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Abstract

We describe the Modgenix submissions to
both tracks of the PlurVA-LLM 2026 Shared
Task on pluralistic value alignment across
China, Indonesia, and Sri Lanka. For the
resource-constrained track, we use one dense
7.94B-parameter Gemma 4 E4B model for all
three datasets. We recast each option as a
binary candidate judgment and train rank-8
LoRA parameters using classification and pair-
wise preference losses. Deterministic augmen-
tation permutes answer positions, balances lan-
guages, and creates a small Chinese core-
action view. For the open track, we addition-
ally evaluate a single GPT-5.4 model with ver-
sioned multilingual prompts; its best macro
accuracy is 0.795. The compact preference-
trained system is stronger, so we submit it un-
changed to both tracks. It obtains accuracies
of 0.788, 0.683, and 0.954 on the Chinese, In-
donesian, and Sri Lankan hidden sets, respec-
tively, for a macro-average of 0.808 and first
place on both final leaderboards. Error anal-
ysis associates candidate preference learning
with fewer downside-salience errors, while an
objective mismatch between Indonesian anno-
tator votes and consensus evaluation remains a
key limitation.

1 Introduction

Value alignment across cultures cannot be reduced
to one universal normative target. Pluralistic align-
ment instead asks systems to represent or adapt
to different perspectives and value distributions
(Sorensen et al., 2024). The PlurVA-LLM shared
task operationalizes this challenge with locally
grounded datasets from China, Indonesia, and Sri
Lanka. A single system must handle different
languages, value taxonomies, and label semantics
while being ranked by macro-average country ac-
curacy.

Track 1 requires one model with at most eight
billion total parameters for all three datasets and

prohibits commercial APIs, agents, retrieval, and
other external inference resources. Track 2 retains
the one-model requirement but permits open or
closed models and external resources. We there-
fore develop a compact open-weight system for
Track 1 and compare it with commercial-model
prompting under the open-track rules.

Initial prompt-only experiments revealed an
asymmetric problem. The model was already
strong on Sri Lankan binary-statement judgments,
but Chinese options were difficult because each
often paired a plausible core action with a se-
vere stated consequence. Longer decision-rule
prompts fixed some examples but created new er-
rors through over-application. Our final method
moves the burden from prompt prose to supervised
candidate preference learning.

Our contributions are:

• a unified candidate-scoring formulation that
accommodates all three country-specific la-
bel protocols;

• a parameter-efficient objective combining
candidate classification and pairwise ranking,
with deterministic language balancing and
label-preserving augmentation; and

• a documented system-development compar-
ison between preference training and ver-
sioned GPT-5.4 prompting, followed by an
analysis of Chinese transfer and the mis-
match between Indonesian training positives
and official consensus.

2 Task and Data

The shared task combines three datasets while re-
taining their native task formats. Table 1 reports
the released splits used in our system. The devel-
opment set contains 1,359 labeled items and the
hidden evaluation set contains 5,475 items. Accu-
racy is computed separately for each country and
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Dataset Dev Test Options Gold protocol

Chinese 790 3,210 A–D one label
Indonesian 366 1,468 A–D top-vote label(s)
Sri Lankan 203 797 A/B A, B, Both, or 0

Total 1,359 5,475

Table 1: Released data used in our experiments.

the official ranking metric is the unweighted mean
of the three accuracies.

Chinese. D2VBench contains first-person daily
dilemmas grounded in 158 fine-grained value con-
cepts (Hao et al., 2026). Each item asks for one of
four actions. The development split has five exam-
ples for each fine-grained English value leaf.

Indonesian. Pancasila-Dilemmas grounds four-
option scenarios in Religion, Humanity, Unity,
Democracy, and Social Justice (Supryadi et al.,
2026). Five annotator votes are supplied per devel-
opment item. Official evaluation accepts the op-
tion or tied options with maximum vote count.

Sri Lankan. LKValues is grounded in survey-
derived Sri Lankan societal values and Sinhala
questions (Muthugala et al., 2026). The model
judges statements A and B, producing A, B, Both,
or 0 when neither is acceptable.

We use no additional task-specific corpus or
teacher-generated predictions; only the official de-
velopment data are used for task-specific training
and prompt development. The additional training
views described below are deterministic transfor-
mations of official rows. The pretrained models’
original training corpora are outside the scope of
this statement, and the closed model’s pretraining
data are not publicly known.

3 Track 1 System

3.1 Base Model and Eligibility

We use the instruction-tuned
google/gemma-4-E4B-it checkpoint (Gemma
Team, 2026) at pinned revision ee0ef6023621;
the complete hash is recorded in the released
configuration. The model configuration dis-
ables expert blocks; the exact text-generation
model loaded by AutoModelForCausalLM has
7,941,100,832 parameters. It is therefore a dense
model below the Track 1 limit. LoRA (Hu
et al., 2022) adds 17,440,768 temporary trainable
parameters, yielding 7,958,541,600 parameters

during training. Before inference, the low-rank
deltas are merged into existing linear weights and
the temporary modules are removed, returning the
answer-generation count to 7,941,100,832.

We compute each count as sum(p.numel() for
p in model.parameters()), including embed-
ding parameters. No vision or audio encoder is
loaded. The runtime code repeats this count after
loading and after adapter merging and aborts if the
answer-generation model exceeds eight billion pa-
rameters.

The same checkpoint, adapter, prompt template,
and decoding program process all three datasets.
Inference is local and uses no commercial end-
point, external agent, retrieval system, knowledge
base, model ensemble, or manual test-item inter-
vention.

3.2 Candidate Reframing

Instead of generating A–D directly, we render one
prompt per candidate. The prompt includes the
dataset and country context, native and English
value labels, scenario, question, all options, and
the candidate under examination. The model must
answer exactly YES or NO. For candidate c, we
define

s(c) = zYES(c)− zNO(c), (1)

where z is the next-token logit. This shared in-
terface converts heterogeneous label spaces into a
common value-fit judgment.

For Chinese, the single gold option is positive
and all others are negative. For Indonesian, our
training implementation marks every distinct op-
tion chosen by at least one of the five annotators as
positive. For Sri Lankan, A and B are independent
binary candidates: Both maps to two positives and
0 maps to none.

At inference, Chinese and Indonesian select
argmaxc s(c). For Sri Lankan, A and B are inde-
pendently accepted if their score exceeds a scalar
threshold; the two decisions map to A, B, Both, or
0. The final threshold, 0.75, is fitted on full devel-
opment scores after model training.

3.3 Preference Objective

For candidate target y ∈ {0, 1}, we apply binary
cross-entropy to s(c):

Lcls = BCEWithLogits(s(c), y). (2)
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When an item has at least one positive and one
negative option, we sample a pair (c+, c−) and add

Lrank = softplus
(
m− [s(c+)− s(c−)]

)
. (3)

The total loss is L = Lcls + λLrank, with mar-
gin m = 0.5 and λ = 0.5. This adapts the stan-
dard pairwise logistic ranking formulation (Burges
et al., 2005) to candidate judgments with heteroge-
neous label spaces.

3.4 Augmentation and Balancing
We use four deterministic training transformations.
First, option texts are permuted each epoch and la-
bels are remapped, discouraging answer-position
memorization. Second, we sample 790 items from
each language pool per epoch; the smaller Indone-
sian and Sri Lankan pools are resampled. Third,
one positive and one negative candidate are sam-
pled when possible. Fourth, with probability 0.10
for Chinese items, text after a downside contrast
marker is removed to create a core-action view.
This last transformation targets a development fail-
ure in which severe consequence language domi-
nated the exact value fit. The original option re-
mains present in the other 90% of views.

3.5 Optimization
We inject rank-8 LoRA modules into the q, k, v,
o, gate, up, and down projections of all language-
model layers. Alpha is 16 and dropout is 0.05.
We train for two epochs with micro-batch size 2,
gradient accumulation 8, maximum length 1,536,
and bfloat16 precision. AdamW uses learning rate
10−4, weight decay 0.01, 5% warmup, cosine de-
cay, and gradient clipping at 1.0. The run has 298
optimizer steps and seed 2026.

Training on one NVIDIA A100 80GB took 32
minutes 25 seconds. Scoring all 5,475 test items
(20,306 candidate prompts) took 14 minutes 51
seconds on the same GPU.

4 Track 2 Systems

4.1 GPT-5.4 Prompting
The open-track experiments use openai.gpt-5.4
through an OpenAI-compatible commercial end-
point. Each run uses that one model and one ver-
sioned prompt configuration for all three datasets.
No outputs from different models or prompt ver-
sions are combined. The prompt includes the na-
tive and English value labels, scenario, question,
all competing options, shared decision rules, and

language-specific guidance within the same con-
figuration. It requires the valid task label and a
structured justification that evaluates the selected
and rejected options. For Sri Lankan items, it re-
quires independent judgments of statements A and
B before mapping them to A, B, Both, or 0.

We use temperature 0, reasoning mode, a maxi-
mum of 700 completion tokens, and JSON output.
Four prompt stages are evaluated. Version 1 es-
tablishes shared instructions; v2 adds task exam-
ples and clearer value grounding; v3 adds rules
derived from Chinese development errors; and v5
refines the independent Sri Lankan A/B decision.
We perform no GPT-5.4 fine-tuning. Reasoning is
retained in experiment logs but removed from the
submission JSONL.

4.2 Final Open-Track Selection

The strongest GPT-5.4 variants reach 0.795 macro
accuracy. Because Track 2 permits an eligible
Track 1 system and the preference-trained Gemma
system reaches 0.808, we select that system for the
final open-track submission. Its model, prompt, in-
ference code, and predictions are identical to the
Track 1 submission; GPT and Gemma outputs are
never aggregated.

5 Experiments

5.1 Development Protocol

We assign five deterministic folds. Chinese folds
are stratified so each fine-grained value leaf con-
tributes one held-out item per fold; the other
datasets are grouped by value and accepted-label
signature. Each out-of-fold prediction is produced
by a model that did not train on that row.

Sri Lankan thresholds can otherwise leak held-
out labels. Our strict estimate therefore selects a
threshold for each fold using only the other four
folds. For Indonesian reporting, we recompute cor-
rectness using the official top-frequency consen-
sus rule. This is important because the broader
any-annotator-positive proxy used during training
and early analysis is optimistic.

In the result tables, ZH, ID, and SI denote the
Chinese, Indonesian, and Sri Lankan datasets, re-
spectively.

Table 2 compares the final preference method
with our strongest recorded prompt-only develop-
ment baseline. Candidate learning adds eight Chi-
nese points and 2.6 macro points. The strict de-
velopment macro estimate (0.806) is close to the
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System ZH ID SI Macro

Prompt v20 .715 .699 .926 .780
Preference OOF .795 .702 .921 .806

∆ +.080 +.003 -.005 +.026

Table 2: Development accuracy under official consen-
sus semantics. The Sri Lankan preference result uses
cross-fitted thresholds.

Track System ZH ID SI Macro

1 Prompt v20† .724 .688 .950 .787
1, 2 Final preference∗ .788 .683 .954 .808
2 GPT-5.4 v1† .632 .689 .951 .757
2 GPT-5.4 v2† .651 .681 .942 .758
2 GPT-5.4 v3† .752 .681 .951 .795
2 GPT-5.4 v5† .760 .665 .960 .795

Table 3: Final results and leaderboard development
history. ∗Official final submission; †development-
stage leaderboard observation. Each row independently
uses one model and one prompt configuration for all
datasets.

hidden result (0.808), although country-level gen-
eralization differs.

An early pooled analysis accepted every Indone-
sian option receiving any annotator vote and se-
lected one Sri Lankan threshold on all OOF scores.
It gave 0.795/0.926/0.936 (macro 0.886). We do
not present that number as official accuracy. In
particular, the 22.4-point Indonesian gap between
the any-vote proxy and consensus accuracy quan-
tifies the objective mismatch.

5.2 Hidden Evaluation
Table 3 shows that the final candidate-based sys-
tem improves macro accuracy from 0.787 to
0.808. The gain is concentrated in Chinese (+6.4
points), while Sri Lankan performance remains
high and Indonesian decreases slightly. Prompt
variants were iterated with development analysis
and leaderboard feedback; the GPT scores and
prompt-v20 comparison should therefore be read
as system-development history rather than con-
trolled test-set ablations. The official final leader-
board ranks the 0.808 preference system first in
both Track 1 and Track 2 (PlurVA-LLM 2026 Or-
ganizers, 2026).

6 Analysis and Discussion

Why Chinese improves. Chinese options fre-
quently combine a value-relevant action with retal-
iation, privacy, livelihood, or safety costs. Prompt-

only models alternated between over-caution and
over-correction toward dramatic institutional ac-
tion. The candidate objective requires each op-
tion to be compared against the exact value and
against competing actions; position permutation
and the core-action view are intended to reduce re-
liance on surface risk intensity. In paired devel-
opment analysis against prompt v20, preference
OOF predictions corrected 129 Chinese items and
regressed on 66, a net gain of 63 (two-sided ex-
act McNemar p = 7.6 × 10−6). Net gains oc-
cur in Social Order (+49), Survival Support (+7),
and Civilization and Progress (+7). For example,
on a Personal Safety item, the prompt baseline
chose covert recording followed by confrontation;
the preference model instead chose to leave under
a pretext while sending a coded request for help,
matching the gold option. These paired results es-
tablish a robust association, but do not isolate the
contribution of the ranking loss, balancing, permu-
tation, or core-action augmentation.

Why Indonesian remains difficult. The devel-
opment file contains five raw annotator choices,
but official scoring uses only maximum-frequency
consensus. Treating every observed choice as a
positive teaches recall of minority-acceptable re-
sponses rather than selection of the modal social
judgment. This target came from our initial inter-
pretation of the raw vote list and was retained in
the frozen final training run; recomputation under
the official consensus rule exposed the mismatch.
This design produces a high any-vote proxy but
only 0.702 consensus OOF accuracy and 0.683
hidden accuracy. A future system should train
with vote counts, for example through soft targets
or a listwise distributional loss, while preserving
ties at the maximum frequency.

Sri Lankan calibration. Independent A/B scor-
ing naturally represents all four labels and trans-
fers well. Remaining errors are concentrated near
the acceptance threshold, especially Both versus
a single accepted statement. The cross-fitted esti-
mate is lower than the pooled-threshold estimate,
illustrating why threshold selection must be sepa-
rated from held-out evaluation.

Pluralism versus label matching. The task
evaluates agreement with country-specific anno-
tations, not whether a model captures all views
within a country. This distinction is especially
visible in Indonesian vote distributions. Country-
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aware prompts should be understood as condition-
ing on the benchmark context, not as claims that a
country has one homogeneous value system.

Compact preference learning versus closed-
model prompting. GPT-5.4 prompting substan-
tially improves Chinese accuracy from v1 to v3,
but the best GPT macro score remains 1.3 points
below preference-trained Gemma. The closed
model provides a Chinese–Sri Lankan trade-off
across v3 and v5, whereas Indonesian accuracy re-
mains below the strict development estimate for
the preference system. These observed scores
suggest that task-specific learning from anno-
tated preferences can remain competitive when a
stronger general-purpose model is permitted; be-
cause prompt versions were selected with leader-
board feedback, this is not a controlled model com-
parison.

6.1 Reproducibility

The submitted materials contain the exact 69.8MB
adapter, its configuration and checksum, the ver-
sioned prompts, training and inference code, de-
pendency versions, fold-level scores, and submis-
sion validators. The Gemma inference script loads
the pinned base revision, merges 258 LoRA mod-
ules, asserts the final parameter count, scores
all candidates, and creates the required JSONL
archive. The Track 2 code also includes the GPT-
5.4 client, prompts v3 and v5, fixed decoding
settings, and credential-free launch scripts. End-
point credentials are supplied only through envi-
ronment variables. Reproducing the final Track 2
result invokes the same included Gemma system
as Track 1. All documented paths and commands
are repository-relative.

7 Conclusion

We presented Modgenix systems for both shared-
task tracks. The resulting binary candidate system
substantially improves Chinese accuracy while
preserving strong Sri Lankan performance. The
resulting single 7.94B-parameter model achieves
0.808 hidden macro accuracy and ranks first
in both tracks, outperforming our best GPT-5.4
prompt-only run at 0.795. The analysis identifies
a concrete next step: align Indonesian training tar-
gets with consensus vote frequencies rather than
collapsing all observed votes into binary accep-
tance.

Limitations

The development sets are small, particularly for
Sri Lankan threshold selection. Repeated leader-
board experiments during prompt development
create a risk of adaptive overfitting, so hidden
prompt comparisons are not controlled ablations.
The Chinese core-action transformation assumes
that removing a downside clause preserves the la-
beled action; this is plausible for the target er-
ror pattern but may alter nuance. The Indone-
sian binary target discards vote frequency and is
mismatched to official consensus, as quantified
in our analysis. We evaluate one model family
and one random seed, and do not report statisti-
cal significance or calibration beyond accuracy. Fi-
nally, benchmark agreement cannot establish nor-
mative correctness or represent all value perspec-
tives within China, Indonesia, or Sri Lanka. The
GPT-5.4 experiments depend on a hosted model
whose implementation may change, so exact long-
term reproduction requires provider-side version
stability. Their hidden-set scores were observed
during system development and are not controlled
ablations.

Ethical Considerations

The system learns from human-annotated, cultur-
ally situated judgments. Such labels should not
be used to essentialize national or cultural groups,
and the model should not be interpreted as an au-
thority on moral decisions. We use only the re-
leased shared-task data and do not introduce per-
sonal data. The method’s errors could reinforce
majority views while suppressing minority prefer-
ences; the Indonesian analysis demonstrates this
tension directly.
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