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Abstract

This paper presents an overview of the PlurVA-
LLM 2026 shared task on pluralistic value
alignment across China, Indonesia, and Sri
Lanka. To the best of our knowledge, this is
the first shared task that aims to align a single
large language model (LLM) to pluralistic val-
ues of multiple countries. We use 3 pluralistic
value datasets: D2VBench (Hao et al., 2026)
for China, Pancasila-Dilemmas (Supryadi et al.,
2026) for Indonesia, and LKValues (Muthugala
et al., 2026) for Sri Lanka. The shared task
consists of two tracks: Track-1, a resource-
constrained track (LLMs under 8B parameters)
and Track-2, an open track without model-size
constraints. We received registration from 20
teams across different countries. After final-
ization, we received 3 submissions for Track-1
and 2 submissions for Track-2. The final score
is calculated as the average accuracy of the
gold-standard answers across the three datasets.
The submitted methods, including fine-tuning
and prompt engineering, consistently surpasses
the baselines. We believe that the results and
findings from this shared task provide valuable
insights and serve as a foundation for future re-
search on pluralistic value alignment in LLMs.
The dataset of this shared task is available in
this link.1

1 Introduction

Large language models (LLMs) have demonstrated
capabilities across a wide range of applications, in-
cluding content generation, information retrieval,
reasoning, and decision making. As LLMs are in-
creasingly deployed, their behavior is shaped not
only by their linguistic and reasoning capabilities
but also by the values and preferences reflected in
their responses. Such values may influence deci-
sions, recommendations, and interactions, making

*Corresponding author.
1https://huggingface.co/datasets/TJUNLP/

PlurVA-LLM-ST-2026

value alignment an important consideration in the
development and evaluation of LLMs (Liu et al.,
2022; Sorensen et al., 2024b).

A central challenge is that human values are
not uniform across individuals. Preferences may
vary across cultural, social, demographic, and situ-
ational contexts. Recent work shows that national
labels can obscure intra-country heterogeneity in
value preferences, motivating finer-grained demo-
graphic modeling of pluralistic values (Zhu et al.,
2026). Treating human preferences as a target can
obscure meaningful disagreements and value con-
flicts across cultures and communities (Sorensen
et al., 2024a,b; Feng et al., 2024). Participatory
studies demonstrate substantial subjectivity and
cross-cultural variation in human judgments on
value-laden issues (Kirk et al., 2024). Similarly,
cross-cultural evaluations have shown that LLMs
behavior does not reproduce human value distribu-
tions across populations and that model responses
can vary across cultural settings (Li et al., 2024;
Pistilli et al., 2024; Xu et al., 2024; Zhao et al.,
2024; Zheng et al., 2026).

These observations have motivated interest in
pluralistic value alignment: rather than assum-
ing there is one appropriate preference structure
to which all models and human-users should con-
form, pluralistic alignment seeks to develop AI sys-
tems capable of representing and responding appro-
priately to diverse human values and perspectives
(Sorensen et al., 2024a,b). Recent studies have
approached this problem from multiple directions.
PRISM collects participatory feedback reflecting
subjective and multicultural preferences (Kirk et al.,
2024); CultureLLM incorporates cultural differ-
ences into LLM adaptation across cultures (Li et al.,
2024); CultureSPA explores self-pluralising culture
alignment through culture-aware data generation
and culture-joint or culture-specific fine-tuning (Xu
et al., 2025); and Modular Pluralism explores multi-
model collaboration for representing different com-
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munity preferences (Feng et al., 2024). Country-
and region-specific benchmarks such as KorNAT
for South Korea (Lee et al., 2024), MENAValues
for the Middle East and North Africa (Zahraei et al.,
2025), and culturally grounded Chinese value re-
sources (Wu et al., 2025) further demonstrate the
growing need to evaluate value alignment in situ-
ated contexts. This challenge becomes important
in multilingual and cross-cultural settings, where
models must reason about situations while remain-
ing sensitive to different societal expectations.

To facilitate systematic research on this prob-
lem, we organize the first PlurVA-LLM Shared
Task on Pluralistic Value Alignment2, held in
conjunction with the First Workshop on Plural-
istic Value Alignment of LLMs (PlurVA-LLM)
at AACL-IJCNLP 2026.3 The shared task evalu-
ates whether a single LLM-based system can make
value-sensitive judgments across three distinct cul-
tural contexts: China, Indonesia, and Sri Lanka.
Rather than treating the task as conventional multi-
lingual language understanding, we focus specifi-
cally on whether systems can adapt their judgments
to the human value preferences represented in dif-
ferent country-specific benchmarks. Importantly,
the shared task does not posit a single authorita-
tive value framework that should apply uniformly
across these societies; instead, it brings together
independently constructed benchmarks that opera-
tionalize value-sensitive judgments under different
cultural and societal settings.

The PlurVA-LLM Shared Task is designed
around the following key components:

• Cross-Cultural Value Alignment Bench-
marks: We bring together three indepen-
dently developed value-alignment datasets:
D2VBench for China (Hao et al., 2026),
Pancasila-Dilemmas for Indonesia (Supryadi
et al., 2026), and LKValues for Sri Lanka
(Muthugala et al., 2026). The three datasets
are grounded in different societal value frame-
works and are constructed using different data
sources and annotation procedures. This set-
ting enables the shared task to evaluate value-
sensitive reasoning across heterogeneous cul-
tural contexts rather than under a single pre-
defined value framework.

2https://plurvallm2026.github.io/shared-task.html
3https://www.aclweb.org/portal/content/first-cfp-first-

workshop-pluralistic-value-alignment-llms-plurva-llm-aacl-
2026

• Unified Pluralistic Alignment Setting: Par-
ticipants are required to develop one uni-
fied system capable of producing predictions
across all three country-specific datasets. This
differs from conventional multilingual eval-
uations in which separate systems may be
optimized independently for individual lan-
guages or datasets. The task therefore evalu-
ates whether a system can generalize across
multiple cultural value settings while retain-
ing strong country-specific performance. In
this shared task, a unified system is defined as
a single LLM that capable of handling inputs
from all three countries.

• Resource-Constrained and Open Tracks:
We establish two tracks to investigate plural-
istic value alignment under different resource
conditions. Track 1: Resource-Constrained
Track restricts participating models to no
more than 8 billion parameters and prohibits
closed-source commercial APIs and external
agents or tools during inference. In contrast,
Track 2: Open Track permits unrestricted
model sizes and allows proprietary LLMs,
commercial APIs, retrieval systems, external
knowledge sources, and multi-agent methods.
The two tracks enable comparison between
computationally efficient and reproducible ap-
proaches and unrestricted approaches using
more powerful resources.

• Balanced Cross-Cultural Evaluation: Each
dataset is divided into a development set and a
test set for evaluation. System performance is
measured independently for China, Indonesia,
and Sri Lanka using accuracy, while the final
score is calculated using the macro-average
of the three country-level accuracies. This
evaluation design gives equal weight to each
cultural context regardless of dataset size and
discourages systems from optimizing for a
single country.

This paper is organized as follows. We first intro-
duce the three country-specific datasets and value
frameworks in Section 2. We then describe the
shared task settings in Section 3. Next, we summa-
rize participating systems and report official shared
task results in Section 4. Finally, we discuss the ma-
jor approaches and findings in Section 5, followed
by the Conclusion in Section 6.
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CHINA (Chinese)

“D2VBench” 
158 Fine-Grained Value Concepts

3 Top-level Categories:

Survival Security, Social Order, Civilization Progress


4,000 MCQs (from 10K dilemmas)

Public Dev.Set

China            790

Indonesia     366

Sri Lanka      203

Hidden Test Set

China            3210

Indonesia     1468

Sri Lanka       797

INDONESIA (Indonesian)

“Pancasila-Dilemmas” 
5 Core Principles (Pancasila):

Religion, Humanity, Unity, Democracy, Social Justice


1,834 MCQs

“LKValues” 
40 Survey-Grounded Societal Values:

Respect for Elders, Politeness, Morality, Hospitality, etc.


1,000 Scenario-based Items 
(491 Human-Curated, 509 AI-Generated)

SRI LANKA (Sinhala)

Value Datasets

Total Dataset

Shared Task Development

TRACK-1: Resource Constrained

<=  8B Parameters

No Closed Commercial LLMs

No External Agents/Tools

U nrestricted Model Size

Closed Commercial LLMs Allowed

External Knowledge/Agents Allowed

TRACK-2: Open Track

Unified System Scoring and

Leaderboard

Macro-Average =

( Acc_China + 

Acc_Indonesia + 
Acc_SriLanka ) / 3

Single Gold Answer (A, B, C, D)

Acc_China

Majority Answer (A, B, C, D)

Acc_Indonesia

Single Gold Answer (A, B, Both, 0)

Acc_SriLanka

Evaluation Process

Figure 1: Overview of the PlurVA-LLM 2026 Shared Task.

2 PlurVA-LLM Shared Task Datasets

To do the pluralistic value alignment of 3 countries,
we choose 3 datasets in the corresponding national
language, and each dataset is built around local
societal values and serves as a useful tool for eval-
uating whether a language model aligns with the
value system of a specific country. The overview
of the dataset is illustrated in Figure 1.

2.1 D2VBench
The Chinese dataset is sampled from D2VBench
dataset (Hao et al., 2026). The D2VBench dataset
is grounded in a manually designed four-level hi-
erarchical value system consisting of 158 fine-
grained value concepts, organized into three top-
level categories: Survival Security, Social Order,
and Civilizational Progress. Each fine-grained
value concept includes both value term and prac-
tical description. Built upon this systematic value
framework, the dataset is constructed through a
four-stage collaborative pipeline combining LLMs
and human annotators, yielding 10,000 daily value
dilemmas instances in total.

In the initial three stages, LLMs drive the bulk
of content generation under the guidance of value
concepts. First, the models produce a wide range
of basic scenarios and their associated core roles,
which are then deduplicated to remove semantic
redundancy. Next, each basic scenario is expanded
into a realistic first-person dilemma narrative that
includes internal conflicts and external obstacles,

then every scenario contains multiple value con-
flicts rather than simple single-value trade-offs. Fi-
nally, the models generate four distinct action op-
tions per dilemma, covering the full spectrum of
possible behavioral responses including both norm-
compliant and compromising or ethically problem-
atic choices, with real-world pragmatic factors in-
tegrated to boost realism.

The fourth stage centers on human refinement
and structured annotation to finalize high-quality
data. Annotators first audit generated scenarios
and options to verify their logical consistency, be-
havioral plausibility, and alignment with daily-life
contexts. They enrich dilemma contexts by adding
credible motivations for deviating from universal
values and specifying severe consequences of such
behaviors, amplifying ambiguity and complexity of
each scenario. For every option, annotators define
fine-grained interpretability scoring points across
five dimensions: Consequential Considerations,
Rationality and Justifiability, Risk Trade-offs, Attri-
bution of Responsibility, and Feasibility and Exe-
cution Difficulty.

D2VBench adopts an open-ended question for-
mat, requiring LLMs to freely respond with the
actions they would take and the corresponding rea-
sons. To better evaluate value alignment level of
LLMs with human society, annotators select one
option that best aligns with universal values (basic
value concepts universally recognized and advo-
cated by people across different countries, ethnici-
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ties, and cultural backgrounds, based on common
survival and development needs and shared aspi-
rations for a better society), and assign a higher
weight to this option when calculating final score.
The complete D2VBench dataset is formed, with
broad scenario diversity and balanced coverage
across value categories.

We select 4,000 instances from D2VBench
dataset, and we change the open-ended format into
multiple choice question with four options, where
the option that best aligns with universal values is
considered as gold answer.

2.2 Pancasila-Dilemmas
The Indonesian dataset is derived from Pancasila-
Dilemmas (Supryadi et al., 2026). Pancasila-
Dilemmas is an Indonesian value alignment bench-
mark grounded in Indonesia’s foundational ideol-
ogy Pancasila, which consists of five core prin-
ciples: Religion, Humanity, Unity, Democracy,
and Social Justice. The dataset comprises 1,834
multiple-choice dilemma questions derived from
real-world Indonesian news reports, and its con-
struction follows a structured pipeline of scenario
crawling, question generation, quality assurance,
and human annotation, combining LLM-aided gen-
eration with rigorous native-speaker validation.

The construction pipeline starts with dilemma
scenario sourcing from Kompas, a major Indone-
sian news portal. Next, GPT with 4-shot in-context
learning was used to classify whether each headline
involves a value dilemma scenario, and for these
selected headlines, the research team crawled the
full main body text and filtered out advertisements,
promotional footers and irrelevant content to obtain
clean scenario materials.

In the question generation phase, GPT converts
each news article into a multiple-choice question.
Each instance contains a neutralized scenario de-
scription (with names replaced by generic roles to
ensure anonymity), a first-person decision-making
question, and four distinct action options. To cover
conflict response patterns, the four options were
designed to align with the Thomas-Kilmann Con-
flict Mode Instrument (TKI), mapping to Compet-
ing, Accommodating, Avoiding, Collaborating, and
Compromising styles. After question generation,
each instance was tagged with its Pancasila value
category via 5-shot in-context learning using GPT.

The final stage focuses on quality control and
human answer annotation. Two native Indonesian
PhD speakers proofread all generated instances,

marking each entry as Accept, Needs Revision, or
Reject. After revising flawed entries and discard-
ing invalid ones, 1,834 high-quality questions re-
mained. Then 185 demographically diverse In-
donesian participants were recruited to answer the
questions, with 5 annotators assigned per question.

In Pancasila-Dilemmas dataset, there is no right
or wrong answer. We define the option with the
highest frequency of annotator selections as gold
answer, and if a tie occurs for the top spot, all tied
answers are considered gold answer.

2.3 LKValues
The Sri Lankan dataset is sampled from LKval-
uesBench in LKValues (Muthugala et al., 2026),
designed to evaluate whether LLMs can reliably ap-
ply Sri Lankan societal values in situated contexts.
Grounded in the 40 survey-endorsed Sri Lankan
societal values, the benchmark is built through
a human-guided, LLM-in-the-loop pipeline com-
bining adapted examination items and custom
scenario-based instances, with multi-stage human
validation to ensure cultural fidelity.

The construction begins with source preprocess-
ing based on SinhalaMMLU (Pramodya et al.,
2025), a Sinhala-language multiple-choice bench-
mark aligned with Sri Lankan national examina-
tions. The authors first filter questions that carry
value-sensitive implications in Citizenship Educa-
tion, History, Religion, Humanities, etc.

An item is assigned one of the 40 Sri Lankan
value labels only if both the question stem and the
correct option explicitly align with the correspond-
ing value, producing 1,600 value-tagged candidate
items. From these candidates, the authors select
491 items that genuinely test human value and re-
formulate them into a two-statement judgment task.
Each instance contains the original Sinhala prompt,
Sri Lankan value, two candidate statements (State-
ment_A and Statement_B), and a gold label in-
dicating which statement(s) are justifiable: A, B,
BOTH, or 0 (neither statement is justifiable), and
the original SinhalaMMLU data.

To achieve full coverage across all 40 societal
values and expand beyond exam-style questions,
509 additional scenario-based items are generated
using Gemini with human-in-the-loop oversight,
seeded by the 491 curated items.

The final dataset comprises 491 human-curated
SinhalaMMLU-derived items and 509 human-
verified AI-generated scenario items, with coverage
of all 40 primary Sri Lankan values.
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Datasets Languages Dev Test

D2VBench Chinese 790 3210
Pancasila-Dilemmas Indonesian 366 1468
LKValues Sinhala 203 797

Table 1: Dataset statistics.

3 The Shared Task

3.1 Task Formulation

The goal of the shared task is to evaluate whether
a single large language model (LLM) can align
its responses with pluralistic human value prefer-
ences across different cultural contexts. Given a
scenario and a target country, participants are re-
quired to predict the response or judgment that is
most consistent with the human value preferences
reflected in the corresponding country’s annotated
benchmark. Unlike conventional multilingual eval-
uations that assess language understanding across
different languages, our task focuses on pluralis-
tic value alignment. Participants are required to
develop one unified system (a single LLM) that
generalizes across all participating countries rather
than training independent models for each dataset.
This setting evaluates whether a single system can
adapt to diverse cultural value systems while main-
taining strong performance across all benchmarks.

3.2 Track-1: Resource-Constrained Track

The Resource-Constrained Track aims to evaluate
pluralistic value alignment under realistic compu-
tational constraints. Participants are required to
develop a unified system using LLMs with no more
than 8 billion parameters. Closed-source commer-
cial APIs and external agent or tool usage are pro-
hibited. For Mixture-of-Experts (MoE) models,
the parameter constraint is determined by the total
number of parameters.

This track is designed to encourage lightweight,
reproducible, and computationally efficient so-
lutions while enabling fair comparison among
resource-constrained systems.

3.3 Track-2: Open Track

The Open Track removes restrictions on model
size, computational resources, inference budget,
and external knowledge sources. Participants may
employ open-source or proprietary LLMs, commer-
cial APIs, retrieval systems, external knowledge
bases, and multi-agent pipelines.

Together with the Resource-Constrained Track,
the Open Track enables a comprehensive compari-
son between lightweight deployment-oriented sys-
tems and unrestricted state-of-the-art solutions.

3.4 Development and Test Sets
The benchmark consists of three country-specific
datasets representing different cultural contexts:
China, Indonesia, and Sri Lanka. Although the
three datasets differ in language, annotation pro-
tocol, and output space, they are unified under a
common evaluation objective, namely predicting
culturally appropriate value judgments.

Each dataset is divided into a 20% public de-
velopment set and an 80% hidden test set. The
development set is released to registered partici-
pants for method development, including prompt
engineering, supervised fine-tuning, retrieval de-
sign, agent construction, and internal validation.
The hidden test set is reserved exclusively for of-
ficial leaderboard evaluation. The statistic of the
datasets are presented in Table 1.

A key characteristic of the shared task is that
participants must submit predictions generated by
one unified system covering all three countries. Un-
like conventional multilingual benchmarks where
separate systems may be developed for different
datasets, this protocol encourages methods that
generalize across multiple cultural contexts while
maintaining strong country-specific performance.

3.5 Evaluation Metrics
The primary evaluation metric is Accuracy. For
each dataset, a prediction is considered correct if
it matches the gold answer, or one of the valid
consensus answers when multiple gold labels are
provided.

Accuracy is computed independently on the
China, Indonesia, and Sri Lanka datasets. The
final leaderboard score is calculated as the macro-
average of the three dataset-level accuracies:

Score =
AccChina + AccIndonesia + AccSri Lanka

3
(1)

Macro-average is adopted instead of micro-
average to ensure that each participating country
contributes equally to the final ranking, regardless
of dataset size. Consequently, systems are encour-
aged to achieve balanced performance across di-
verse cultural contexts rather than optimizing for a
single benchmark.
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Team Name Affiliation Track Main Methods

Modgenix Independent Researcher 1 & 2 LoRA Gemma-4-E4B-IT
SLNLP Informatics Institute of Technology 1 LoRA Qwen3.5-4B Base

University of Moratuwa
PluraMind Informatics Institute of Technology Sri Lanka 1 LoRA Meta Llama 3.1 8B Instruct

University of Moratuwa Sri Lanka
DUT-IR Dalian University of Technology 2 GPT-5.6 Sol

Table 2: Overview of participating teams, affiliations of the teams, and main methods. Track 1 is resource constrained
and Track 2 is open track.

Team Name Track Acc China Acc Indonesia Acc Sri Lanka Macro-Average

Gemma-3-4B-IT (baseline) 0.460 0.621 0.718 0.600
Modgenix 1 0.788 0.683 0.954 0.808
SLNLP 1 0.779 0.714 0.926 0.806
PluraMind 1 0.785 0.715 0.916 0.805

Claude Sonnet 4.6 (baseline) 0.683 0.696 0.961 0.780
Modgenix 2 0.788 0.683 0.954 0.808
DUT-IR 2 0.764 0.696 0.949 0.803

Table 3: Results of participating teams across different evaluation categories.

4 Participants and Baseline Systems

In this shared task, we received 10 submissions for
resource-constrained track and 4 submissions for
open track in Codabench. After finalization and
verification, total 3 teams in resource-constrained
track and 2 teams in open-track are eligible. The
overview of participants and the results are shown
in Table 2 and Table 3.

4.1 Baselines
Before we start the shared task session, we eval-
uated several LLMs to have better understand-
ing of current LLMs towards pluralistic value
alignment in China, Indonesia, and Sri Lanka.
We selected 6 LLMs under 8B parameter size
and 6 closed-sourced LLMs released before June
2026. For LLMs under 8B parameter size, we
chose Aya-23-8B (Aryabumi et al., 2024), Gemma-
3-4B-IT (Team, 2025a), Llama-3.1-8B-Instruct
(Team, 2024), Tiny-Aya-Global (Salamanca et al.,
2026), Qwen3-8B (Team, 2025b), and Qwen3.5-
4B (Qwen Team, 2026). For closed-source LLMs,
we chose Claude Sonnet 4.64, Gemini-3.1-Pro5,
GLM-5.1 (GLM, 2026), GPT-5.46, Kimi K2.67,
and Qwen3.5-Plus (Qwen Team, 2026).

4https://www.anthropic.com/news/claude-sonnet-4-6
5https://deepmind.google/models/gemini/pro/
6https://openai.com/index/introducing-gpt-5-4/
7https://www.kimi.ai/blog/kimi-k2-6

Following the evaluation, we selected the LLMs
with the highest macro-average scores across all
constraints to serve as the baselines for each track.
For Track 1 (models under 8B), we chose Gemma-
3-4B-IT (0.600). For Track 2 (closed-source mod-
els), we selected Claude 3.5 Sonnet (0.780). Only
the results of these two baseline models were dis-
closed to the participants.

4.2 Modgenix: Both Tracks

Team Modgenix, an independent research team,
used Gemma-4-E4B-IT (Abd et al., 2026) for
this experiment. First, their baseline evaluation
achieved an average score of 0.391. Based on base-
line evaluation results, which revealed that biases
such as negative wording overshadowing correct ac-
tions in the Chinese dataset could not be overcome
by complex prompting strategies, a single shared
prompt was adopted to learn option preferences
directly from development labels.

To support this learning, deterministic data aug-
mentation was implemented to shuffle option posi-
tions, evenly balance the training data across lan-
guages, and selectively remove distracting negative
clauses from the Chinese examples. Each candi-
date option was scored independently by calculat-
ing the difference between YES and NO logits,
optimized through a combined classification and
ranking loss. Finally, during inference, the option
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with the highest score was selected for the Chinese
and Indonesian tasks, while Sri Lankan labels were
determined by applying a fixed score threshold to
independent binary judgments.

To further improve performance, the team fine-
tuned the model using Low-Rank Adaptation
(LoRA)-based candidate classification combined
with pairwise preference ranking. The team used
8-rank LoRA and learning rate 1e-4, run 2 epochs.
This approach achieved an average score of 0.808
across the China (0.788), Indonesia (0.683), and
Sri Lanka (0.954) datasets.

For the Open Track, the team experimented with
GPT-5.4 using various prompting strategies from
initial shared instructions (v1), added examples
and value guidance (v2), added rules from Chi-
nese development errors (v3), and refined indepen-
dent Sri Lankan A/B decisions (v5). Finally, the
team achieved a highest macro-average accuracy
of 0.795 using both v3 and v5 prompts. Since the
best performance was obtained using the Track 1
fine-tuning approach, the same fine-tuning method
was adopted for the final Track-2 submission.

4.3 SLNLP: Track-1
The team from the Informatics Institute of Tech-
nology and the University of Moratuwa employed
a single Qwen3.5-4B base model with one LoRA
adapter shared across all three language datasets.
To optimize the model’s performance, the team
tailored their data targeting and training strategies
for each language’s development set. For the In-
donesian dataset, rather than collapsing the five-
annotator votes into a single majority label, the
training target utilized the normalized vote distribu-
tion over the four options. This soft-label approach
ensured that different vote splits, such as 4-1 versus
5-0, were penalized distinctly during training. They
adapted the Sri Lankan dataset into a four-option
multiple-choice format by appending two fixed Sin-
hala meta-options representing “both correct” and
“neither correct”, which were mapped back to their
canonical labels during prediction.

Additionally, instead of duplicating rows to
achieve positional invariance, the team applied
option permutation as a consistency term during
training. They forwarded each training example
alongside a permuted variant in a batched call and
applied a Jensen-Shannon divergence term to pe-
nalize disagreement between the two predictions.
To establish the optimal early-stopping iteration
count, the team employed 5-fold cross-validation,

followed by a final refit on 100% of the training
data to ensure no rows were permanently withheld
from the training process.

For the fine-tuning phase, the team implemented
a six-stage curriculum. In the first five stages, the
model trained sequentially on one language at a
time for 25 iterations each, building directly upon
the previous stage’s adapter. Stage 0 ran for Chi-
nese, Stage 1 for Indonesian, and Stage 2 for Sin-
hala. Stages 3 and 4 revisited Chinese and Indone-
sian, respectively, to prevent forgetting. In the final
stage, the model trained on all three languages si-
multaneously, with the Chinese loss upweighted
to 1.5. During this final combined stage, the team
reduced the learning rate from 1e-4 to 5e-5, which
successfully improved accuracy across all three
languages. Finally, during inference, the team ap-
plied greedy decoding, systematically stripped any
leading think token spans generated by the model,
and extracted the first valid standalone token as
their final prediction. This approach achieved the
second-highest score in Track 1.

4.4 PluraMind: Track-1
The team also from Informatics Institute of Tech-
nology Sri Lanka and University of Moratuwa Sri
Lanka focused on multilingual value-alignment
classification across China, Indonesia, and Sri
Lanka using Meta Llama 3.1 8B Instruct. The
team adapted their data processing strategies to the
specific structural requirements and imbalances of
each language by only utilizing the development
sets. For the Chinese dataset, they formatted exam-
ples as four-option questions and applied option-
permutation augmentation to mitigate positional
bias. For the Indonesian dataset, they utilized a
vote expansion technique, creating an individual
training example for each of the five annotator votes
to capture the complete annotator-vote distribution
instead of relying on a single majority label.

To address severe class imbalance in the Sin-
hala dataset, the team decomposed each original
question into two independent binary decisions to
evaluate statements separately. They further aug-
mented this Sinhala training set with locally rele-
vant civics, health, and physical science questions
manually sourced from the SinhalaMMLU bench-
mark, which they converted into balanced binary
records and labeled using Gemini 3.1 Flash.

Following data preparation, the team fine-tuned
the base model for two epochs on a combined cor-
pus using 4-bit quantization and LoRA. Finally,
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during inference, they implemented manually cal-
ibrated conditional thresholds specifically for the
Sinhala dataset, which successfully optimized de-
cision boundaries and improved their final classi-
fication performance without degrading accuracy
in the other languages. Even the average score is
not as high as other teams, but this team achieve
the highest score in Indonesia dataset.

4.5 DUT-IR: Track-2

The team from Dalian University of Technology
employed language-specific prompting with GPT-
5.6 Sol using xhigh reasoning effort and ‘tempera-
ture = 0’. At inference time, the prompt was struc-
tured into four sequential sections: (1) the country-
specific task and value labels, (2) country-specific
guidance (when applicable), (3) the selected few-
shot demonstrations, and (4) the test instance.

For country-specific guidance, each test instance
retained the original-language question, scenario,
value labels, and answer options. To guide the
model, a task-specific instruction defined the output
labels and directed it to select the option that best
aligned with the stated values. The distilled guid-
ance incorporated principles such as safety, legality,
procedural fairness, accountability, protection of
vulnerable groups, and nonviolent conflict resolu-
tion. However, these principles strictly resolved
ambiguous value conflicts and did not override ex-
plicit question wording or factual correctness.

To construct few-shot demonstrations, the team
drew from the development set to create a compact
context. They selected one unambiguous example
per valid label, resulting in four demonstrations
per language. Demonstrations were customized by
language: the Chinese examples contrasted princi-
ples against pitfalls; the Indonesian examples cov-
ered a spectrum of consensus (unanimous, clear-
majority, and tied-plurality), with the final case
contrasting democracy and social justice to match
the scenario’s theme; and rather than relying on
complex principles, the Sinhala examples used con-
cise task instructions alongside demonstrations to
categorize the A, B, Both, and 0 labels. This team
achieved the highest score in the Indonesia dataset
for Track-2.

5 Discussions

In this section, we discuss several findings from
our shared task settings and the results from the
participants.

5.1 Gaps Between Registered and Finalized
Teams

In our shared task, 20 teams registered from Sri
Lanka, Bangladesh, India, China, Indonesia, and
the United States. Among them, 11 teams selected
Track-1, 7 teams selected Track-2, and 2 teams
participated in both tracks. To prevent the datasets
from being publicly available during the shared
task, the development and test sets were distributed
directly to registered teams after registration. The
number and geographic diversity of participating
teams demonstrate considerable interest in pluralis-
tic value alignment among researchers worldwide,
especially regarding the value datasets of China,
Indonesia, and Sri Lanka.

During the leaderboard submission phase, 14
teams submitted to Codabench. However, 9 of
these teams were ineligible due to administrative
reasons, such as failing to complete the required fi-
nalization forms or violating track constraints. We
observed that 4 teams did not surpass the base-
lines and subsequently abandoned the finalization
process. Additionally, 5 teams that surpassed the
baselines were disqualified due to constraint vio-
lations, while the remaining teams could not be
reached or failed to submit their finalization forms.
Finally, we received valid final submissions from
3 teams for Track-1 and 2 teams for Track-2. Al-
though administrative issues and rule violations
played a role, this significant dropout rate between
registration and final submission also highlights
the challenges and difficulty of the pluralistic value
alignment task.

5.2 Per-dataset Results

When analyzing performance separately for each
dataset, we observed that submitted methods gener-
ally improve upon the baselines. For instance, the
highest achieved score on the Indonesian dilemma
dataset was 0.715 by PluraMind, representing the
lowest peak performance among the three coun-
tries, whereas the Chinese universal values dataset
actually yielded the lowest initial baseline scores
at 0.460 for Gemma-3-4B-IT and 0.683 for Claude
Sonnet 4.6. Additionally, in Track 2, the Modgenix
submission scored slightly below the Claude base-
line on the Indonesian dilemma dataset at 0.683 ver-
sus 0.696, and no team managed to surpass the high
Claude baseline of 0.961 on the Sri Lankan soci-
etal values dataset. It is important to note that these
accuracy variations cannot be attributed solely to
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the cultural or reasoning difficulty of the scenarios,
they also reflect substantial differences in dataset
construction, annotation protocols, and how the
target judgments are defined.

5.3 Effect of Fine-Tuning

In this shared task, we released 20% of the data as
a development set with gold answers and 80% as a
test set without gold answers. Despite the limited
labeled data for model development, all participat-
ing teams were able to improve upon the baseline
performance. This suggests that a relatively small
amount of high-quality data can be effective in im-
proving pluralistic value alignment in LLMs.

However, because the development and test
sets share the same data distribution, these results
primarily demonstrate strong alignment within
this specific task. Further evaluation on out-of-
distribution datasets will be necessary to confirm
how well this data-efficient approach generalizes
to unseen cultural scenarios.

5.4 Performance of the Recently Released
LLMs

To observe model improvement, we refer to the
methods used by the Modgenix team, which used
GPT-5.4 with various prompting strategies, and the
DUT-IR team, which used the recently released
GPT-5.6 Sol to generate answers using country-
specific guidance and few-shot examples. Mod-
genix achieved a score of 0.795, while DUT-IR
achieved 0.803. Although using these recently re-
leased models demonstrates an increase in perfor-
mance, the improvement is only marginal. From
this, we can draw several insights, primarily that
proprietary LLMs are paying greater attention to
pluralistic value alignment. The continuous im-
provement of these models over successive releases
highlights the growing importance of pluralistic
value alignment in both research and industry.

6 Conclusion

In this paper, we have presented the findings of
the PlurVA-LLM 2026 shared task on pluralistic
value alignment across China, Indonesia, and Sri
Lanka. In total we received 5 submissions from 4
teams. The methods proposed by the teams can sur-
pass the baseline models in terms of macro average,
highlighting the success of this shared task on plu-
ralistic value alignment across 3 different countries
and languages by using only a single LLM.

For future work, the next challenge is to fur-
ther improve LLMs for pluralistic value alignment
across countries and languages, particularly in mul-
tilingual settings. The relationship between coun-
tries and languages can be complex, where a coun-
try may have a single dominant language, a lan-
guage may be shared across multiple countries, or
a country may use multiple languages. It is es-
sential to investigate how LLMs can effectively
capture and align the pluralistic values of multiple
countries while accounting for shared languages
and multilingual contexts.

Limitations

We acknowledge several limitations in this shared
task. First, our shared task focuses only on 3 coun-
tries: China, Indonesia, and Sri Lanka, with dif-
ferent dataset formats for each country. This lim-
itation is mainly due to the limited availability of
datasets specifically designed to evaluate pluralistic
value alignment. Because of this, the concept of
value alignment is interpreted differently across the
three datasets. D2VBench selects options aligned
with universal values, Pancasila-Dilemmas relies
on the most frequent human response (majority
vote), and LKValues evaluates the justifiability of
specific statements. Consequently, a model match-
ing the gold label does not carry the exact same
meaning across these three cultural contexts.

Second, to keep the shared task simple and stan-
dardized, our evaluation relies primarily on exact-
match accuracy against a single gold standard or
consensus label, rather than using open-ended gen-
eration. We acknowledge that this simplified ap-
proach may fail to capture the natural diversity of
opinions within each region.

Finally, due to time constraints following the
workshop, we were unable to conduct a detailed,
per-value error analysis to identify which specific
value categories remain most challenging for cur-
rent LLMs. We leave this diagnostic analysis for
future work, and hope the released datasets will
support further research and more extensive experi-
ments.
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