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Abstract

We present our system for the PlurVA-LLM
2026 Shared Task Track-1, which focuses on
pluralistic value alignment in the contexts
of China, Indonesia, and Sri Lanka. For
this resource-constrained track, we fine-tuned
Llama-3.1-8B-Instruct using 4-bit QLoRA.
Our approach combines option-permutation
augmentation for Chinese data, annotator vote
expansion for Indonesian data, and binary refor-
mulation with SinhalaMMLU augmentation for
Sri Lankan data. We further applied conditional
threshold calibration to the predictions for the
Sri Lankan data. The final system achieved
accuracies of 0.785 for Chinese, 0.715 for In-
donesian, and 0.916 for Sri Lankan, resulting
in an overall macro-average accuracy of 0.805.

¹ Code Model Dataset

1 Introduction

Large Language Models (LLMs) are increasingly
used across diverse societies, yet conventional
alignment often assumes a single set of human
preferences. Human values vary across popula-
tions, motivating models that can represent diverse
perspectives rather than a single universal prefer-
ence (Sorensen et al., 2024). Existing alignment
methods may instead learn an averaged preference
and struggle to represent differences across cultures
and communities (Feng et al., 2024). Multilingual
capability alone also does not guarantee consistent
value alignment, particularly across high- and low-
resource languages (Xu et al., 2024).

The PlurVA-LLM 2026 Shared Task addresses
this challenge by evaluating whether one sys-
tem can make locally grounded value judgements
across Chinese, Indonesian, and Sri Lankan con-
texts. The task combines three datasets with dis-
tinct cultural foundations and annotation struc-
tures. D2VBench presents value conflicts through
daily-life scenarios from China (Hao et al., 2026).

Pancasila-Dilemmas evaluates Indonesian judge-
ments grounded in Pancasila and provides five
citizen annotations for each question (Supryadi
et al., 2026). LKValues evaluates societal values
derived from Sri Lankan participants and expressed
through Sinhala language (Muthugala et al., 2026).

We adopt a shared multilingual fine-tuning ap-
proach while adapting supervision to each dataset’s
characteristics. A shared adapter enables the model
to learn across multiple cultural contexts, while
country-specific prompts indicate the relevant value
setting for each example (Xu et al., 2025). At the
same time, dataset-specific preprocessing is used
to account for differences in annotation formats,
label structures, and observed preference distribu-
tions across the three datasets (Pezeshkpour and
Hruschka, 2024; Sorensen et al., 2024). This allows
us to retain dataset-specific value signals without
requiring a completely separate model for each cul-
tural context. For Sri Lankan data, where the super-
vision is comparatively limited and imbalanced, we
further apply conditional threshold calibration at
inference time to better map the model’s statement-
level confidence into the final four-way prediction
(Esposito et al., 2021). Overall, our approach com-
bines learning across all three datasets with specific
adjustments for the distinct challenges present in
each.

2 Related Work

Prior work on value alignment has increasingly
considered pluralistic, multilingual, and culturally
grounded preferences. Relevant studies span meth-
ods for representing heterogeneous human values,
adapting models across cultural and linguistic con-
texts, and addressing challenges arising from pref-
erence disagreement, limited low-resource data,
and cross-lingual variation. We review these direc-
tions below in relation to our multilingual value-
alignment setting.
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2.1 Pluralistic Value Alignment

Pluralistic value alignment challenges the assump-
tion that an LLM should optimise toward a single
aggregate human preference. But as discussed in
Section 1, relying mostly on a single reward sig-
nal can fail to represent diverse human preferences
(Chakraborty et al., 2024), while diversified an-
notator preferences can also reduce the effective-
ness of standard alignment methods (Zeng et al.,
2024). There are three objectives for pluralistic
alignment: Overton, steerable, and distributional
pluralism, with distributional pluralism aiming to
reflect the preference distribution of a community
(Sorensen et al., 2024). Several approaches have
consequently attempted to model such diversity
explicitly. MaxMin-RLHF learns a mixture of re-
ward models and optimises for diverse preference
groups (Chakraborty et al., 2024), while Modular
Pluralism combines a base LLM with specialised
community models to support different value per-
spectives (Feng et al., 2024).

Value pluralism also extends across languages
and societal contexts, where models may need to
represent different locally grounded values rather
than transfer a single dominant value system across
populations. Existing LLMs can reflect the val-
ues of particular groups by default, motivating
the development of methods specifically designed
for cultural-value adaptation (Liu et al., 2025).
CultureSPA addresses this through culture-joint
and culture-specific fine-tuning, enabling a single
model to serve multiple sets of culturally situated
human values (Xu et al., 2025). Evaluation work
has similarly moved beyond generic preference
benchmarks. WorldValuesBench uses demographic
contexts and real-world survey responses to eval-
uate whether language models reproduce diverse
human-value distributions, and shows that this re-
mains challenging even for strong models (Zhao
et al., 2024).

2.2 Challenges in Value Alignment

Translating these pluralistic objectives into effec-
tive model training introduces several additional
challenges. There is insufficient human preference
data in many languages, making it harder to align
models with the preferences expressed in those
languages (Yang et al., 2025), while human-value
representations can exhibit cross-lingual inconsis-
tencies and asymmetric transfer between high- and
low-resource languages (Xu et al., 2024). Re-

cent Sri Lankan value-alignment work likewise
reports persistent low-resource and cultural value-
alignment gaps, with fine-tuning gains varying
across model families (Muthugala et al., 2026).
The structure of the supervision itself is also impor-
tant. Preference datasets constructed using rigid
annotation or aggregation schemes can suppress
underlying preference heterogeneity (Chen et al.,
2024). Standard preference-learning methods may
not clearly distinguish between full agreement and
a majority preference when annotators disagree
(Zhang et al., 2024). Consequently, collapsing mul-
tiple annotations into a single majority label can
remove meaningful minority judgments when dis-
agreement reflects genuine value differences rather
than annotation noise. Fine-tuning with such het-
erogeneous preferences is further affected by both
model capacity and available data (Zeng et al.,
2024). In multiple-choice value tasks, answer-
option order can introduce an additional source
of bias (Pezeshkpour and Hruschka, 2024).

Prior work has explored pluralistic preference
learning, multilingual value alignment, and cultur-
ally grounded evaluation, often highlighting per-
formance differences between high-resource and
low-resource settings. In contrast, our setting re-
quires a single model to perform well across all
three datasets despite differences in language re-
sources, annotation structures, and data availability.
The goal is not only to measure these disparities
but also to maximise performance across both high-
and low-resource settings while avoiding improve-
ments on one dataset at the expense of another.
We address this by combining shared multilingual
learning with dataset-specific supervision and in-
ference strategies, aiming for consistently strong
performance across the different value contexts and
data conditions.

2.3 Language and Resource Context

The three communities involved in this shared task,
Chinese, Indonesian, and Sri Lankan, are repre-
sented by the languages Chinese, Indonesian, and
Sinhala. Each language corresponds to varying
levels of data resources. Consequently, the strat-
egy employed for each language is tailored to the
availability of linguistic resources.

Chinese: Standard Chinese (Mandarin) is the of-
ficial and predominant language of China and be-
longs to the Sino-Tibetan language family (Yang
et al., 2022). It is written using Chinese characters
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and is classified as a Category 5 (The Winners)
language, representing a highly resourced NLP set-
ting (Joshi et al., 2020; Ranathunga and de Silva,
2022). Among the three languages in this work,
Chinese provides the highest resource capacity.

Indonesian: Indonesian (Bahasa Indonesia) is
the national language of Indonesia and is widely
used across its multilingual population (Gunarso
et al., 2016). It has complex word-formation pat-
terns and is spoken by more than 250 million peo-
ple (Kamajaya and Moeljadi, 2025). Ranathunga
and de Silva (2022) classify Indonesian as Cate-
gory 4 (The Underdogs).

Sinhala: Sinhala is an Indo-Aryan language spo-
ken primarily in Sri Lanka by approximately 16
million first-language speakers (Jayatilleke and
de Silva, 2025). It uses a Brahmi-derived writ-
ing system (De Silva, 2026) and is classified as a
lower-resourced Category 2 (The Hopefuls) lan-
guage (Ranathunga and de Silva, 2022). There-
fore, Sinhala is the most resource-constrained of
the three languages considered in this work.

3 Methodology

The three PlurVA-LLM datasets differ substantially
in their annotation and output structures. Chinese
is a four-option multiple-choice task with one gold
answer. Indonesian also contains four options, but
each question is annotated by five individuals and
may contain disagreement. Sri Lankan contains
two candidate statements and requires one of four
final labels: only statement A is correct, only state-
ment B is correct, both are correct, or neither is
correct.

We developed country-specific input and tar-
get transformations while retaining a single
shared model architecture. All examples were
converted into chat-formatted supervised fine-
tuning records. The final system used Meta
Llama-3.1-8B-Instruct as its base model and
was adapted using 4-bit Quantised Low-Rank
Adaptation (QLoRA) (Dettmers et al., 2023). A sin-
gle shared LoRA adapter was trained jointly on all
3 datasets: Chinese, Indonesian, and Sri Lankan.

All available labelled records were used for final
training; no validation partition was reserved since
the dataset was extremely small. The final train-
ing set contained 11,056 supervised records after
country-specific transformations and augmentation
shown in Figure 1, while the total evaluation set

Model Chinese Indonesian Sinhala Macro
Qwen2.5-7B-Instruct 0.4684 0.6351 0.4146 0.5060
Aya Expanse 8B 0.4494 0.7027 0.3415 0.4978
Llama-SEA-LION-v3-8B-IT 0.4620 0.6757 0.6829 0.6069
Llama-3.1-8B-Instruct 0.5000 0.6622 0.7561 0.6394
Gemma 3n-E4B-it 0.3608 0.6757 0.8293 0.6219

Table 1: Zero-shot model comparison.

Language Experiment Score

Chinese
− Option-permutation ensembling 0.779

+ Option-permutation ensembling 0.785

Indonesian
Majority-vote hard-label training 0.651

Annotator-vote expansion 0.689

+ Option permutation 0.715

Sri Lankan

4-way classification (w/ adapter)† 0.832

+ Binary formulation (w/ adapter) 0.834
Binary formulation (w/o adapter)* 0.873

+ MMLU augmentation 0.890
+ Conditional calibration 0.916

† Language-specific adapter. * Multilingual shared adapter.

Table 2: Language-level experiments and selected con-
figurations.

was 5475 (Chinese: 3,210, Indonesian:1,468, Sri
Lankan:797 ).

3.1 Base-model Selection

We first compared five instruction-tuned models
under zero-shot prompting. Table 1 reports the
macro average and country-level accuracies.

Although the strongest individual-
language results varied across models.
Llama-3.1-8B-Instruct for Chinese at 0.5,
Aya Expanse 8B for Indonesian at 0.7027, and
Gemma 3n-E4B-it for Sinhala at 0.8293 show
the best-performing models for each language.
But Llama-3.1-8B-Instruct achieved the
highest macro-average of 0.6394, surpassing other
models. It also provided a comparatively balanced
performance across the three languages. Therefore,
we selected it as the shared base model.

3.2 Country-specific Supervision

3.2.1 Chinese
The Chinese training set contained 790 questions.
Each question included a value label, a question
written in Chinese, four answer options, and one
gold label from {A,B,C,D}. The original label
distribution was imbalanced: 237 A, 123 B, 136 C,
and 294 D.

The prompt instructions, the question, and the
four answer options were written in Chinese. The
model was prompted to return exactly one answer
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Figure 1: Data preparation and augmentation pipeline for the PlurVA-LLM training set. Flow widths are proportional
to the number of training records produced at each stage for D2VBench, Pancasila-Dilemmas, LKValues, and
SinhalaMMLU before merging into the final multilingual SFT dataset.

line in the form Answer: X as depicted in Figure 5a
in Appendix A.

To reduce dependence on answer position, we
applied cyclic option-permutation augmentation.
For each question, four orderings of the options
were constructed. When the options were shifted,
the gold label was remapped to continue identifying
the same answer content. As shown in Table 2,
incorporating option permutation into the Chinese
pipeline improved accuracy from 0.779 to 0.785.

The four cyclic orderings produced 3,160 Chi-
nese SFT rows: 790× 4 = 3, 160. Because every
original answer appeared once in each displayed po-
sition across the four cyclic permutations, the aug-
mented target distribution contained exactly 790
instances of each output label. This simultaneously
increased the amount of supervision and removed
the original output-letter imbalance.

At inference, the same four cyclic orderings were
scored. Each of the 3,210 original records was
expanded into four permutations, resulting in a total
of 12,840 records for prediction. Probabilities were
mapped back to the original option identities and
averaged before selecting the final answer. This
made the final prediction less sensitive to the order
in which options were displayed.

3.2.2 Indonesian

The Indonesian set contained 366 questions. Each
question contained four answer options and five

annotator votes, resulting in 1,830 individual anno-
tations. The raw vote totals were 505 A, 402 B, 544
C, and 379 D. Of the 366 questions, 294 had a sin-
gle consensus answer, while 72 had two answers
in their consensus set. A majority-vote transfor-
mation would discard this disagreement and force
each question to have a single hard target. In our
experiments, as shown in Table 2, the majority-
vote approach achieved an Indonesian accuracy of
0.651. Therefore, we retained all five annotations
through vote expansion, thereby improving accu-
racy to 0.689.

The prompt instructions, the question, and the
four options were written in Indonesian. The model
was prompted to return only the answer in the form
Answer: X as shown in Figure 5b in Appendix A.

For a question with annotator labels y1, . . . , y5,
we created one training record for every vote. For
each Indonesian question, the five annotator votes
were retained as separate training targets. Their
contributions were represented through the log-
probabilities of the corresponding answers, so an-
swers receiving more votes contributed proportion-
ally more to the learning objective while minority
judgments were still preserved. This allowed the
empirical annotator distribution to be learned with-
out introducing a custom soft-label loss.

We additionally applied the same four cyclic op-
tion permutations used for Chinese. Each Indone-
sian question consequently generated (5 votes ×
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4 permutations = 20) training records, producing
7,320 Indonesian SFT rows, which increased the
accuracy from 0.689 to 0.715, as shown in Table 2.

During inference, we employed the same strat-
egy used for the Chinese evaluation dataset. Each
of the 1,468 original records was expanded into
four permutations, resulting in a total of 5,872
records for prediction. The predicted probabilities
across the four permutations were then averaged to
determine the final answer for each original record.

3.2.3 Sri Lankan
The labelled Sri Lankan training set contained 203
questions written entirely in Sinhala. Its original
four-way label distribution was 107 A, 33 B, 43
Both, and 20 neither-correct. This direct four-way
training would expose the model to a considerable
output-class imbalance.

Since the two statements were independent in
the dataset, we decomposed every question into
two independent binary decisions:

zA = I[statement A is correct]

zB = I[statement B is correct]

Each question generated two SFT records: one
presenting statement A and one presenting state-
ment B. The target for each record was either
Answer: Yes or Answer: No. At inference, the
two decisions were recombined as follows:

(zA, zB) =





(1, 0) → A,

(0, 1) → B,

(1, 1) → Both,

(0, 0) → 0.

The 203 original questions produced 406 binary
records, consisting of 226 Yes targets and 180 No
targets. This reformulation reduced the severity of
the original four-class imbalance while preserving
all four possible final outcomes. During the multi-
adapter experiment, in which separate language-
specific adapters were trained, we compared the
four-way and binary formulations for Sinhala. As
shown in Table 2, the binary formulation performed
slightly better, improving accuracy from 0.832 to
0.834.

The prompt retained the original Sinhala ques-
tion and candidate statement. The system and task
instructions were written in English and described
the broader Sri Lankan context, including the Sin-
halese, Tamil, Muslim, and Burgher communities.

The corresponding Sri Lankan value label was also
included. The model was prompted to return only
Answer: Yes or Answer: No as shown in Fig-
ure 5c in Appendix A.

During inference, each record was split into two
separate questions, following the same approach
used during training. As a result, the original 797
records were expanded into 1,594 records for pre-
diction.

3.2.3.1 SinhalaMMLU Augmentation

The Sri Lankan dataset had substantially fewer
training examples than the Chinese and Indone-
sian datasets. We augmented it with manually
selected questions from SinhalaMMLU (Pramodya
et al., 2025). From the original resource, we se-
lected 68 Civics questions and 17 Health and Phys-
ical Science questions, giving 85 additional ques-
tions.

Selection was performed manually according to
relevance to the shared task. Each selected MMLU
question originally contained four answer options
and one correct option. We converted these records
into the same two-statement Sinhala format used
by the main dataset.

Two conversion strategies were used:

1. When the original question could be retained,
the correct answer and the most plausible al-
ternative among the remaining answers were
selected as the two candidate statements.

2. When a meaningful two-statement record
could not be produced directly, the ques-
tion and candidate statements were manually
amended or rewritten while preserving the rel-
evant knowledge and value judgment by the
authors of this study, who are native Sinhala
speakers. Figure 2 presents an example in
which the answer choices of a SinhalaMMLU
Health and Physical Science question were
manually adapted into two candidate state-
ments.

Each converted question contained one correct
and one incorrect statement, producing 85 Yes and
85 No records. The MMLU augmentation1 con-
tributed 170 balanced binary records.
Gemini 3.1 Flash was used only to assign one

value-category label to each converted record. All

1 PlurVA-LLM-Sinhala-Augmented
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Original SinhalaMMLU factual MCQ

Subject: Health and Physical Science

Question
මත්ද්‍රව්‍ය භාවිතයට ඇබ්බැහි වු පුද්ගලයකුට ඇතිවිය හැකි හානිකර තත්ත්වය නම්,

English translation: Which harmful condition may occur in a person who is addicted to drugs?

Choices
1. ලිංගික ශක්තිය හීන වීම.

A reduction in sexual capacity.

2. ස්නායු දුර්වල වීම.

Weakening of the nervous system.

3. හෘද රෝග හා ශ්වසන රෝග වලට භාජනය වීම.

Developing heart and respiratory diseases.

4. ඉහත සියලු තත්ත්වයන්ට භාජනය වීම.

Experiencing all the above conditions.
Correct answer: Choice 4

Manually converted two-statement example

Assigned value category: Health (සෞඛ්‍යය)

Question
මත්ද්‍රව්‍ය භාවිතයට ඇබ්බැහි වු පුද්ගලයකුට ඇතිවිය හැකි හානිකර තත්ත්වය නම්,

English translation: Which harmful condition may occur in a person who is addicted to drugs?

Statement A
හෘද රෝග හා ශ්වසන රෝග වලට භාජනය වීම.

English translation: Developing heart and respiratory diseases.

Statement B
සෑම විටම වතුර බීමට අවශ්‍ය වීම.

English translation: Needing to drink water all the time.

Gold judgement: Statement A is correct; Statement B is incorrect.

Figure 2: Example of manually adapting the answers of
a SinhalaMMLU Health and Physical Science question
into two candidate statements.

generated value labels were manually refined by
the authors, who are native Sinhala speakers, before
inclusion.

Combining the main Sinhala data with MMLU
augmentation yielded 288 questions and 576 binary
SFT rows: (203 + 85)× 2 = 576. The combined
binary distribution contained 311 Yes and 265 No
targets. As shown in Table 2, this augmentation
improved accuracy from 0.873 to 0.890.

3.3 Prompt and Target Design

All three countries’ prompts explicitly included
the supplied value category. Chinese and In-
donesian used instructions in their respective lan-
guages, while Sri Lankan retained the original Sin-
hala content with concise English task instructions.
Prompts for the respective langagues are mentioned
in Appendix A.

During development, we additionally exper-
imented with rationale supervision and value-
description summaries. These configurations and
their corresponding performance are reported in
Appendix B. However, neither rationales nor value
summaries were included in the final selected
model because they did not improve the overall
performance.

This result suggests that the extra explanations
added unnecessary or noisy information for the
classification task. Zhu et al. (2025) has similarly
shown that adding rationales does not always im-
prove language-model performance and can some-
times reduce accuracy. More generally, adding
extra training signals can lead to negative transfer

Hyperparameter Final value
Base model Meta Llama-3.1-8B-Instruct
Quantisation 4-bit NF4 with double quantization
Compute data type bfloat16
Epochs 2
Peak learning rate 1× 10−4

Learning-rate schedule Cosine decay
Warm-up ratio 0.05
Per-device batch size 2
Gradient accumulation 10
Effective batch size 20
Maximum sequence length 1,536
LoRA rank 16
LoRA alpha 32
LoRA dropout 0.05
Maximum gradient norm 1.0
Weight decay 0.0
Random seed 42

Table 3: Hyperparameters of the selected shared adapter.

when they introduce task-irrelevant information or
misleading patterns. Since the required outputs in
this task were short categorical decisions, directly
supervising the target labels provided a more fo-
cused learning signal.

Every assistant target in the final model consisted
only of a short machine-readable answer marker:
“Answer: A/B/C/D" for Chinese and Indonesian,
or “Answer: Yes/No" for Sri Lankan.

3.4 QLoRA Fine-tuning
The model was fine-tuned using QLoRA. Trainable
LoRA matrices were inserted into seven attention
and feed-forward projections:

{q_proj, k_proj, v_proj, o_proj,
gate_proj, up_proj, down_proj}.

Training used a standard causal language model
cross-entropy with the prompt tokens masked, so
the loss was computed only over the assistant’s
response. Since the targets contained only the final
answer markers, the optimisation focused directly
on the required output labels.

We compared separate language-specific
adapters with our proposed shared multilingual
adapter, jointly trained on all three languages. As
shown in Table 4, the shared adapter achieved
the highest macro-average accuracy of 0.796,
compared with 0.770 for the language-specific
setup, and was selected as our final approach.
The shared setup was particularly effective for
Indonesian and Sri Lankan data, reaching 0.715
and 0.89, respectively. This is consistent with Xu
et al. (2025), who report that joint fine-tuning can
outperform culture-specific tuning by enabling
knowledge sharing across groups. The final
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Adapter approach Chinese Indonesian Sinhala Macro avg
Language-specific adapters 0.788 0.687 0.834 0.770
Our approach (shared adapter) 0.785 0.715 0.89 0.796

+ threshold calibration 0.785 0.715 0.916 0.805

Table 4: Comparison of multiple language-specific adapters and a shared multilingual adapter

0.0 0.2 0.4 0.6 0.8 1.0
P(YesA)

0.0

0.2

0.4

0.6

0.8

1.0

P(
Ye

s B
)

Predict 0 Predict A

Predict B Predict Both
B

Gold label A B Both 0

A B = 0 A B = 1

Figure 3: Conditional decision boundaries mapping
Sinhala statement-level probabilities to the final classes
A, B, Both, and 0.

hyperparameters used for the best model are
depicted in Table 3.

3.4.1 Conditional Threshold Calibration
After fine-tuning, we calibrated the Sri Lankan de-
cision thresholds using five-fold cross-validation
on the training set. Because the original four-
way prediction was reconstructed from two binary
statement-level decisions, applying a fixed thresh-
old of 0.5 to both statements did not provide the
best class balance. Esposito et al. (2021) has sim-
ilarly shown that fixed decision thresholds can be
suboptimal under class imbalance and that post
hoc threshold adjustment can improve classifica-
tion performance. In particular, the model tended
to over-predict cases in which statement B was
considered valid. We used the five folds to iden-
tify suitable directions and ranges for adjusting the
conditional thresholds.

The final prediction was determined using three
thresholds. We first evaluated statement B using
τB . The threshold for statement A was then se-
lected conditionally: τA|B=0 was applied when B
was predicted as invalid, while τA|B=1 was applied
when B was predicted as valid. The resulting binary
decisions were then mapped back to the original
four classes: A, B, Both, and 0.

Exp. τB τA|B=0 τA|B=1 Accuracy
E0 0.50 0.50 0.50 0.8900
E1 0.70 0.40 0.50 0.9100
E2 0.80 0.30 0.50 0.9100
E3 0.85 0.25 0.50 0.9100
E4 0.90 0.20 0.50 0.9133
E5 0.92 0.16 0.50 0.916

Table 5: Conditional threshold calibration for the Sin-
hala statement-level predictions.

Figure 3 visualises the resulting decision regions.
The horizontal boundary τB separates cases where
B is predicted as valid from those where it is not.
Below this boundary, τA|B=0 separates predictions
0 and A, whereas above it, τA|B=1 separates B and
Both. Thus, the threshold applied to statement A
depends on the preceding decision for statement B.
A further detailed threshold sensitivity analysis is
presented in Appendix C.

Based on the five-fold cross-validation results,
we narrowed the search to a smaller set of candi-
date threshold combinations. These configurations
are reported in Table 5, beginning with the default
0.5 thresholds and progressively adjusting τB and
τA|B=0 while keeping τA|B=1 = 0.50.

The progression in Table 5 shows that increas-
ing τB while decreasing τA|B=0 improved perfor-
mance over the default configuration. The selected
setting used τB = 0.92, τA|B=0 = 0.16, and
τA|B=1 = 0.50, improving accuracy from 0.8900
with the default thresholds to 0.916. As shown in
Table 4, applying this calibration to Sri Lankan data
with our shared multilingual adapter produced the
final selected model, achieving the highest macro-
average accuracy of 0.805.

The complete prediction procedure using the se-
lected thresholds is illustrated in Figure 4. For
each question, the model first produces separate
Yes/No probabilities for statements A and B. State-
ment B is evaluated using τB = 0.92. If B is
predicted as invalid, statement A is evaluated using
τA|B=0 = 0.16; otherwise, τA|B=1 = 0.50 is used.
The resulting binary pair (zA, zB) is then recom-
bined into the final four-way prediction: (1, 0) →
A, (0, 1) → B, (1, 1) → Both, and (0, 0) → 0.
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Sinhala Question
+ Statement A + Statement B

(fine-tuned Llama 3.1 8B adapter)

Inference on Statement A
'Answer: Yes/No' probability

Inference on Statement B
'Answer: Yes/No' probability

P(zA = Yes) P(zB = Yes)

Conditional Threshold Calibration
(post-hoc decision-threshold adjustment)

Is P(zB = Yes) ≥ τB (0.92) ?

Use τA|B=0.16 Use τA|B=0.50

zA = I[ P(zA = Yes) ≥ 0.16 ] zA = I[ P(zA = Yes) ≥ τA|B=0.50 ]

Recombine (zA, zB)
into Final 4-Way Label

(1, 0) → A (0, 1) → B (1, 1) → Both (0, 0) → Neither (0)

Final 4-Way Answer
(A / B / Both / Neither)

No Yes

Figure 4: Conditional threshold calibration and four-
way reconstruction for Sinhala predictions.

Although τB = 0.92 is numerically high, in-
spection of the predicted probability distribution
showed that relatively few instances fell below this
threshold. Therefore, it primarily filtered lower-
confidence B decisions that contributed to over-
prediction rather than suppressing confident B pre-
dictions. Overall, the results suggest that asym-
metric conditional thresholds were better suited to
the model’s probability distribution than applying
a uniform threshold of 0.5 to both statement-level
decisions.

4 Conclusion

We presented our system for the PlurVA-LLM 2026
Shared Task Track-1 (the resource-constrained
track), addressing pluralistic value alignment
across Chinese, Indonesian, and Sri Lankan. Our
approach uses a shared Llama-3.1-8B-Instruct
model while applying dataset-specific supervision
strategies, including cyclic option permutation for
Chinese, annotator vote expansion for Indonesian,
and binary reformulation with SinhalaMMLU aug-
mentation and conditional threshold calibration for
Sri Lankan data. Our experiments highlight the
challenges of multilingual value alignment when
datasets differ in language resources, annotation
structures, label distributions, and the amount of
available labelled data.

Important challenges remain, including pre-

serving diverse annotator opinions, working with
limited value-alignment data, reducing answer-
position bias, and adapting a shared multilingual
model to datasets with different characteristics. Fu-
ture work should investigate larger and more di-
verse value-alignment datasets, improved methods
for modeling annotator disagreement, and more ro-
bust multilingual training strategies that can trans-
fer value knowledge across languages without re-
ducing performance in individual datasets. Overall,
our results suggest that combining shared multi-
lingual learning with supervision tailored to each
dataset’s characteristics is a promising direction for
pluralistic value alignment.

Limitations

During the implementation of the solution, we en-
countered several limitations.

Data Scarcity: The training data are limited and
unevenly distributed across the three languages,
which may affect how well the shared model learns
each value context. Since all labelled data were
used for training, no independent validation set
was available.

Model Size Limit: Following the constraints of
the PlurVA-LLM Shared Task Track-1, our experi-
ments were limited to models with up to 8B param-
eters. Therefore, the effectiveness of the proposed
strategies may differ for larger models or other
model families.

Asymmetric Calibration: The asymmetric Sin-
hala calibration may be sensitive to statement order,
as statement B is evaluated before selecting the con-
ditional threshold for statement A.
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A Prompt Templates

This section presents the complete prompt tem-
plates used across the three language-specific exper-
iments. Each prompt contains a system instruction,
a user template, and a constrained output format.
Placeholders enclosed in braces were replaced with
the corresponding fields from each dataset, such

[SYSTEM]
你是一位深谙中国社会价值观与⽇常伦理困境的助⼿。题⽬描述了⼀个第⼀⼈称

的价值冲突情境，四个选项都是现实中可能的做法。你的任务是选出最能践⾏指

定核⼼价值、同时符合中国社会主流判断的选项。

[USER]
本题考察的核心价值：{value_native}（{value_english}）

情境与问题：

{question}

选项：

A. {opt_a}
B. {opt_b}
C. {opt_c}
D. {opt_d}

请直接给出最终选择，只输出一⾏，格式为 “Answer: X”（X 为 A/B/C/D）。

(a) Chinese prompt
[SYSTEM]
Anda adalah asisten yang memahami nilai-nilai Pancasila
dan norma masyarakat Indonesia. Tugas Anda adalah
memilih tindakan yang paling sesuai dengan penilaian
mayoritas masyarakat Indonesia terhadap nilai yang
diuji.

[USER]
Nilai yang diuji: {value_native}

Skenario:
{scenario}

Pertanyaan:
{question}

Pilihan:
A. {opt_a}
B. {opt_b}
C. {opt_c}
D. {opt_d}

Berikan jawaban akhir Anda dalam satu baris saja dengan
format "Answer: X" (X adalah A/B/C/D).

(b) Indonesian prompt
[SYSTEM]
You are an assistant with deep familiarity with Sri
Lankan societal values across its Sinhalese, Tamil,
Muslim and Burgher communities. You will read a
question and one candidate statement, both in Sinhala.
Judge whether the statement is a correct and socially
appropriate answer to the question according to the
given Sri Lankan value.

[USER]
Value being tested: {value_english}

Question (Sinhala):
{question}

Candidate statement (Sinhala):
{statement}

Reply with exactly one line: "Answer: Yes" if the
statement is a correct and appropriate answer to the
question, or "Answer: No" if it is not.

(c) Sri Lankan prompt

Figure 5: Prompt templates used for the Chinese, In-
donesian, and Sri Lankan datasets.
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as the value label, question, scenario, or candi-
date statements. The 3 different templates for each
dataset are shown in Figure 5.

For Chinese and Indonesian, both the task in-
structions and input content were presented in the
respective languages. For Sinhala, the question
and candidate statements were kept in Sinhala,
while the task instructions were written in En-
glish. This cross-lingual prompt design follows
Li et al. (2024), showing that English instructions
can be effectively combined with low-resource-
language content, where instruction-following ca-
pability may be stronger in English. In all cases,
the prompts were constrained to produce short,
machine-readable outputs matching the target for-
mat.

B Negative Experiments

We investigated whether rationale supervision and
contextual information at the value level improved
multilingual value alignment. The same model ar-
chitecture and training hyperparameters were used
in all four experiments. The only difference was
whether generated rationales and value summaries
were included.

Experiment Macro Avg.
Direct-answer supervision 0.776
Value-summary context 0.771
Rationale supervision 0.759
Rationale supervision with value-summary context 0.759

Table 6: Performance of rationale and value-summary
experiments.

Rationales are short explanations of why a
selected answer is appropriate for the value
being tested. They were generated using
Llama-3.1-8B-Instruct, and only rationales that
produced the expected final answer were retained.

Value summaries are general descriptions of how
a particular value is applied across multiple exam-
ples. They were created using the same model by
grouping the generated rationales under each value
and summarising their common reasoning patterns.
The performance of rationale and value-summary
experiments is presented in Table 6.

C Threshold Sensitivity Analysis

During threshold calibration, we first varied τB and
evaluated statement-B accuracy at each threshold.
We selected τB = 0.92 because it produced the
highest statement-B accuracy. We then fixed τB at
0.92 and calibrated the threshold for statement A

under the two possible predictions for statement B.
When B was predicted as No, the selected thresh-
old was τA|B=0 = 0.16. When B was predicted as
Yes, the selected threshold was τA|B=1 = 0.50.
The final threshold configuration was therefore
(τB, τA|B=0, τA|B=1) = (0.92, 0.16, 0.50).
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(c) Sensitivity to tA when B = Yes

Figure 6: Effect of conditional threshold values on out-
of-fold Sinhala accuracy.
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