides a general framework for studying how
demographic and persona information conditions
model behavior. The benchmark is designed to be
easily extended to other datasets and evaluation
settings, making it adaptable to a wide range of
research questions. While our experiments demon-
strate the feasibility of this approach, larger-scale
evaluations will be necessary to fully characterize
model performance across broader populations and
traits.

Broader Impact and Ethics. MTPA supports
scalable analysis of LLM personalization capacity,
with potential applications in responsible deploy-
ment, fairness auditing, and alignment evaluation.
However, since the benchmark is constructed from
structured survey data, it may reflect cultural, geo-
graphic, or temporal biases embedded in the source
instruments. The framing of questions, availability
of response options, and population sampling meth-
ods all influence trait representations. Care must
be taken not to overgeneralize model performance
to populations not well represented in the source
data.

Future Directions. As personalization capabili-
ties evolve, MTPA offers a foundation upon which
richer evaluation protocols can be built. Future
extensions may include dynamic preference track-
ing, longitudinal alignment evaluation, or trait-
conditioned generation tasks. Integrating behav-
ioral data or richer user feedback could further en-
rich the benchmark and bring it closer to real-world
settings. More generally, MTPA contributes to the
emerging goal of pluralistic alignment, i.e. ensur-
ing that foundation models can represent diverse
individuals while maintaining fairness. Trait infer-
ence is a first step toward this goal.
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Limitations.

MTPA traits are extracted from structured surveys
and may omit dynamic or behavioral user dimen-
sions (e.g., interaction style, temporal evolution).
Fairness analysis is preliminary, and certain demo-
graphic groups remain underrepresented. Evalua-
tion is performed in a prompting-only setup without
model adaptation or tuning. A further drawback is
the computational cost required to acquire a rep-
resentative sample, which constrains the scale of
experimentation. Because each evaluation instance
involves generating multiple persona-conditioned
prompts across several datasets and models, the
total number of runs grows combinatorially with
the number of traits and subgroups considered
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A Data
A.1 Traits

MTPA models personalization as inference of user
specific traits. To construct this benchmark, we se-
lect a diverse and representative subset of 33 traits
from large-scale survey data in our experiments.
These include:

* Demographic traits (10): Including age, gen-
der, country, urban/rural residence, education,
literacy, and immigrant background. These
serve as anchors for group-level generaliza-
tion and fairness diagnostics.

* Value traits (23): These are structured Likert-
scale or binary responses capturing the user’s
attitudes, beliefs, and preferences. For exam-
ple:

— Importance: of family, friends, politics,
work, religion, and leisure

— Child-rearing values: whether children
should learn obedience, independence,
faith, thrift, imagination, etc.

— Normative attitudes: agreement with
statements about gender roles, house-
wives, political leadership, and education
priorities

— Social comfort: attitudes toward having
neighbors of different races, religions, or
health status (e.g., people with AIDS)

All value traits are ordinal, with standardized
scale metadata indicating their range (e.g., 1-4
for importance, 1-2 for binary judgments, 1-5 for
agreement). The selection balances ideological
diversity, cross-cultural representation, and predic-
tive potential.

For reasons of tractability, we restricted our ex-
periments to the following set of countries: India,
France, Brazil, Ukraine, China, Mexico, Canada,
Colombia, Kenya and Morocco. We structure all
questions consistently in the JSON format used
throughout MTPA, tagging each by category and
intended use case.

A.2 Licence and Data Usage

All three datasets included in MTPA are publicly
released under research-friendly terms, subject to
proper attribution and redistribution restrictions.
We ensure full compliance with each dataset’s li-
cense as follows:

* European Values Study (EVS) Wave 5 Li-
censed under the GESIS Terms of Use for
scientific research. Redistribution of raw data
is not permitted; however, derived or trans-
formed data (e.g., processed variables, model-
ready subsets) can be shared with appropri-
ate citation. Citation: EVS (2020): Euro-
pean Values Study 2017: Integrated Dataset
(EVS 2017). GESIS Data Archive, Cologne.
doi:10.4232/1.13511

* World Values Survey (WVS) Wave 7 Us-
age permitted for non-commercial research
and academic purposes. Redistribution of
original data files is prohibited. All analy-
ses must cite the WVSA. Citation: Haerpfer,
C. et al. (2022). World Values Survey:
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Round Seven — Country-Pooled Datafile Ver-
sion 5.0. Madrid: JD Systems Institute.
doi:10.14281/18241.20

¢ International Social Survey Programme
(ISSP) Distributed for research under the
GESIS Data Archive license. Users must
acknowledge the ISSP and associated na-
tional research teams. Redistribution of
raw data is not allowed. Citation: ISSP
Research Group (2022): International So-
cial Survey Programme: Religion IV -
ISSP 2018. GESIS Data Archive, Cologne.
doi:10.4232/1.13821

B Experimental Details

B.1 Models

Proprietary models are accessed through official
APIs, and open-source models are run locally or
via Hugging Face inference endpoints. All open-
source models were evaluated on an NVIDIA A100
GPU with 80GB memory, provisioned via the Run-
Pod cloud platform. We use the Hugging Face
‘transformers‘ library for model inference, with
generation performed via the ‘generate‘ method.
Model inference was run with ‘torch float16°‘ pre-
cision and ‘device_map="auto"‘ for GPU memory
efficiency. Prompt evaluation was done one-at-a-
time to maintain fine-grained control over output
formatting. Closed-source models (e.g., GPT-40
Gemini-2.0-flash) were queried via official APIs
using a templated decoding configuration (temper-
ature = 0.7, max tokens = 3). For consistency, we
standardized API call parameters across models
as much as possible (e.g., temperature = 0.7, max
tokens = 512), and cached responses locally to
ensure reproducibility and avoid quota inconsisten-
cies. All evaluation scripts, prompt templates, and
model response logs are available in our Github
repository.

C Release Artefacts

We release: MTPA. jsonl, MTPA-base. jsonl with
CC-BY-NC-4.0 license and hosted on the Hugging-
Face Hub.

D Model Licenses

* GPT-40, GPT-40-mini — proprietary; ac-
cessed via OpenAl API, subject to OpenAl
Terms of Use (no model weights released).

* Gemini-2.0-flash — proprietary; served
through Google Cloud Al access agreement
(weights unreleased).

* LLaMA-3.2 1B Instruct — open weight un-
der Meta Custom Non-Commercial Licence
(research use only).

Proprietary models were queried via API; only
generated text was stored. Open-weight models
were run locally with publicly released checkpoints,
adhering to each licence’s terms.
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