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Abstract
Pluralistic value alignment asks whether a lan-
guage model can adapt its judgements to dis-
tinct, locally grounded value systems rather
than reflecting a single aggregated notion of
human preference. The PlurVA-LLM shared
task evaluates this setting by unifying three in-
dependently constructed, culturally grounded
multiple-choice value dilemmas across Chi-
nese, Indonesian, and Sri Lankan datasets. We
present a single-model submission based on
Qwen3.5-4B with LoRA fine-tuning, trained
only on the 1,359 labelled development in-
stances provided by the task. Our method com-
bines three ideas motivated directly by the task
structure: soft-label supervision for Indonesian
annotator-vote distributions, consistency reg-
ularisation across option permutations to re-
duce answer-position bias, and a staged multi-
lingual curriculum with cross-validation-based
iteration selection. On the hidden test set, our
system achieves a macro-average accuracy of
0.8062, with 0.7788 on Chinese, 0.7139 on
Indonesian, and 0.9260 on Sri Lankan, outper-
forming a manually tuned reference curricu-
lum from our internal development. These
results show that a single parameter-efficient
model can unify culturally and structurally dis-
tinct value-alignment benchmarks under a low-
resource training budget.

1 Introduction

The rapid growth of Large Language Models
(LLMs) as globally deployed digital infrastructure
has made value alignment, the problem of ensuring
model outputs reflect appropriate human values,
a central concern in AI research. Standard align-
ment pipelines optimise towards an aggregated hu-
man preference, which in practice approximates an
“average” annotator and marginalises populations
whose values differ from that average (Sorensen
et al., 2024). Empirically, LLM value expressions
have repeatedly been found to cluster near West-
ern, English-speaking populations (Hershcovich

et al., 2022; Santurkar et al., 2023; Durmus et al.,
2024). The PlurVA-LLM Shared Task asks whether
a model can instead adapt its judgements to distinct,
locally grounded value systems. Given a scenario
and a target country, a system selects the response
most consistent with that country’s annotated hu-
man value preferences, across Chinese (Hao et al.,
2026), Indonesian (Supryadi et al., 2026) and Sri
Lankan (Muthugala et al., 2026) data, and is scored
on the macro average over all three. Track-1 addi-
tionally constrains systems to a single model of at
most 8B parameters, with no external APIs, agents,
tools or knowledge bases at inference time. 1

2 Related Works

2.1 Multilingual and Low-Resource
Benchmarks

Multilingual question answering and evaluation re-
sources have expanded rapidly across languages
(Perevalov et al., 2024), and establish the setting
in which our three subsets sit. TyDi QA (Clark
et al., 2020) provides information-seeking QA writ-
ten directly in eleven typologically diverse lan-
guages, including Indonesian, and INCLUDE (Ro-
manou et al., 2024) evaluates regional knowledge
through multiple-choice items spanning many lan-
guages including Sinhala. For Sinhala specifi-
cally, resources remain scarce. Early work built
classifier-based QA over a news corpus (Jayakody
et al., 2016), SiQuAD (Ranasinghe and Weeras-
inghe, 2025) supplies span-based QA by translating
and cleaning SQuAD v1.1, curriculum-grounded
retrieval systems have been proposed for the Sri
Lankan school context (Kiridana and Dias, 2025),
and SinhalaMMLU (Pramodya et al., 2025) provides
multitask multiple-choice evaluation. These bench-
marks measure factual and task competence rather
than value alignment, and none of them models

1Team SLNLP. Code available at: https://github.com/
Schizo00/PlurvaLLM-SharedTask
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the annotator disagreement or the locally grounded
normative judgements the present task requires.

2.2 Pluralistic and Cross-Cultural Value
Alignment

Standard Reinforcement Learning from Hu-
man Feedback (RLHF) and instruction-tuning
paradigms tend to aggregate preferences into
a single “average human” response, effectively
marginalising diverse socio-cultural and regional
perspectives. Sorensen et al. (2024) formalise three
targets for pluralistic alignment (overton, steer-
able and distributional) and argue that a single ag-
gregated preference model satisfies none of them.
Empirically, model value expressions cluster near
Western, English-speaking respondents (Durmus
et al., 2024; Santurkar et al., 2023), and cross-
cultural evaluations find that models default to
Western normative framings even when prompted
in another language (AlKhamissi et al., 2024;
Naous et al., 2024). PRISM (Kirk et al., 2024) ad-
dresses this on the data side, collecting preferences
from participants across many countries and retain-
ing rater identity rather than collapsing it. The
PlurVA-LLM benchmark takes a complementary
position: rather than a single multi-country pref-
erence corpus, it composes three independently
constructed, natively formatted resources and re-
quires one system to serve all of them. To address
the aggregation limitation, recent research has tran-
sitioned towards pluralistic alignment models that
support multi-perspective steering.

Feng et al. (2024) introduce Modular Pluralism,
a multi-LLM collaboration framework that plugs
specialised, community-tailored LMs into a cen-
tral base LLM. Their framework enables models
to support overton, steerable, and distributional
pluralism without modifying black-box weights.
Expanding on this, Zhu et al. (2026) argue that
national-level labels are too coarse to capture intra-
country preference variance. They propose DVMap
(High-Consensus Demographic-Value Mapping),
which leverages multi-dimensional demographic
attributes from the World Values Survey (WVS),
structured Chain-of-Thought (CoT) reasoning, and
Group Relative Policy Optimization (GRPO) to
achieve fine-grained pluralistic alignment across
cross-demographic and cross-cultural evaluation
splits.

2.3 Learning from Annotator Disagreement
Traditional supervised NLP pipelines treat annota-
tor disagreement as noise, collapsing varying judge-
ments into a single majority-vote label. However,
emerging paradigms recognise disagreement as a
valuable signal reflecting linguistic ambiguity, task
complexity, or personal perspective.

Early foundational work by Fornaciari et al.
(2021) demonstrates that soft-label probability dis-
tributions can be leveraged via multi-task auxiliary
heads to mitigate overfitting and improve general-
isation on inherently ambiguous tasks. Building
upon this, Xu et al. (2024) evaluate disagreement-
aware strategies across standard text classification
benchmarks, illustrating that directly predicting
soft annotator distributions yields superior perfor-
mance over single-label classifiers. More recently,
Benito-Santos and Ghajari (2025) extend this prin-
ciple to Semantic Textual Similarity (STS), showing
that modelling full ordinal annotator distributions
via distance-aware cross-encoders and truncated
Gaussian heads significantly enhances calibration
and ranking accuracy on ambiguous sentence pairs.

2.4 Selection Bias in Multiple-Choice
Questions

Multiple-Choice Question Answering (MCQA) is a
primary evaluation standard for LLMs and vision-
language models (VLMs). However, models fre-
quently exploit spurious positional priors or symbol
biases rather than demonstrating genuine reason-
ing. Zheng et al. (2024) show that LLMs carry a
consistent bias towards particular option identifiers,
that this bias is a substantial source of benchmark
variance, and that debiasing by permutation ma-
terially changes measured accuracy; Pezeshkpour
and Hruschka (2024) report the same sensitivity to
option ordering across several model families.

For multimodal models, Loginova et al. (2025)
analyse position-based selection bias in Video-
LLMs and introduce BOLD, a calibration tech-
nique designed to suppress “blind guessing” across
complex video reasoning tasks. Similarly, Guda
et al. (2025) analyse selection bias in text-only
LLMs. They formulate the Permutation Bias Met-
ric (PBM), an unsupervised, label-free metric that
quantifies prediction instability across option per-
mutations, and present BaQCKV (Batch Question-
Context KV caching) alongside a LoRA fine-tuning
strategy to eliminate positional bias efficiently.
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2.5 Consistency Regularisation
Consistency regularisation enforces model invari-
ance under semantics-preserving input perturba-
tions, serving as an effective inductive bias to pre-
vent models from relying on superficial cues.

In the realm of structural reasoning, Yin et al.
(2023) apply consistency regularisation training
to Transformers for compositional generalisation.
Their approach enforces both representation consis-
tency across distinct inputs and prediction consis-
tency under equivalent rephrasings, demonstrating
marked improvements in semantic parsing and ma-
chine translation. In evaluation scenarios, consis-
tency regularisation such as the objective studied
in Guda et al. (2025) is applied directly across op-
tion permutations to stabilise LLM outputs against
positional shifts, bridging the gap between raw like-
lihood estimation and robust multiple-choice rea-
soning.

2.6 Low-Resource Languages and Efficient
Adaptation

Data scarcity and computational cost continue to
limit advanced NLP for low-resource and under-
represented languages.

For Marathi, Khade et al. (2025) evaluate Low-
Rank Adaptation (LoRA) as a form of Parameter-
Efficient Fine-Tuning (PEFT). They observe that
target-language generation improves, but standard
automated metrics often misalign with human eval-
uations and mask trade-offs in general reason-
ing capabilities. To maintain general instruction-
following while acquiring new languages, Sarasua
et al. (2025) propose DIPLomA. This decoupled
instruction-preserving language-adaptation method
merges post-training deltas and separates target-
language continual pre-training from instruction
alignment. Finally, Joshi et al. (2025) show that
continued pre-training using a mixture of real and
synthetic translation corpora (e.g., Nemotron-Mini-
Hindi 4B) significantly improves factual accuracy
and task performance in low-resource Indic lan-
guages.

3 Methodology

The proposed system is developed through a se-
ries of systematic steps to unify three typologically
distinct value-alignment datasets (Chinese, Indone-
sian, and Sri Lankan) into a single fine-tuned model
capable of producing culturally grounded, contex-
tually appropriate judgements across all three, de-

spite differences in native task format, annotation
structure, and language resource availability.

3.1 Dataset Analysis
The benchmark combines three independently con-
structed resources: Chinese daily-life value dilem-
mas from D2VBench (Hao et al., 2026), Indonesian
dilemmas grounded in Pancasila values (Supryadi
et al., 2026), and Sri Lankan value-judgement items
from LKValues (Muthugala et al., 2026). Table 1
summarises the resulting dev/test splits answer
spaces.

Dataset Dev Test Answer space

Chinese 790 3,210 A/B/C/D
Indonesian 366 1,468 A/B/C/D
Sri Lankan 203 797 A/B/Both/0

Total 1,359 5,475

Table 1: Dataset details. Each resource is split 20/80;
only the development portion carries gold labels, and
the test portion is scored on Codabench.

The subsets differ in how values are grounded
as much as in format. D2VBench builds first-
person dilemmas through LLM-human collabo-
ration around 158 fine-grained value concepts,
pairing internal conflict with external constraint.
Every option is plausible, including compromise
and retreat rather than only normatively correct
choices. Pancasila-Dilemmas derives scenarios
from Indonesian news articles classified under the
five Pancasila values, with correctness set by five-
annotator consensus rather than a single gold label.
LKValues grounds its 40 societal values in a trilin-
gual survey of 205 respondents spanning the Sin-
halese, Tamil, Muslim and Burgher communities
rather than adopting an external framework, and
combines SinhalaMMLU reformulations (Pramodya
et al., 2025) with generated scenarios validated by
annotators from each group. Its items present a
question stem with two candidate statements and
admit A, B, Both, or 0 (neither), where the latter
two account for 31% of development rows.

Label structure: As our method is motivated by
the annotation rather than by architecture, we report
the statistics that drove the design. Gold letters are
unevenly distributed: in Chinese, A-237, B-123,
C-136, D-294; in Sri Lankan, A-106, B-34, Both-
43, 0-20. The most frequent Chinese letter (D)
is 2.4× more frequent than the least (B), and the
most frequent Sri Lankan label (A) is 5.3× more
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frequent than the least (0). There is no reason to
expect these priors to transfer to the hidden test set.

The Indonesian annotation is distributional
rather than categorical. All 366 development rows
carry five votes; only 26 rows (7.1%) are unani-
mous, 103 rows have a top vote of just two out of
five, and 72 rows (19.7%) have no strict majority
at all.

Evaluation: Systems submit one prediction file
covering all three countries, scored by per-country
accuracy and their macro average. For Indone-
sian, the reference is the consensus of the annotator
votes. The answer or answers with the highest
counts and where a tie occurs all tied answers are
accepted.

This evaluation design has direct implications
for system design. A model trained on only major-
ity labels would implicitly ignore that up to one-
fifth of Indonesian annotators disagree with the
stated consensus, while a system relying on label
frequency risks inheriting label imbalances from
the Chinese and Sri Lankan datasets that may not
hold on the hidden test set. These two properties,
annotator disagreement in the Indonesian data and
unstable label priors across all three datasets, di-
rectly motivate two design choices in our system,
treating Indonesian gold as a soft distribution over
annotator votes rather than a single majority label,
and making each prediction independently rather
than relying on label frequency.

3.2 Prompt Design
Before settling on a production template, we ran a
small-scale pilot comparing two candidate prompt
formulations across a held-out sample of questions
in each language, evaluated across several open-
source models. Prompt variant 1 asked the model
to return the correct option’s full text with no expla-
nation, while prompt variant 2 framed the task as
a rule-based letter classifier, giving explicit if/then
instructions (“if option (a) is correct, respond with:
a”) and requiring only a bare letter in response.
Each model’s zero-shot behaviour, with no instruc-
tional prompt at all, was also recorded as a refer-
ence point.

For the production system, a single prompt-
building function is shared across training, vali-
dation, and test inference, so the fine-tuning dis-
tribution matches the evaluation distribution ex-
actly. Each example is passed as a single user turn
through the model’s chat template, instructing it to

act as a language-specific MCQ expert evaluating
questions within corresponding national context.
Naming the expected linguistic and cultural con-
text explicitly was intended to reduce ambiguity for
a single base model handling three typologically
distinct languages within one fine-tuning run.

Finally, the shared template accommodates struc-
tural differences across the three subsets without
splitting into separate per-language templates. A
“Scenario” field is included only when a row pro-
vides one, a property specific to the Indonesian
dataset, where dilemmas are grounded in real news-
article contexts. For Sri Lankan rows, Option C
and D are fixed Sinhala strings corresponding to
“both answers are correct” and “neither answer
is correct”, reflecting the four-way answer space
(A/B/Both/0) native to LKValues. These strings
were kept in Sinhala rather than translated to a
language-agnostic form, so the model is evalu-
ated in the same linguistic register throughout the
prompt.

Figure 1: Prompt

3.3 Model
3.3.1 Base Model Selection
Prior to finetuning, we benchmarked open-weight
candidates under the Resource-Constrained Track’s
8B parameter ceiling, zero-shot, on the full devel-
opment set as shown in Table 2.

From this initial benchmark, we selected two
candidates, Gemma-4-E4B-it and Qwen3.5-4B, for
further evaluation. Both were assessed through of-
ficial test-set submissions, and LoRA fine-tuning
was then applied to each under comparable con-
ditions, in order to compare how much headroom
each model offered beyond its zero-shot baseline.
Table 3 compares zero-shot and progressively fine-
tuned test-set accuracy for both models across this
comparison.
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For Gemma-4-E4B-it, we tested fine-tuning
with separate per-language adapters, as well as a
Chinese-only fine-tuning configuration.

For Qwen3.5-4B, we first fine-tuned a LoRA
adapter on Chinese data alone. Based on that result,
we tried several further fine-tuning strategies on
Qwen, including separate adapters per language,
before continuing with additional stages incorporat-
ing Indonesian data and then augmented Sri Lankan
data.

3.3.2 Final Submitted Model
Building on the base model selection above, our
submitted system fine-tunes a single LoRA adapter
on Qwen3.5-4B to jointly handle all three lan-
guages with one shared model, rather than training
separate models per language.

Data: Training uses only the official labelled de-
velopment sets, with no external data. For Indone-
sian, rather than collapsing the 5-annotator vote
list to a single majority label, we train against the
normalised vote distribution over A,B,C,D, so a 4-1
annotator split is treated differently from a 5-0 split.
Chinese and Sri Lankan targets remain one-hot, for
which this soft-label objective reduces to standard
cross-entropy. The Sri Lankan task is cast as a 4-
option MCQ by appending two fixed meta-options
(“both correct”/ “neither correct”, mapped back to
the original answer space at prediction time.)

Curriculum training: Motivated by staged fine-
tuning gains observed during base-model selection,
we extend that idea into a formal six-stage curricu-
lum, where each stage continues fine-tuning the
adapter produced by the previous stage rather than
restarting from the base model.

The design rationale follows directly from the
base-model trials: staging one language at a time
lets the adapter specialise before the next language
is introduced, while two revisit stages (3 and 4) are
included to counteract the forgetting that staged
training risks, since gains from later stages could
otherwise erode earlier-stage performance. The fi-
nal joint stage then reconciles all three languages
under one set of weights, with Chinese upweighted
(1.5×) to compensate for its lower absolute accu-
racy relative to the other two. The learning rate is
lowered specifically for this final combined stage
(5e-5 versus 1e-4 in all earlier stages).

Consistency-regularised objective: To encour-
age genuine reasoning over question content rather

than reliance on answer position, each training
example is paired at batch time with an option-
permuted variant of itself; both variants receive
full supervision against their (correspondingly per-
muted) target distribution. A Jensen-Shannon di-
vergence term penalises disagreement between the
model’s predictions on the original and permuted
versions after remapping to canonical letter order
(JS is used over KL for its symmetry and bounded-
ness).

For each example, the loss is

Llang =
1

2
(Loriginal + Lpermuted)

+ λ JS (poriginal, ppermuted) ,
(1)

where λ = 0.5 at every stage.

Training Details: LoRA rank 16, α = 32, max
sequence length 768, per-language batch size 8,
AdamW, gradient clipping at norm 1.0, gradient
checkpointing, bf16 precision. Loss is computed
only at the single answer-token position. A 5-fold
stratified cross-validation protocol selects the early-
stopping iteration count (median best_iter across
folds), after which a final model is refit on 100% of
the data for that iteration count, avoiding permanent
hold-out of data from an already small training
pool.

Inference: Decoding is greedy (do_sample=False,
max_new_tokens=40); any leading <think> span
is stripped and the first valid standalone A/B/C/D
token is extracted, with a fallback string match
against option text. Unparseable outputs default to
“A” to guarantee a prediction for every row, with
the fallback rate logged per run.

3.4 Hardware and Software
All training and inference use Qwen3.5-4B fine-
tuned with LoRA (Hu et al., 2022) via PEFT, imple-
mented in PyTorch. Early base-model comparisons
ran on Kaggle and Google Colab (T4 GPUs) and
an Apple M1 Pro; the soft-label and consistency
mechanisms, the curriculum experiments, and the
final submitted run were trained on a local work-
station with a single NVIDIA RTX 5090 (32GB
VRAM), an Intel Core i9 (14th generation), and
64GB of DDR5 RAM.

4 Results

4.1 Base Model Comparison
All reported test-set numbers are official Cod-
abench submission scores rather than local evalua-
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tions. Table 2 reports zero-shot performance across
all open-weight candidates benchmarked under the
Resource-Constrained Track’s 8B-parameter ceil-
ing, evaluated on the full development set.

Qwen and Gemma variants achieved the
strongest and most balanced macro-average ac-
curacy across the three languages, while Mis-
tral/Ministral variants frequently collapsed to
single-letter answering and Llama3.1 underper-
formed specifically on Chinese and Sri Lankan.

Gemma-4-E4B-it achieved a higher zero-shot
baseline than Qwen3.5-4B (macro 0.6912 vs.
0.6869), driven mainly by substantially higher Sri
Lankan score (0.9235 vs. 0.8243). Its response
to fine-tuning was mixed Figure 2. Per-language
adapters scored below its own baseline (0.6635 vs.
0.6912), and Chinese-only fine-tuning left macro
accuracy essentially unchanged (0.6904), with Chi-
nese itself slightly lower (0.4937 vs. 0.5016).
Adding an Indonesian stage (Chinese then Indone-
sian) did help, raising macro accuracy to 0.7040,
Gemma’s best result, with the gain coming from
Indonesian (0.6485 to 0.6955). This remains below
Qwen’s first fine-tuned configuration (0.7531) and
well below the submitted system (0.8062).

Figure 2: Progression of Gemma-4-E4B-it across fine-
tuning configurations. Bars are ordered to match the
corresponding rows in Table 3

Qwen3.5-4B, by contrast, improved substan-
tially under matched fine-tuning. Its Chinese
only fine-tune raised macro-accuracy from 0.6869
to 0.7531 (Chinese from 0.5694 to 0.7732), and
successive curriculum stages added further gains,

reaching 0.8044 macro accuracy.

Figure 3: Progression of Qwen3.5-4B’s macro-average
accuracy from the initial fine-tuning comparison
through curriculum training, in the same order as Table 3
and Table 5, ending with the final submitted system.

4.2 Curriculum Training Results
Table 4 shows the six-stage curriculum configura-
tion used for the final submitted system.

Lowering the learning rate specifically for the
final combined stage (5e-5 vs. 1e-4 in all earlier
stages) raised test macro-accuracy from 0.8007 to
0.8062. This was the single change that improved
all three languages simultaneously, and it was the
configuration ultimately submitted.

4.3 Ablation Study
Table 5 presents the full ablation over training
configurations tested, from simultaneous multi-
language training to the final curriculum design.

We attribute the final gain by comparing each
step with its nearest predecessor in Table 5. Un-
der simultaneous training, the soft-label and con-
sistency objectives reach 0.7860–0.7863 against
0.7501 for a hard-label control (+3.6 points); this
control ran on an earlier data pipeline that dropped
the 72 Indonesian rows with tied votes, so the
gap combines the objectives with that data change
and we cannot separate them. Staging alone does
not help: v1 (0.7799) is slightly below simultane-
ous training. The largest curriculum gain comes
from adding the Indonesian revisit and the com-
bined stage (v2, +2.1 points over v1, with Indone-
sian recovering from 0.6683 to 0.7030); because
v2 changes both at once, we cannot attribute the
gain to either alone. The combined-stage iteration
count (v3) trades Chinese and Indonesian for Sri
Lankan, and the Chinese loss weight (v4) stays
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Model Chinese Indonesian Sri Lankan Macro Avg

google/gemma-3-4b-it 0.4215 0.6421 0.6305 0.5647
Qwen/Qwen2.5-7B-Instruct 0.4051 0.6175 0.5123 0.5116
unsloth/llama-3.1-8b-Instruct-bnb-4bit (8B) 0.2937 0.5710 0.3498 0.4048
mistralai/Mistral-7B-Instruct-v0.3 0.2975 0.4809 0.5271 0.4351
unsloth/Ministral-3-8B-Instruct-2512 0.2835 0.6120 0.2118 0.3691
unsloth/Ministral-3-3B-Instruct-2512 0.3582 0.4672 0.1970 0.3408
google/gemma-4-E4B-it 0.5114 0.6967 0.8079 0.6720
Qwen/Qwen3.5-4B 0.5342 0.6448 0.6789 0.6193
MERaLiON-LLaMA-3-8B-Instruct 0.3171 0.6376 0.6424 0.5323

Table 2: Zero-shot macro-accuracy of open-weight candidates under the Track-1 8B ceiling, evaluated on the full
1,359-row development set.

Model Variant Chinese Indonesian Sri Lankan Macro_Accuracy

google/gemma-4-E4B-it

baseline 0.5016 0.6485 0.9235 0.6912
lora fine-tuned (separate adapters per language) 0.4844 0.6104 0.8959 0.6635
lora fine-tuned (chinese only) 0.4937 0.6553 0.9222 0.6904
lora fine-tuned (chinese then indonesian) 0.4943 0.6955 0.9222 0.7040

Qwen/Qwen3.5-4B

baseline 0.5694 0.6668 0.8243 0.6869
lora fine-tuned (chinese only) 0.7732 0.6668 0.8193 0.7531
lora fine-tuned (chinese then indonesian) 0.7725 0.7084 0.8193 0.7667
lora fine-tuned (chinese then indonesian then aug sri lankan) 0.7725 0.7084 0.9284 0.8031
lora fine-tuned (chinese then indonesian then aug sri lankan then aug chinese) 0.7763 0.7084 0.9284 0.8044

Table 3: Codabench test-set accuracy for the two candidate base models across successive fine-tuning variants.
Contrast with Table 2, which reports development-set zero-shot accuracy.

within 0.0005 of v2. Lowering the combined-stage
learning rate (v5) adds roughly half a point (0.8062
vs. 0.8007 for v2 and 0.8002 for v4) and is the only
change that improves all three languages relative
to both. v6 shows this gain is specific to the final
stage: applying 5e-5 to every stage, together with
per-stage iteration selection, lowers macro accu-
racy to 0.7911. The final configuration (v5) reaches
0.7788 / 0.7139 / 0.9260 on Chinese / Indonesian /
Sri Lankan (macro 0.8062).

5 Discussion

A stronger starting point is not a stronger sub-
strate: Gemma-4-E4B-it held the better zero-
shot macro (0.6912 vs. 0.6869), driven almost en-
tirely by Sri Lankan (0.9235 vs. 0.8243). How-
ever, the ordering reversed under matched LoRA
conditions: Qwen’s Chinese-only fine-tune raised
macro accuracy from 0.6869 to 0.7531, while the
matched Gemma configuration left it unchanged
(0.6912 to 0.6904), and Gemma’s per-language-
adapter variant fell below its own zero-shot score
(0.6635 vs. 0.6912). Gemma’s best configuration,
Chinese then Indonesian (0.7040), did improve on
its baseline, but it remained below every fine-tuned
Qwen configuration. The cause was not isolated,
though the pattern is consistent with Gemma’s Sri
Lankan advantage arising from instruction-tuning
that already fits this item format closely, leaving

little headroom and making the adapter more likely
to disturb an existing solution than to improve it.
The practical lesson for constrained tracks is that
zero-shot benchmarking is a poor proxy for adapt-
ability, and that base-model choice should be made
on measured fine-tuning response rather than on
baseline rank.

The development set does not predict the test set:
Zero-shot Sri Lankan accuracy for Gemma-4-E4B-
it is 0.8079 on the development set (Table 2) but
0.9235 on the test set (Table 3); the Gemma-Qwen
ordering on Indonesian reverses (0.6967 vs. 0.6448
on development; 0.6485 vs. 0.6668 on test). With
203 labelled Sri Lankan rows, a development esti-
mate carries a standard error about 2.8 points, and
the two splits are not guaranteed to be matched in
difficulty. This gap was visible in the development
logs and directly shaped the development stages:
we adopted cross-validated iteration selection with
a full-data refit rather than a fixed held-out split,
and treated development scores as a filter for candi-
dates rather than as a predictor of final ranking.

Why Sri Lankan is the easiest subset: Sri
Lankan accuracy (0.9260) exceeds Chinese
(0.7788) by 15 points despite having the fewest
training rows and the lowest-resource language.
Part of this gap reflects label priors rather than
difficulty: on the development sets, always predict-
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Stage Language Iterations Learning rate Loss weight Notes

0 zh 25 1e-4 1.0 fresh LoRA from base model
1 id 25 1e-4 1.0 continues stage 0
2 si 25 1e-4 1.0 continues stage 1
3 zh 25 1e-4 1.0 Chinese revisited
4 id 25 1e-4 1.0 Indonesian revisited (prevents forget-

ting)
5 (combined) zh+id+si 25 5e-5 zh 1.5, id 1.0, si 1.0 simultaneous; final submitted check-

point

Table 4: Training stages and hyperparameters.

Configuration Chinese Indonesian Sri Lankan Macro_Accuracy

simultaneous, hard-label (no soft-label/ consistency) 0.7196 0.6512 0.8795 0.7501
simultaneous + soft-label + consistency (λ=0.5, CV iters) 0.7442 0.6941 0.9197 0.7860
simultaneous + soft-label + consistency (λ=0.6, refit 50) 0.7676 0.6975 0.8871 0.7841
simultaneous + soft-label + consistency (λ=0.6, CV iters) 0.7489 0.7003 0.9097 0.7863
curriculum v1 (zh, id, si, zh; no combined stage) 0.7654 0.6683 0.9059 0.7799
curriculum v2 (+id revisit + combined stage, zh-w 1.5) 0.7757 0.7030 0.9235 0.8007
curriculum v3 (combined stage-iters 25→40) 0.7586 0.6975 0.9398 0.7986
curriculum v4 (zh-weight 1.5→1.3) 0.7757 0.7003 0.9247 0.8002
curriculum v5 (combined stage lr 5e-5) 0.7788 0.7139 0.9260 0.8062
curriculum v6 (per-stage CV + lr 5e-5 everywhere) 0.7710 0.7003 0.9021 0.7911

Table 5: Ablation over training configurations. The final submitted configuration (curriculum v5) is shown in bold.

ing the most frequent label gives 52.2% for Sri
Lankan (A, 106 of 203) but 37.2% for Chinese
(D, 294 of 790), so our margin over that reference
is nearly identical (+40.4 vs. +40.7 points). We
also suspect, but did notv erify, that Sri Lankan
items are easier to discriminate because they con-
trast two statements, whereas every Chinese option
is constructed to be defensible. High zero-shot Sri
Lankan accuracy (0.8243 for Qwen3.5-4B, 0.9235
for Gemma-4-E4B-it) is consistent with this but
does not establish it. Per-country scores should
therefore not be read as a ranking of how well the
model “understands” each culture.

A tension in the task, and in our own system:
The benchmark is motivated by the claim that ag-
gregating preferences into an average annotator
marginalises populations, yet Indonesian systems
are scored against the annotator consensus. A sys-
tem optimised for that metric is being rewarded for
reproducing a majority, the behaviour the framing
objects to, relocated from a global to a national
scale. Our soft-label objective partially resists this
by training on the full vote distribution, so that a 4-1
split is not treated as a 5-0 split, but the evaluation
still collapses to consensus at scoring time. Re-
taining vote distributions in the released data, and
reporting a distributional metric alongside consen-
sus accuracy, would let future editions of this task
measure pluralism directly rather than by proxy.

6 Conclusion

We presented our submission to Track 1 of the
PlurVA-LLM 2026 shared task, unifying three cul-
turally and structurally distinct value-alignment
datasets Chinese, Indonesian, and Sri Lankan into
a single system built on Qwen3.5-4B, combin-
ing label-space unification, staged curriculum fine-
tuning, and an option-permutation consistency ob-
jective to reduce answer-position bias. Although
Gemma-4-E4B-it achieved stronger zero-shot and
baseline accuracy, Qwen3.5-4B responded far more
consistently to LoRA fine-tuning, and our ex-
periments showed that sequential, language-by-
language curriculum training outperformed joint
multi-language fine-tuning from initialisation, with
a reduced learning rate in the final joint stage
producing balanced gains across all three lan-
guages. Our final submitted system reached a
macro-average accuracy of 0.8062 on the hidden
test set, reflecting improvement distributed across
Chinese, Indonesian, and Sri Lankan rather than
concentrated in a single language, consistent with
the shared task’s emphasis on cross-country bal-
ance. Future work could explore larger-scale data
augmentation, alternative consistency objectives,
and extending this curriculum approach to addi-
tional low-resource cultural contexts.
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Limitations

While the proposed curriculum fine-tuning ap-
proach demonstrates strong accuracy gains, it has
several limitations.

Only 1359 labelled rows in total (790 Chinese,
366 Indonesian, 203 Sri Lankan) were used for
fine-tuning, with no external data. This is a small
pool for adapting a 4B-parameter model, and the
Sri Lankan subset in particular (203 rows) is very
small, a risk our experiments logs themselves flag.

Beyond data scarcity, our evaluation reports only
aggregate macro accuracy per language and does
not yet localise where the remaining errors occur
by country, by answer type, or by strength of anno-
tator disagreement for Indonesian, an analysis that
would be needed to target further improvements
precisely. We also did not test whether naming the
target value in the prompt improves accuracy.

In addition, the 8B parameter cap imposed by
the Resource-Constrained Track ruled out poten-
tially stronger, larger models. The results reported
here are specific to what is achievable under that
constraint and may not reflect the ceiling of value-
alignment performance more broadly.
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