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Abstract
Aligning large language models (LLMs) with di-
verse human values is essential for safe and ef-
fective deployment, yet existing benchmarks of-
ten overlook cultural and demographic variation.
We introduce DiverValue-Bench, a population-
aware benchmark for evaluating multi-dimensional
value alignment across 74 countries/regions. It
contains 23,763 quality-controlled instances de-
rived from PRISM user feedback and audited
through large-scale human validation, with fine-
grained value labels, personalized questions, con-
trastive reference answers, and rich demographic
metadata. Using DiverValue-Bench, we evalu-
ate representative LLMs and reveal substantial
geographic and demographic disparities that are
masked by aggregate performance. We further
show that lightweight preference-based fine-tuning
with Low-Rank Adaptation (LoRA) and Direct
Preference Optimization (DPO) substantially im-
proves in-domain value alignment while yielding
consistent out-of-domain gains. These results high-
light the need for population-aware alignment eval-
uation and demonstrate the utility of DiverValue-
Bench as a practical foundation for global align-
ment, personalized value modeling, and equitable
AI development.

1 Introduction
Large language models (LLMs) have demonstrated im-
pressive capabilities in natural language understanding and
generation, powering a wide range of real-world applica-
tions across education, healthcare, law, and creative indus-
tries [Ouyang et al., 2022; Ding et al., 2023; Ziems et al.,
2023; Achiam et al., 2023; Touvron et al., 2023; Dubey et

∗Corresponding author.
Open-science materials are publicly available at: https://github.

com/YaoLiang2023/DiverValue-Bench.

al., 2024]. However, as LLMs increasingly interact with di-
verse user populations, a critical challenge emerges: ensuring
that their outputs align with the ethical norms, social values,
and personal preferences of humans—a problem commonly
referred to as the value alignment challenge [Li et al., 2023;
Xu et al., 2023; Shen et al., 2023; Lee et al., 2024; Asai et
al., 2024; Yu et al., 2024; Azar et al., 2024].

Value alignment aims to ensure that LLMs produce con-
tent that is ethically appropriate, socially acceptable, and
individually respectful. Existing approaches such as rein-
forcement learning with human feedback (RLHF) [Ziegler et
al., 2019; Ouyang et al., 2022] and direct preference opti-
mization (DPO) [Rafailov et al., 2023] have improved align-
ment performance, particularly in high-stakes and safety-
sensitive scenarios. Nevertheless, these methods often rely
on limited or homogeneous datasets, which hinders their gen-
eralization to personalized, cross-cultural, and multi-value
contexts [Kasirzadeh and Gabriel, 2023; Kirk et al., 2023;
Freedman et al., 2023; Motoki et al., 2024; Rozado, 2024].

Recent work has explored emerging directions such as per-
sonalized alignment, value pluralism, and cross-cultural eval-
uation. For example, datasets like PRISM [Kirk et al., 2024]
and PERSONA [Castricato et al., 2024] incorporate multi-
value feedback to better reflect individual preferences, while
the Value Kaleidoscope [Sorensen et al., 2024] project high-
lights the importance of evaluating alignment robustness un-
der culturally divergent and morally ambiguous conditions.
These efforts mark important progress, but significant limi-
tations remain: 1) current datasets rarely contain rich, fine-
grained user profiles (e.g., age, gender, education), making
it difficult to simulate realistic and diverse alignment sce-
narios; 2) many studies implicitly assume a universal ethi-
cal framework, overlooking the inherent plurality and con-
flict of values across populations, societies, and time peri-
ods. Mainstream benchmarks are heavily skewed toward
Western-centric value systems, inadvertently marginalizing
non-mainstream or alternative viewpoints [Roche et al., 2023;
Friederich, 2024]; 3) existing evaluation methods typically
rely on single-dimensional consistency metrics, failing to
capture structured variations across cultures, identity groups,
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or ethical dimensions. These limitations collectively impede
our ability to assess and improve LLM alignment in complex,
heterogeneous settings.

To address the aforementioned challenges, we propose
DiverValue-Bench, a benchmark for multi-value preference
alignment. It comprises 23,763 quality-controlled instances
across 7 value dimensions, 1,396 users, and 74 countries/re-
gions, with a blind human audit covering 6,406 sampled
instances. Each user is annotated with detailed demo-
graphic information—including age, gender, education level,
employment status, language proficiency, and marital sta-
tus—enabling fine-grained and context-aware analysis of
alignment behaviors. Building on PRISM user feedback, we
automatically generate profile-conditioned Q&A pairs with
consistency filtering and targeted manual audits to improve
quality.

The construction of DiverValue-Bench serves as a founda-
tion for systematic, large-scale evaluation of alignment per-
formance under heterogeneous human value systems. Build-
ing on this dataset, we further develop a structured evalua-
tion framework that facilitates comparative analysis across a
range of widely used language models under varied demo-
graphic and ethical contexts. Empirical results derived from
DiverValue-Bench reveal substantial disparities in alignment
performance across different population groups, highlighting
key limitations of current alignment strategies in globally de-
ployed systems. Moreover, we demonstrate that lightweight
adaptation techniques guided by value-diverse supervision
can effectively enhance model robustness and cultural sensi-
tivity, underscoring the practical utility of DiverValue-Bench
in advancing the development of more inclusive and globally
aligned language models.

Our key contributions are as follows:
• Multi-dimensional contrastive benchmark. We intro-

duce DiverValue-Bench (23,763 instances; 1,396 users;
74 countries/regions), which pairs each question with a
contrastive reference pair (aligned vs. misaligned) under
a 7-D value-preference schema and detailed user pro-
files, enabling population- and subgroup-level audits of
value-pluralistic alignment.

• Structured cross-cultural evaluation. We propose a
structured evaluation framework for fine-grained coun-
try/region and subgroup analysis, revealing systematic
alignment disparities that aggregate scores can mask.

• Lightweight preference-based alignment. Using
DiverValue-Bench preference pairs as supervision, we
show that lightweight alignment tuning (LoRA/DPO) on
LLaMA-2 and Qwen substantially improves preference
alignment (OPA ∼ 27% → 78–89%) and yields consis-
tent out-of-domain gains, demonstrating practical utility
for culturally adaptive value alignment.

2 Related Work
Recent advances in value alignment for LLMs have predom-
inantly leveraged RLHF and DPO to align model behavior
with normative ethical standards. While these approaches
have achieved notable success, they often assume a univer-
sal value framework, neglecting the complexities introduced

by value pluralism, individual differences, and cross-cultural
variability [Chakraborty et al., 2024; Wang et al., 2024;
Jang et al., 2023; Yang et al., 2024]. To address these lim-
itations, several recent datasets have begun to explicitly en-
code diverse human value systems, offering new opportu-
nities for nuanced alignment research [Poddar et al., 2024;
Peschl et al., 2021; Rame et al., 2023].

Value pluralism emphasizes the need to respect and rep-
resent the diversity of human values rather than enforc-
ing a singular normative standard. For example, the PER-
SONA dataset [Castricato et al., 2024] constructs synthetic
user personas encompassing varied demographic attributes
and value stances, enabling the evaluation and improvement
of pluralistic alignment strategies. Similarly, Value Kalei-
doscope [Sorensen et al., 2024] introduces the ValuePrism
dataset, which captures conflicting principles, rights, and du-
ties to simulate morally complex decision-making scenarios.
These resources support the development of LLMs capable of
navigating value conflicts in real-world settings.

Personalized alignment focuses on tailoring model out-
puts to reflect individual user preferences, thereby improving
perceived helpfulness and satisfaction. Early approaches of-
ten relied on single-dimensional preference modeling, which
fails to capture the complexity of real-world value systems.
PRISM [Kirk et al., 2024] demonstrates that leveraging
user profiles for personalized feedback substantially enhances
alignment accuracy. Expanding on this, Li et al. [2025] pro-
posed multi-dimensional preference spaces derived from psy-
chological theories to better extract and model fine-grained
individual preferences.

Cross-cultural alignment aims to ensure model general-
ization and fairness across global populations. PRISM pro-
vides explicit value feedback and demographic attributes, but
it does not offer contrastive, preference-labeled Q&A pairs
suitable for benchmarking and preference-based fine-tuning
under a unified evaluation protocol. The Moral Machine ex-
periment [Awad et al., 2018] provides large-scale evidence of
cultural variation in ethical decision-making, revealing sys-
tematic biases and underscoring the need for culturally sensi-
tive alignment frameworks.

Overall, existing work has advanced pluralistic, person-
alized, and cross-cultural alignment, yet a gap remains be-
tween diverse feedback collection and actionable benchmark-
ing. Many resources either provide limited demographic
granularity, lack contrastive preference-labeled Q&A pairs,
or offer insufficient protocols for subgroup-level evaluation
and preference-based tuning. DiverValue-Bench fills this gap
by combining multi-dimensional value labels, fine-grained
user profiles, and aligned/misaligned reference pairs within
a unified framework for population-aware alignment evalua-
tion and adaptation.

3 DiverValue-Bench Construction
In this paper, we propose and construct a dataset, DiverValue-
Bench, specifically designed for aligning LLMs with diverse
human values. The dataset aims to address the current limi-
tations in understanding and generating outputs aligned with
diverse human values. Emphasizing high-quality and large-
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scale data collection, DiverValue-Bench systematically cap-
tures users’ multi-dimensional value preferences and person-
alized requirements. The dataset construction involves three
stages: (1) Value Preference Mapping; (2) Personalized Q&A
Generation; and (3) User Profile Integration. An overview of
this pipeline is illustrated in Fig. 1.

3.1 Value Preference Mapping
We map users’ explicit feedback to interpretable value-
preference labels. Starting from PRISM’s stated prefs
field, we implement a Python-based mapping framework that
calls GPT-4o via API [Hurst et al., 2024]. Using a stan-
dardized template, the framework analyzes feedback over
seven value dimensions (creativity, fluency, factuality, diver-
sity, safety, personalisation, helpfulness) and binarizes pref-
erences by rating thresholds: ≥ 80 as high and ≤ 60 as
low. This procedure yields 8,007 preference records from
PRISM. We validate the automated mapping through auto-
matic consistency checks, manual inspection, team cross-
checking, and the large-scale blind human audit described
below. The thresholds are used as operational cutoffs for con-
structing contrastive preference labels, rather than as claims
about absolute psychological value intensities.

3.2 Personalized Q&A Generation
Following value preference mapping, we automatically gen-
erate personalized question–answer (Q&A) pairs conditioned
on each user’s value profile, including stated preferences,
conversation history, self-descriptions, and the system in-
struction string. Using GPT-4o with a task-specification
prompt, each instance contains one question and a con-
trastive answer pair: answer w is preference-aligned, while
answer l is deliberately preference-misaligned, highlight-
ing the multi-dimensional structure of individual value sys-
tems. To expand coverage, we generate three semantically
distinct questions per profile, producing 24,021 instances
from 8,007 preference records. We then apply automatic
checks and targeted manual audits on randomly sampled sub-
sets; non-conforming cases are revised and 258 low-quality
instances are removed, yielding 23,763 final instances.

3.3 User Profile Integration
In the final stage, we attach demographic profiles to each
user (age, gender, education, employment status, English pro-
ficiency, birth country/region, and marital status) to enable
subgroup-aware alignment analysis. Combined with the 7-
D value-preference annotations and contrastive personalized
Q&A pairs from previous stages, this yields DiverValue-
Bench with 23,763 instances grounded in realistic user con-
texts and interpretable value signals.

Human validation of generated data. To assess the re-
liability of GPT-4o-assisted preference mapping and Q&A
generation, and to examine potential model-specific value
bias, we conducted a blind human audit on 6,406 DiverValue-
Bench instances. The two reference answers were randomly
shuffled as Answer A/B, and annotators judged which answer
better aligned with the user profile and stated value prefer-
ences, without knowing whether an answer corresponded to

the intended aligned answer yw or the intended misaligned
answer yl. The audit evaluates both dataset-level quality and
pairwise preference consistency. On a 1–5 scale, the pref-
erence mappings achieved an average quality score of 4.15,
with 93.47% of cases rated as high quality (score ≥ 4) and
only 0.33% rated as low quality (score ≤ 2). The gener-
ated questions achieved an average quality score of 4.17, with
96.50% rated as high quality and only 0.27% rated as low
quality. Among 6,383 decisive pairwise judgments, annota-
tors selected the intended aligned answer yw in 96.76% of
cases (6,176/6,383; Wilson 95% CI: 96.29–97.16%); equiva-
lently, only 3.24% of decisive judgments favored the intended
misaligned answer yl. The raw A/B selection rates were also
near-balanced (51.07% vs. 48.93%), suggesting no substan-
tial answer-position bias in the blind annotation interface.
These results indicate that the GPT-4o-assisted preference
mappings and contrastive Q&A pairs are largely consistent
with human judgments, while fine-grained value-alignment
annotation remains inherently subjective.

4 Evaluation Framework for Aligning Models
with Diverse Human Value Preferences

Building on DiverValue-Bench, we evaluate whether LLMs
can follow heterogeneous human value preferences under re-
alistic user profiles. The framework operates at two comple-
mentary levels. At the instance level, each model response
is assessed against contrastive aligned and misaligned refer-
ences conditioned on the same user profile and question, us-
ing a poly-judge, score-to-label protocol to derive Preference
Alignment Accuracy (PAA). At the population level, PAA is
further aggregated by users’ birth countries/regions and de-
mographic subgroups, enabling fine-grained audits of align-
ment disparities that are often hidden by aggregate model
scores. This design links response-level preference adherence
with population-aware robustness analysis.

4.1 Evaluation Methodology
This section details the use of DiverValue-Bench as an evalu-
ation benchmark for assessing the value alignment capabil-
ities of LLMs across demographically diverse populations.
We describe the evaluation pipeline, prompt formulation, and
the associated quantitative metrics.

Each instance in DiverValue-Bench includes detailed user
profile attributes (e.g., age, gender, education level, coun-
try/region of birth, and marital status), characterizing the
user’s sociocultural background. It also contains one value-
sensitive question paired with two contrastive reference an-
swers:

• answer w: an answer aligned with the user’s value
preferences;

• answer l: an answer misaligned with the user’s value
preferences.

The evaluation consists of two sequential stages:
Stage 1 — Generation: Given the user profile and ques-

tion, the LLM generates a response (model answer). The
prompt is structured as follows (abridged):
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Overview of the DiverValue-Bench pipeline for multi-value human preference alignment in large language models.

For the question {How can I express the need for loan repayment while 
maintaining a positive tone?}, generate a response from {conversation_history} 
that aligns with {High fluency, High factuality, High diversity, High safety, High 
helpfulness, Low creativity, Low personalisation.}.

For the question {How can I express the need for loan repayment while 
maintaining a positive tone?}, generate a response from {conversation_history} 
that does not align with {High fluency, High factuality, High diversity, High safety, 
High helpfulness, Low creativity, Low personalisation.}.

High fluency,
High factuality, 
High diversity, 
High safety, 
High helpfulness, 
Low creativity,
Low personalisation.

During your conversation, calmly express your financial need and 
remind them of the original agreement. Highlight that you value the 
friendship and want to find a solution that works for both parties.

Large Language Model Evaluation

Large Language Model Alignment
ℒDPO 𝜋𝜃; 𝜋ref =

−𝔼 𝑥,𝑝,𝑦𝑤,𝑦𝑙 ∼𝒟 log 𝜎 𝛽 log
𝜋𝜃 𝑦𝑤 ∣ 𝑥, 𝑝

𝜋ref 𝑦𝑤 ∣ 𝑥, 𝑝
− 𝛽 log

𝜋𝜃 𝑦𝑙 ∣ 𝑥, 𝑝

𝜋ref 𝑦𝑙 ∣ 𝑥, 𝑝

How can I express the need for loan repayment while maintaining a 
positive tone?

Confront them directly and express your disappointment in their 
inability to repay. Demand they prioritize the repayment over other 
expenses to fulfill their obligation immediately.

Question

Answer(W)

Answer(L)

• Creativity: 50
• Fluency: 91
• Factuality: 100
• Diversity: 84
• Safety: 91
• Personalisation: 58
• Helpfulness: 100

Profile
Country
Gender

Age
Education

…

PAA =
1

𝑁
෍

𝑖=1

𝑁

𝕀 ො𝑦𝑖 = W

Data Source Preference Mapping Prompt Design

Question–Answer Pair Generation
Multi-Value Preference Benchmark

𝑥, 𝑝, 𝑦𝑤 , 𝑦𝑙 ∈ 𝒟 = 𝑥 𝑖 , 𝑝 𝑖 , 𝑦𝑤
𝑖 , 𝑦𝑙

𝑖
𝑖=1

𝑁

𝑁 = 23,763

Stated Preferences

Figure 1: Overview of the DiverValue-Bench pipeline for multi-value human preference alignment in large language models. We map explicit
user feedback to 7-D value-preference labels, generate contrastive Q&A pairs (x, p, yw, yl) (aligned yw vs. misaligned yl) conditioned on
the question x and user profile p, and attach demographic metadata. The resulting benchmark (N=23,763) supports alignment evaluation
via Preference Alignment Accuracy (PAA) and preference-based fine-tuning (e.g., LoRA, DPO).

Prompt =
"User Profile: " + user_profile +
"Question: " + question +
"Please answer this question in a helpful and

appropriate manner."↪→

This prompt encourages models to generate contextually
appropriate outputs based on the provided user profile.

Stage 2 — Judgment (poly-judge, score-to-label). To
obtain a reproducible preference-alignment decision beyond
a single-reference binary check, we adopt a poly-judge pro-
tocol with three independent LLM judges: GPT-4o, Doubao-
1.5-Pro, and DeepSeek-V3. Each judge is prompted with
the user profile (demographic attributes), the value pref-
erence text along with the raw preference dictionary, the
question, and three candidate answers: (i) answer w (in-
tended aligned), (ii) answer l (intended misaligned), and
(iii) model answer produced by the evaluated model. To
reduce reference bias, judges are explicitly instructed not to
assume answer w is always perfect, to focus on enforced
preference cues rather than writing style, and to treat miss-
ing/uncertain preference dimensions as not enforced. For any
decisive assessment, we additionally require the judge to cite
at least two concrete preference cues/dimensions, and to re-
turn a single JSON object containing three compliance scores
and supporting evidence fields.

Concretely, each judge outputs integer scores
sw, sl, sm ∈ [0, 100] for answer w, answer l,

and model answer, respectively, together with
enforced dimensions used and an optional list
of hard violations for the model answer, denoted by Hm. We
then map the scores to a categorical vote yj ∈ {W,L,TIE}
using a deterministic rule:

yj =


L, if Hm ̸= ∅,
W, if sm ≥ sl + λ ∧ sm ≥ sw − ϵ,

L, if sm ≤ sw − λl,

TIE, otherwise,

(1)

where we use λ=20, ϵ=3, and λl=8 in our evaluation. These
thresholds implement a conservative margin-based rule: λ =
20 requires a substantial advantage over the misaligned refer-
ence, ϵ = 3 tolerates minor judge-level noise relative to the
aligned reference, and λl = 8 marks clear underperformance
against the aligned reference as misalignment. The goal is to
reduce false-positive alignment decisions rather than to max-
imize model scores.

Finally, we aggregate the three votes by majority (k=2 out
of 3) to obtain the final label ŷ. If at least two judges vote W
(resp. L), we output W (resp. L); in addition, when there is a
contradictory minority vote against W and any judge reports a
hard violation, we conservatively veto to L. If neither W nor L
reaches majority, we output TIE.

Metric — Preference Alignment Accuracy (PAA). We
treat ŷ = W as “aligned” and define:

PAA =
1

N

N∑
i=1

I[ŷi = W] , (2)
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Model N W / PAA (↑) L (↓) TIE

Claude-Sonnet-4.5 23,763 79.27% 11.11% 9.62%
GPT-4o 23,763 71.33% 16.12% 12.55%
Mistral-Medium-3 23,763 67.45% 18.72% 13.84%
Doubao-1.5-Pro 23,758 64.93% 16.19% 18.88%
DeepSeek-V3 23,754 62.63% 27.65% 9.71%

Table 1: Overall poly-judge outcomes on DiverValue-Bench. W de-
notes aligned (ŷ = W, counted as PAA; higher is better, ↑), L denotes
misaligned (lower is better, ↓), and TIE indicates that the judges do
not yield a confident majority decision under the deterministic ag-
gregation rule.

where N is the number of evaluated instances. PAA should
be interpreted as a conservative preference-alignment rate. It
counts only cases labeled as aligned W, excluding both ex-
plicit misalignment L and unresolved ambiguity TIE, and
is therefore intended for auditing population-level alignment
gaps rather than claiming absolute human satisfaction.

4.2 Evaluation Results
We report overall alignment performance on DiverValue-
Bench using the poly-judge, score-to-label protocol described
in Section 4.1, where the final label ŷ ∈ {W,L,TIE} is ob-
tained by majority voting over three independent judges and
ŷ = W is counted as “aligned” in Preference Alignment Accu-
racy (PAA). Table 1 summarizes the distribution of W/L/TIE
outcomes.

Overall, Claude-Sonnet-4.5 achieves the highest PAA
(79.27%), followed by GPT-4o (71.33%) and Mistral-
Medium-3 (67.45%). Doubao-1.5-Pro and DeepSeek-V3 ex-
hibit lower PAA (64.93% and 62.63%, respectively), but
with notably different error profiles: DeepSeek-V3 has the
largest fraction of clear misalignment decisions (L: 27.65%),
whereas Doubao-1.5-Pro yields the highest ambiguity rate
(TIE: 18.88%). We treat TIE as non-aligned when comput-
ing PAA, making the reported PAA a conservative estimate
that penalizes both explicit violations (L) and uncertain/un-
derspecified responses (TIE).

Note that N can be slightly smaller than the full bench-
mark size due to rare invalid or missing model outputs being
excluded from evaluation. In the following sections, we fur-
ther analyze performance variations across countries/regions
and demographic groups to reveal population-level disparities
beyond aggregate scores.

Human review of poly-judge evaluation. To further ex-
amine potential bias introduced by LLM-based automatic
evaluation, we conducted a human review on 200 randomly
sampled evaluation cases. For each case, the reviewer ex-
amined the user profile, value preferences, question, refer-
ence answers, model response, and the corresponding poly-
judge decision, and then determined whether the model re-
sponse should be regarded as aligned with the user’s pref-
erences. The reviewed human labels achieved an exact
W/L/TIE agreement of 86.50% with the poly-judge labels,
with a Wilson 95% confidence interval of 81.07–90.55% and
a Cohen’s κ of 0.5069. Since PAA counts ŷ = W as aligned
and treats other labels as non-aligned, we also evaluate a W-

0

20

40

60

80

100
Mean PAA (%)

Mean Preference Alignment Accuracy (PAA) Across 5 Models by Birth Country/Region

Figure 2: Mean Preference Alignment Accuracy (PAA) across five
models (GPT-4o, Doubao-1.5-Pro, DeepSeek-V3, Claude-Sonnet-
4.5, and Mistral-Medium-3), stratified by users’ birth country/re-
gion. Unshaded regions indicate no samples.

vs-non-W agreement setting. Under this setting, the agree-
ment reaches 87.50%, with a Wilson 95% confidence inter-
val of 82.20–91.39% and a Cohen’s κ of 0.5265. These
results suggest that our poly-judge evaluation is reasonably
consistent with human review, while also reflecting the inher-
ent subjectivity of fine-grained personalized value-alignment
judgments.

4.3 Overall Alignment Analysis
We conduct a sample-level cross-region diagnostic anal-
ysis by stratifying DiverValue-Bench instances according
to users’ birth country/region (74 in total) and comput-
ing the observed country/region-level alignment PAAc =
1
Nc

∑
i: birth(i)=c I[ŷi = W].

Cross-model geographic summary. To summarize geo-
graphic trends beyond single-model views, we compute the
per-country mean alignment PAAc = 1

5

∑5
m=1 PAA

(m)
c

over five evaluated models (GPT-4o, Doubao-1.5-Pro,
DeepSeek-V3, Claude-Sonnet-4.5, and Mistral-Medium-3),
and visualize it as a world map in Fig. 2.

The map highlights substantial heterogeneity across birth
countries/regions even after averaging across models; we
therefore report finer-grained regional and demographic anal-
yses in §4.4–§4.5. (Blank regions indicate no profiled users
in our benchmark; this figure reflects sample-level trends.)

Across countries/regions, the overall ranking is consis-
tent with Table 1: Claude-Sonnet-4.5 achieves the strongest
and most broadly high alignment, followed by GPT-4o;
Mistral-Medium-3 and Doubao-1.5-Pro are mid-tier, while
DeepSeek-V3 shows the weakest cross-region robustness.

Fig. 3 further reveals pronounced regional disparities and
particularly low observed PAA in several underrepresented
countries/regions, e.g., Brazil (5.6–27.8% across models),
Honduras (0–5.6%), and Kenya (0–44.4%), contrasted with
consistently high observed PAA in regions such as Portugal
(82.9–94.9%) and Indonesia (72.5–98.0%).

These results indicate that strong aggregate PAA can mask
substantial population-level gaps, motivating population-
aware evaluation and culturally differentiated alignment
strategies. Note: this cross-region analysis reflects sample-
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level trends from the profiled users rather than national-level
representations.

4.4 Alignment Analysis for Western Regions
We further examine demographic robustness among
users from Western regions. For each demographic
subgroup g (Age/Gender/Education/Marital Status),
we compute subgroup alignment PAAWest,g =

1
NWest,g

∑
i: r(i)=West, a(i)=g I[ŷi = W]. Fig. 4 reports

the results.
Across Age, all models perform slightly better for mid-

dle/older users (45–64), while DeepSeek-V3 exhibits the
largest variation (56.4–68.7%) and Claude remains consis-
tently high (76.6–81.6%). For Gender, female/male scores
are close across most models; the non-binary/third-gender
subgroup shows lower observed PAA in our sample (46.1–
65.9% for most models), while Claude remains higher at
approximately 79.0%. For Education, DeepSeek-V3 drops
sharply on higher-education groups (Bachelor 58.3%, Gradu-
ate 61.9%), while Claude stays high (69.4–92.1%) and GPT-
4o is comparatively stable (69.0–82.5%). For Marital Sta-
tus, patterns are similar: Claude leads (76.6–85.3%) and
DeepSeek-V3 is lowest, particularly for never-married users
(59.5%).

Summary. Within the Western-region sample, subgroup-
level PAA remains heterogeneous, showing that strong re-
gional performance does not imply uniform demographic ro-
bustness. Claude-Sonnet-4.5 is the strongest and most sta-
ble, followed by GPT-4o; Mistral-Medium-3 and Doubao-
1.5-Pro are mid-tier, while DeepSeek-V3 is most subgroup-
sensitive. These results should be viewed as sample-level di-
agnostic signals, especially for small tail groups, rather than
population-level demographic conclusions.

4.5 Alignment Analysis for East Asian Regions
We further examine demographic robustness in East Asian
regions, using the same subgroup PAA protocol as in §4.4.
Fig. 5 shows that the overall model ordering is broadly
consistent with the aggregate results: Claude-Sonnet-4.5
achieves the strongest and most stable subgroup performance,
followed by GPT-4o, while Doubao-1.5-Pro and Mistral-
Medium-3 remain mid-tier and DeepSeek-V3 shows larger
subgroup sensitivity. As in the Western-region analysis, these
results should be interpreted as sample-level diagnostics, es-
pecially for sparsely represented tail groups.

Age. Observed PAA is higher for users aged 25–64, with
the 55–64 subgroup reaching 88.9–100% across models. In
contrast, the 18–24 subgroup is lower (31.5–60.2%). The 65+
subgroup has 0% PAA across all models, which we treat as
a low-support diagnostic signal rather than a population-level
age effect.

Gender. Female and male subgroups show broadly sim-
ilar PAA within each model. The non-binary/third-gender
subgroup has lower observed PAA for most models (11.1–
38.9%), while Claude remains higher at 66.7%. The unstated
subgroup also yields 0% PAA across models, indicating an-
other sparse-tail case.

Education. The vocational subgroup is near ceiling (94.4–
100%). The most pronounced gap appears for “Some uni-

versity but no degree,” where DeepSeek-V3 drops to 2.8%,
compared with 30.6–47.2% for the other models. Claude
performs strongly on secondary and graduate/professional
groups (94.4% and 81.9%).

Marital Status. Married users show consistently high ob-
served PAA (88.4–94.2%). Never-married users are lower,
particularly for DeepSeek-V3 (49.5%) compared with Claude
(72.6%). Divorced/separated and widowed groups yield 0%
PAA across all models, and should be read as tail-group diag-
nostics.

Summary. Overall, East Asian subgroups with higher
coverage exhibit model-level patterns similar to the Western-
region sample, but the analysis also reveals sharper observed
gaps in sparse demographic tails and selected education cate-
gories. These findings reinforce that aggregate regional PAA
can mask subgroup-level variation, motivating subgroup-
aware evaluation and future alignment improvements.

5 Fine-Tuning Models for Alignment with
Diverse Human Values

We test whether DiverValue-Bench provides value-diverse
supervision for population-aware alignment across model
families and scales. We adopt a LoRA-DPO [Hu et al., 2022;
Rafailov et al., 2023] setup, combining parameter-efficient
low-rank adaptation with preference optimization that fa-
vors preferred over dispreferred responses without training
an explicit reward model. Whereas PAA measures black-
box generation-based alignment for closed and open models,
we use Optimized Preference Alignment (OPA), a likelihood-
based metric on contrastive preference pairs, to evaluate lo-
cally fine-tuned models.

5.1 Alignment Fine-Tuning Methodology
We fine-tune LLaMA-2 [Touvron et al., 2023] and Qwen [Bai
et al., 2023] using LoRA [Hu et al., 2022] and DPO. LoRA
uses rank r = 16, scaling factor α = 32, dropout 0.05,
and is applied to q proj, k proj, and v proj; DPO uses
β = 0.1. Training runs for three epochs with learning rate
5 × 10−5, bf16 precision, per-GPU batch size 2, gradient
accumulation 4, maximum input/output lengths of 512/1024,
and results are reported as mean ± std over three seeds.

DPO Loss. Let πθ denote the current policy model, and
πref be a frozen reference model. Given an input x and an
associated user profile p, we treat the model’s conditioning
context as (x, p). Each training sample contains a preferred
response yw and a less preferred response yl. The DPO loss
is computed as [Rafailov et al., 2023; Li et al., 2025]:

LDPO(πθ;πref) =

−E(x,p,yw,yl)∼D

[
log σ

(
β log πθ(yw|x,p)

πref(yw|x,p)

− β log πθ(yl|x,p)
πref(yl|x,p)

)] (3)

Here, σ is the sigmoid function, and β controls the sharp-
ness of preference contrast. The dataset D corresponds to
DiverValue-Bench.

Optimized Preference Alignment (OPA). For experi-
ments involving preference-based training, we report OPA,
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Figure 3: Country/region-level preference alignment accuracy (PAA) on DiverValue-Bench by birth country/region, comparing five LLMs
(GPT-4o, Doubao-1.5-Pro, DeepSeek-V3, Claude-Sonnet-4.5, Mistral-Medium-3).

a log-probability-based accuracy metric that quantifies how
reliably a single model assigns higher likelihood to aligned
answers than to misaligned alternatives under the same condi-
tioning context used in training. Concretely, for each instance
i with question x(i), user profile p(i), aligned answer y(i)w , and
misaligned answer y

(i)
l , we compute the length-normalized

log-likelihood margin:

m(i) =
1

|y(i)w |
log πθ

(
y(i)w | x(i), p(i)

)
− 1

|y(i)l |
log πθ

(
y
(i)
l | x(i), p(i)

)
,

where πθ denotes the evaluated model and |·| denotes the
number of tokens in the answer. We then evaluate, for a set

of non-negative thresholds ∆ = {0.0, 0.2, 2.0, 4.0, 6.0, 8.0},
the strict preference accuracy at each margin level,

A(δ) =
1

N

N∑
i=1

I
(
m(i) > δ

)
, δ ∈ ∆,

where N is the number of evaluated instances and I(·) is the
indicator function. OPA is defined as the average of these
accuracies across all thresholds:

OPA =
1

|∆|
∑
δ∈∆

A(δ). (4)

Intuitively, OPA rewards models that not only prefer aligned
answers over misaligned ones (corresponding to δ = 0), but
also assign them consistently higher normalized likelihood
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Figure 4: Preference alignment accuracy (PAA) across four demographic dimensions in Western regions. Radar plots report subgroup PAA
for five LLMs (GPT-4o, Doubao-1.5-Pro, DeepSeek-V3, Claude-Sonnet-4.5, Mistral-Medium-3).

under increasingly strict log-probability margins. All OPA
values are reported as percentages in our experiments.

We evaluate the proposed alignment approach on two
datasets to assess effectiveness and generalization. For
DiverValue-Bench, we use a user-disjoint split (80/10/10
over train/val/test), and denote the training and test splits as
DVB-train and DVB-test.

• DVB-test: Evaluates in-distribution value alignment
on DiverValue-Bench, focusing on adherence to fine-
grained and culturally diverse user preferences.

• UF-P-4 [Poddar et al., 2024]: An out-of-distribution
preference-alignment benchmark covering helpfulness,
honesty, instruction-following, and truthfulness.

5.2 Alignment Fine-Tuning Results
Table 2 summarizes Optimized Preference Alignment (OPA;
Eq. (4)) for LLaMA-2 and Qwen models before and after
fine-tuning on DVB-train. OPA evaluates whether the
model assigns a consistently higher length-normalized like-
lihood to the aligned reference answer than to the misaligned
one under a set of increasingly strict log-probability margins,

thereby capturing not only pairwise preference correctness
but also preference confidence.
In-distribution alignment. Fine-tuning on DiverValue-
Bench yields a large and consistent improvement on
DVB-test: all base checkpoints start at ∼27% OPA, while
fine-tuned models reach 78–89% OPA. Notably, the gains are
substantial across both model families and scales (e.g., +50–
62 points), indicating that DiverValue-Bench preference pairs
provide strong supervision for in-domain value alignment.
Out-of-distribution generalization. When evaluated on the
external UF-P-4 benchmark, we observe smaller yet sys-
tematic improvements (roughly +1–2.3 OPA points, reach-
ing ∼19–22%). This pattern suggests partial transfer of
preference-following behavior beyond DiverValue-Bench,
but the absolute OPA remains far below the in-domain level,
leaving clear headroom for improving cross-benchmark ro-
bustness.

Overall, these results indicate that DiverValue-Bench of-
fers strong supervision for contrastive value-preference learn-
ing, but do not guarantee generalization to all culturally di-
verse alignment settings. The modest UF-P-4 gains fur-
ther suggest partial but limited transfer, leaving benchmark-
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Figure 5: Preference alignment accuracy (PAA) across four demographic dimensions in East Asian regions. Radar plots report subgroup PAA
for five LLMs (GPT-4o, Doubao-1.5-Pro, DeepSeek-V3, Claude-Sonnet-4.5, Mistral-Medium-3).

Base Fine-Tuning DVB-test UF-P-4
Model on DVB-train OPA (%) ↑ OPA (%) ↑
LLaMA-2-7B No 26.73 18.17
LLaMA-2-7B Yes 83.29±0.13 20.49±0.18

LLaMA-2-13B No 27.36 18.08
LLaMA-2-13B Yes 78.22±4.98 19.29±0.10

Qwen-7B No 27.13 19.61
Qwen-7B Yes 86.18±1.87 21.81±0.13

Qwen-14B No 27.07 20.09
Qwen-14B Yes 88.80±3.56 22.24±0.28

Table 2: OPA results of LLaMA-2 and Qwen models before and
after fine-tuning on DVB-train, evaluated on DVB-test and
UF-P-4. Higher OPA indicates better preference alignment.

specific behavior and motivating broader cross-benchmark
and human-centered evaluation.

6 Conclusion
We introduce DiverValue-Bench, a benchmark for evaluat-
ing and improving LLM alignment with diverse human value

preferences. DiverValue-Bench combines fine-grained value
annotations, personalized contrastive references, and rich de-
mographic profiles at scale. Experiments reveal substantial
geographic and demographic variation in preference align-
ment, showing that aggregate scores can mask population-
level disparities. We further show that LoRA/DPO fine-
tuning on DiverValue-Bench yields large in-domain gains
and consistent out-of-domain improvements. These findings
highlight the value of population-aware evaluation and pro-
vide a practical foundation for future research on personal-
ized, culturally adaptive, and value-sensitive alignment.

Limitations
DiverValue-Bench supports sample-level, subgroup-aware
alignment auditing rather than population-representative
country/region inference. Although it includes 23,763 in-
stances from 1,396 users across 74 countries/regions, some
countries/regions and demographic tails have few users.
Thus, country/region- and subgroup-level PAA should be
read as diagnostic signals of potential alignment disparities,
not estimates of population-level value distributions.
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