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Abstract

Aligning LLMs in low-resource multilingual
settings faces a fundamental reward bottle-
neck: scalar rewards lack cultural generaliza-
tion, while unstructured critiques remain noisy
and unverifiable. To bridge this gap, we intro-
duce a Structured Multilingual Reward Mod-
eling Framework that extends Reinforcement
Learning with Verifiable Rewards (RLVR) to
subjective and open-ended tasks. The frame-
work unifies three core components to trans-
form abstract quality into concrete supervision:
(1) a Structured Checklist Schema decompos-
ing evaluation into granular universal reasoning
steps and task-specific criteria; (2) Structured
Generative Critique Modeling, which produces
rubric-aligned critiques with grounded justifi-
cations; and (3) Adaptive Multilingual Reward
Optimization, integrating reasoning quality and
language consistency into a verifiable objective.
We integrate this framework into a bootstrapped
Group Relative Policy Optimization pipeline,
augmented by length-aware normalization and
variance stabilization to ensure stability. Exten-
sive experiments on a newly constructed suite
covering 7 subjective task categories across
50 low-resource languages demonstrate that
this checklist-driven approach yields substan-
tial improvements in reasoning capability and
response quality, particularly in settings where
traditional reward models exhibit significant
degradation. We publicly release our models
and the corresponding evaluation benchmark to
facilitate further research. Our code is available
at https://github.com/Shajiu/SGCM.

1 Introduction

Reinforcement learning from human or Al feed-
back has emerged as the dominant paradigm for
aligning Large Language Models (LLMs) (Lu-
ong et al., 2024; Lambert et al., 2024). However,
its effectiveness is strictly constrained by reward
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model reliability, a limitation pronounced in low-
resource multilingual settings (Zhou et al., 2025).
Specifically, scalar reward models (Liu et al., 2024)
collapse complex criteria into opaque numerical
scores that generalize poorly across cultures, while
unstructured generative critiques (Zhang et al.,
2024) are often noisy, inconsistent, and difficult
to verify. Furthermore, while rule-based verifi-
cation excels in objective domains like math, it
fails to generalize to subjective tasks, and exist-
ing LLM-as-a-judge approaches (Desmond et al.,
2025) frequently suffer from hallucinations and cul-
tural biases in low-resource contexts (Prabhudesai
et al., 2025; Zhang et al., 2025a).

To address these limitations, we introduce a
Structured Multilingual Reward Modeling Frame-
work that synergistically combines the verifiability
of rule-based systems with the flexibility of model-
based judges. Our approach extends Reinforce-
ment Learning with Verifiable Rewards (RLVR)
to subjective and open-ended tasks, enabling reli-
able reward modeling in low-resource multilingual
settings. The framework unifies three core com-
ponents to transform abstract quality into concrete
supervision: (1) A Structured Checklist Schema
that decomposes subjective evaluation into gran-
ular, universal reasoning steps and task-specific
answer criteria. (2) Structured Generative Cri-
tique Modeling (SGCM), which generates rubric-
aligned critiques with grounded justifications and
per-dimension scores, reducing the hallucination
risks of free-form judges. (3) Adaptive Multi-
lingual Reward Optimization (AMRO), a rubric-
grounded objective function that integrates reason-
ing quality, answer accuracy, and language consis-
tency.

Existing RLVR assumes that reward verifica-
tion is deterministic, task-grounded, and largely
language-independent. Subjective multilingual
generation violates all three assumptions simulta-
neously: correctness is no longer executable, eval-
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uation criteria become culturally mediated, and
reward semantics drift across languages. There-
fore, the challenge is not merely to score outputs
better, but to transform subjective evaluation into
structured signals that remain verifiable enough for
stable RL.

We validate this framework by constructing a
comprehensive training and evaluation suite cov-
ering 7 subjective task categories across 50 low-
resource languages. This dataset provides the
necessary supervision for structured reward learn-
ing, enabling us to integrate the framework into
a bootstrapped Group Relative Policy Optimiza-
tion (GRPO) pipeline. To address the practical
instability inherent in low-resource Reinforcement
Learning(RL), we incorporate three targeted opti-
mizations: length-aware loss normalization, non-
zero reward variance maintenance, and reward vari-
ance stabilization. Ultimately, this design allows
the model to serve simultaneously as both policy
and critic. Extensive experiments demonstrate that
this checklist-driven approach yields substantial
improvements in reasoning capability and response
quality, particularly in extremely low-resource set-
tings where traditional reward models exhibit sig-
nificant degradation. Our contributions are three-
fold:

(1) We propose a Structured Multilingual Re-
ward Modeling Framework that extends RLVR
to subjective and open-ended tasks. By unifying
a checklist schema, generative critique modeling,
and adaptive optimization, we bridge the gap be-
tween structured, auditable reward signals and flex-
ible judges.

(2) We construct and release a comprehensive cri-
tique dataset covering 50 low-resource languages
and 7 subjective task categories. This resource
provides granular, checklist-aligned supervision,
addressing the scarcity of structured evaluation sig-
nals in multilingual settings.

(3) We integrate our framework into a boot-
strapped GRPO pipeline with targeted stability op-
timizations. Experiments demonstrate substantial
improvements in reasoning and generation quality,
particularly in extremely low-resource languages
where traditional reward models exhibit significant
degradation.

2 Related Work

2.1 Reward Verification Gap

Scalar (Ma et al., 2025) and generative (Zhang
et al., 2024) paradigms, including hybrids (Zhang
et al., 2025b), face a reward bottleneck: verifica-
tion is limited to objective domains, while judges
hallucinate in non-English settings due to miss-
ing structural constraints. We introduce SGCM to
bridge this gap, employing a checklist schema to
provide structured and auditable reward signals for
subjective tasks.

2.2 Low-Resource Multilingual Alignment

Low-resource alignment suffers from cross-lingual
reward drift (Hwang et al., 2025), while existing
benchmarks lack unified rubrics suitable for stable
RL (Que et al., 2024; Zhang et al., 2025c). To ad-
dress this lack of verifiable signals, we construct a
50-language unified suite enabling AMRO to en-
force consistent cross-lingual quality.

2.3 Structured Verifiable Rewards

Process supervision enables RLVR for objective
tasks (Wei et al., 2022; Pyatkin et al., 2025) but
struggles in subjective scenarios. While Magistral
(Rastogi et al., 2025) shows RL-induced reason-
ing, it lacks explicit structural constraints. We ad-
vance RLVR via a Structured Checklist Schema
that transforms abstract assessments into granular
checkpoints, providing the ground truth to stabilize
subjective, multilingual RL.

While these lines of work have each addressed
part of the alignment problem, none simultaneously
provides (i) verifiable supervision for subjective
tasks, (i1) robustness in low-resource multilingual
settings, and (iii) reward signals suitable for sta-
ble RL optimization. To clarify this distinction,
Table 1 summarizes the differences between stan-
dard RLHF-style scalar rewards, free-form LL.M-
as-a-judge approaches, objective RLVR, and our
structured subjective RLVR framework.

3 Structured Multilingual Reward
Modeling Framework

As illustrated in Fig 1, our Structured Multilingual
Reward Modeling Framework supports more reli-
able alignment through three unified components:

(1) A Structured Checklist Schema provid-
ing language-agnostic evaluation dimensions; (2)
SGCM, which generates evidence-grounded cri-
tiques and scores; and (3) AMRO, which synthe-
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Table 1: Comparison of major reward paradigms for alignment. Our method differs from prior work by supporting
subjective evaluation, multilingual robustness, process-level grounding, and stable RL through structured critique.

Paradigm Verifiable? Subjective Tasks? Multilingual Robustness? Process-Level Grounding? Usable for Stable RL?
Scalar reward model (RLHF/RLAIF style) Low Partial Low No Partial
Free-form generative judge (LLM-as-a-judge) Low Yes Low Partial Unstable
Objective RLVR High No Partial Yes Yes

Our structured subjective RLVR High Yes High Yes Yes

sizes these signals into stable reward targets. Our
goal is not to make subjective evaluation fully
objective, but to make it sufficiently structured,
grounded, and reliability-aware so that it can serve
as a stable reward source for RL.

3.1 Structured Checklist Schema

Our framework unifies reasoning and answer
evaluation through a structured checklist schema.
Formally, a checklist is defined as K =
{(dy, wg) }<_,, where dj, denotes an evaluation di-
mension and wy, its associated weight. Rather than
serving as a prompting device, the checklist func-
tions as an evaluation interface that maps abstract
notions of quality into decomposable, weighted
dimensions. This checklist-based evaluation in-
terface is inspired by prior checklist-style HelloE-
val in HelloBench (Que et al., 2024) frameworks,
but is redesigned for multilingual reward modeling
rather than post-hoc long-form generation assess-
ment. This design separates universal reasoning
dimensions from task-instantiated answer dimen-
sions, allowing the same evaluation structure to be
reused across languages while remaining adaptable
to different task requirements. We instantiate this
structure for two distinct levels: task-specific an-
swer checklists instantiate K with dimensions tar-
geting semantic validity and task fulfillment, while
the universal reasoning checklist instantiates the
same structure with dimensions capturing coher-
ence, correctness, error detection, and conciseness
in the chain of thought. Detailed designs are pro-
vided in Appendix D. By standardizing these crite-
ria, the schema serves as a language-agnostic foun-
dation for SGCM and AMRO, enabling structured
and consistent evaluation across all tasks.

3.2 Structured Generative Critique Modeling

SGCM operationalizes evaluation using the struc-
tured checklist schema introduced earlier. Given
an input query ¢, the model generates a reasoning
trace t and a final answer ¥, and SGCM evaluates
the tuple (g,t,y) by producing a structured cri-
tique aligned with the instantiated checklist (either

task-specific or reasoning-level). For a checklist /C,
SGCM generates a critique:

¢ = {(dr, exs 5t) H1s
where ey, is a concise justification grounded in ob-
servable evidence from (¢, t,y), and s; € [0, 1] is
the score assigned to dimension d.

Each entry follows a controlled template, ensur-
ing that explanations remain traceable to specific
elements of the reasoning trace or final answer.
This structure significantly mitigates hallucinated
or vague feedback typical of free-form judges.

SGCM is trained on human structured critiques
(see Appendix C) to ground evaluations in observ-
able evidence for factuality, task completion, and
reasoning. By coupling scores with justifications,
it improves interpretability and auditability. Unlike
prompt-engineered judges, SGCM produces trace-
able, decomposable signals aligned with a fixed
schema, providing reliable and reusable supervi-
sion for AMRO rather than one-off judgments.

3.3 Adaptive Multilingual Reward
Optimization

AMRO converts the soft, per-dimension scores by
SGCM, with multilingual and task-level signals,
into stable reward targets for RL. AMRO aggre-
gates four components: language consistency, task
recognition, reasoning-level structure, and answer-
level structure.

3.3.1 Language Consistency Reward

Multilingual settings often suffer from cross-
language drift, especially in low-resource lan-
guages where the model tends to revert to English.
To encourage linguistic alignment, AMRO applies
a language-consistency reward

riang = I[f(y) = 4],
where / is the expected output language inferred
from the query and f(-) is a language identifica-
tion function. In practice, we run three language
identification tools, Google Translate,” langid (Lui
and Baldwin, 2012), and FastText (Joulin et al.,

"https://translate.google.com
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Figure 1: Schematic illustration of the Structured Multilingual Reward Modeling Framework. Highlights how
structured critique bridges subjective evaluation and verifiable RL signals.

2016), on both the reasoning trace and the final
answer, compare their confidence scores, and use
the most confident prediction as the final language
label. This ensemble improves robustness for low-
resource languages.

3.3.2 Task Recognition Reward

Since SGCM relies on task-dependent checklists,
the policy must identify the correct task category.
AMRO introduces a task recognition reward
Ttask = H[% = 7-}7

where 7 and 7 are the ground-truth and predicted
task labels. Using 7, the policy selects a schema
checklist to drive structured evaluation. We in-
tegrate task identification into reasoning to con-

dition the chain-of-thought on the task type (see
Appendix D).

3.3.3 Checklist-Based Structural Reward.

Checklist-Based Structural Reward provides a uni-
fied, interpretable signal for both the reasoning
process and the final answer. AMRO applies a
shared variance-aware smoothing strategy to both
components.

Reasoning Process Reward. Given SGCM-
generated reasoning scores §; € [0, 1] with weights
w;, the base reasoning reward is

m
T'reason = E 'lf)jéj-
J=1

To reduce the influence of noisy or inconsistent sub-
scores, we apply variance-based smoothing. Let

Oreason denote the standard deviation of the reason-
ing subscores. The smoothed reward is

Treason = ’Y(Ureason) T'reason
where (o) is a continuous down-weighting func-
tion that suppresses high-variance signals without
resorting to discrete filtering.
Final Answer Reward. For the final answer,
SGCM provides per-dimension scores s; € [0, 1]
with weights w;, yielding

n
Tanswer = E W; Sj.
i=1

Similarly, with oapswer denoting the standard devi-
ation of the answer-level subscores, we obtain a
smoothed answer reward

Tanswer — 'V(O'answer) Tanswer-

3.3.4 Final Reward Integration.

The overall multilingual reward is defined as:

R = /\4rlang+)\1Ttask"‘/\2freason+)\3Fanswer_pinvalid
where A1, Ao, A3, and )4 are tunable coeffi-
cients controlling the relative contributions of
language-consistency, task-level, reasoning-level,
and answer-level rewards. The penalty term pipyatid
applies a deterministic deduction to structurally
invalid outputs, such as missing reasoning traces,
malformed formats, or violations of task-specific
structural requirements. AMRO therefore unifies
structural critique, multilingual consistency, and
task-recognition signals into a single reward for
RL, yielding more informative and stable supervi-
sion across diverse languages, especially in low-
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resource settings.

4 Dataset Construction

To support structured reward modeling across 50
languages, we constructed a large-scale supervised
dataset spanning 7 subjective task families aligned
with distinct cognitive types (see Appendix E).

Figure 2: Data distributions of all subtasks across the
seven task categories, which jointly cover the cognitive
spectrum and are instantiated in all 50 languages with
tailored prompts and language-specific annotations.

4.1 Task Framework and Multilingual
Collection

To systematically construct the capability frame-
work of LLMs in low-resource multilingual set-
tings, we draw on Bloom’s taxonomy (Bloom,
2010; Que et al., 2024), which organizes cognitive
processes into six levels: Remember, Understand,
Apply, Analyze, Evaluate, and Creat. Guided by
this framework, we design representative tasks for
each level to strengthen general and task-specific
competencies across under-resourced languages.
For Remember, we introduce Open-Ended Ques-
tion Answering (OEQA) to promote factual re-
trieval and semantic memory. For Understand, we
employ Summarization (Summ) to assess compre-
hension of multilingual, cross-domain content. For
Apply, we curate Chat-based Dialogue (Chat) tasks
covering daily conversation, task-oriented interac-
tion, and role-playing scenarios, thereby improv-
ing contextual consistency and instruction follow-
ing. For Analyze, we construct Text Completion
(TC) and Natural Language Inference (NLI) tasks,
which require contextual inference, structural com-
pletion, and causal reasoning. To enhance Evaluate,

we build a CheckList-based (answer) and Multi-
scale (thinking) Comprehensive Critique (CC) task
(Zheng et al., 2023; Tao et al., 2025), enabling
structured self-evaluation and refinement in low-
resource languages. For Create, we implement
Heuristic Text Generation (HTG) tasks that encour-
age original, contextually appropriate long-form
generation from open-ended prompts. We select
the most representative task for each level and lan-
guage to ensure clear training objectives and ef-
fective capability enhancement. Data collection
follows a three-stage pipeline: (1) curating het-
erogeneous content from web sources and region-
specific repositories; (2) filtering with ensemble
language detection (fastText, CLD3) and strict PII
removal; and (3) instantiating tasks across 50 lan-
guages with culturally appropriate prompts. This
process yields a high-quality multilingual corpus
that forms the basis of our structured annotations.

4.2 Structured Critique Annotation

We implemented an annotation scheme to train the
SGCM. Query-response pairs were generated us-
ing state-of-the-art LLMs, followed by a two-level
critique annotation process performed by native
experts: (1) Universal Reasoning Supervision: Ex-
perts evaluated thinking traces using a universal rea-
soning checklist. To support AMRO, we collected
dimension-wise scores (discretized to avoid spar-
sity) and grounded justifications linked to trace seg-
ments. (2) Task-Specific Answer Supervision: Fi-
nal answers were evaluated against task-dependent
checklists (e.g., factual grounding for QA vs. cre-
ativity for Generation). (3) Standardized Templates:
To ensure cross-lingual consistency, expert justifi-
cations were distilled into multilingual templates,
validated through cross-lingual auditing.

4.3 Scale and Statistics

The final corpus is partitioned into Supervised Fine-
Tuning (SFT), RL optimization, and Evaluation
sets. As shown in Figure 2 and detailed in Table 7,
the dataset features scale and diversity: (1) Anno-
tated Critiques: We collected approximately 690k
structured samples, comprising 240k reasoning-
level, 300k answer-level, and 150k joint annota-
tions. (2) RL Pre-training Data: The corpus in-
cludes 3.93M unlabeled multilingual prompts and
responses for policy optimization. Rigorous qual-
ity control, including inter-annotator agreement
checks and distribution balancing, was applied to
ensure reliability across all 50 languages.
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5 Experiments

5.1 Training Pipeline

Our training pipeline progresses through two
stages: supervised initialization followed by itera-
tive RL.

Stage 1: Structured SFT. We first equip the model
with structured critique capabilities. The model is
supervised using the checklist-annotated dataset
(containing thinking and answer-level critiques)
mixed with standard multilingual corpora. This
prevents overfitting to evaluative behaviors while
initializing a robust reward model capable of gen-
erating rubric-aligned justifications across all lan-
guages (see Appendix F).

Stage 2: Bootstrapped GRPO. We subse-
quently employ GRPO (Shao et al., 2024) in a
self-reinforcing loop: the policy generates rea-
soning traces and answers, evaluates itself via
SGCM/AMRO, and updates based on these self-
generated rewards. To address instability in low-
resource multilingual settings, we introduce three
targeted optimizations:

(1) Length-Aware Loss Normalization: Since
token counts vary dramatically across languages,
we normalize token-level losses by the total gen-
erated length within each group. This prevents
length-induced optimization bias and ensures fair
cross-lingual learning (Appendix G).

(2) Non-Zero Reward Variance Maintenance:
To prevent gradient collapse when all group re-
sponses receive identical scores, we employ a bal-
anced sampling strategy. By ensuring a mix of
correct and incorrect reasoning/answers within a
group, we guarantee o, > 0 and prevent the dis-

carding of difficult prompts (Appendix B).

(3) Variance Stabilization: To mitigate numeri-
cal instability in large response groups, we estimate
the standard deviation ¢ from a fixed-size random
subset rather than the full group. This preserves
the benefits of normalization while ensuring robust
variance estimation.

These modifications maintain GRPO’s simplic-
ity while significantly enhancing stability for
reasoning-intensive multilingual tasks.

5.2 Evaluation Datasets

5.2.1 Low-Resource Multilingual Benchmark

We develop a comprehensive evaluation suite
targeting low-resource scenarios across 50 lan-
guages and 9 domains, with distributions shown
in Fig. 3. Multi-50L-5C-Bench comprises 2,500
human-curated samples spanning 7 cognitively mo-
tivated task categories, organized into 7 coarse
and 45 fine-grained categories, while Multi-50L-
Safety-Bench evaluates robustness through jail-
breaking and hallucination detection. All samples
are validated by native speakers to ensure linguistic
fluency and reliability. To reduce contamination
risk, both benchmarks are constructed from region-
specific repositories, non-English web corpora, and
post-2024 sources that postdate the pretraining re-
leases of LLaMA-3.1 and Qwen2.5; we further
enforce non-overlap using exact-match, 13-gram,
and embedding-similarity filtering, yielding less
than 0.18% exact duplication.

5.2.2 Open Benchmark

To verify generalization, we evaluate our model on
mainstream benchmarks covering reasoning, under-
standing, and math across high-resource languages.
General Tasks: Includes MMLU (Hendrycks
et al.,, 2021), MMLU-Pro (TIGER-Lab, 2024),
MMLU-Redux (Gema et al., 2024), BBH (Suzgun
et al., 2022), ARC-C (Clark et al., 2018), Truth-
ful QA (Lin et al., 2022), Winogrande (ai2, 2019),
and HellaSwag (Zellers et al., 2019). Multilin-
gual Tasks: (1) Exams: Translated-MMLU (Chen
et al., 2023), IndoMMLU (Koto et al., 2023); (2)
Understanding: XCOPA (Edoardo M. Ponti and
Korhonen, 2020), XWinograd (Muennighoff et al.,
2022); (3) Math: MGSM (Shi et al., 2022); (4)
Translation: Flores-101 (Goyal et al., 2021). The
evaluated languages are detailed in Appendix H.
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5.3 Evaluation Metrics

Multi-50L-5C-Bench We employ the LLM-as-a-
Judge framework (Zheng et al., 2023) for subjec-
tive understanding and generation tasks. To address
the high cost and inconsistency of human evalua-
tion, we adopt a verifiable reward-function strategy
(Appendix I) and conduct a GSB consistency anal-
ysis with professional human reviewers. Although
our SGCM-based judge shows strong agreement
with human judgments, it is involved in the train-
ing pipeline and may therefore raise concerns about
evaluation bias if reused as the sole evaluator. To
ensure a more objective and fair assessment, we
use two independent external judge models, GPT-5
(high) and Gemini-2.5-Pro, for final evaluation, and
report the average of their scores as the main met-
ric for subjective tasks. Multi-50L-Safety-Bench
Given the objective nature of safety tasks, we adopt
Accuracy as the primary metric. Open Benchmark
We strictly adhere to the official evaluation proto-
cols and metric definitions specified by each respec-
tive benchmark to ensure fair comparison.

5.4 Baselines

We compare our method against a diverse range of
open-source and proprietary models. Open-source
models include RM-R1, RLOO (Su et al., 2025),
Mistral-7B-v0.3 (Albert Q. Jiang, 2023), GLM-4-
9B (GLM et al., 2024), Phi-3.5-MoE (Abdin et al.,
2024), LLaMA-3.1-8B (Dubey et al., 2024), and
Qwen2.5-7B-Instruct (Team et al., 2024). Pro-
prietary APIs include Doubao-Seed-1.6 (Team,
2025), Qwen3-Max (Yang et al., 2025), DeepSeek-
V3.2-Exp (DeepSeek-Al, 2024), GLM-4.6 (GLM
et al., 2024), Gemini-2.5-Pro (Comanici et al.,
2025), Claude-Sonnet-4.5 (Anthropic, 2025), and
GPT-5 (Achiam et al., 2023). We also include a
compute-matched Continued SFT (CSFT) baseline
to isolate the gains of RL from additional training
compute.

5.5 Implementation Details

We use LLaMA-3.1-8B-Instruct (English-
centricy and Qwen2.5-7B-Instruct  (Mul-
tilingual) as base models with the RI1

<think>...</think><answer>...</answer>
template (Liu et al., 2025), where <answer> con-
tains the final response. SFT baselines are trained
until convergence, while RL models are optimized
for 500 steps. We use Adam (Ir = 1le — 6) on 32
NVIDIA H800 GPUs; full details in Appendix J.

5.6 Main Results

5.6.1 Low-Resource Benchmark Results

Multi-50L-Bench Results: As shown in Table 2,
our approach consistently outperforms open-source
baselines and rivals proprietary APIs. For the
Qwen2.5-7B-Instruct series, average scores im-
prove from 15.92 (base) to 34.84 (SFT) and 47.11
(RL), demonstrating a strong cross-task enhance-
ment. Notably, our models surpass GPT-5 in
CC, ODQA, and Summ. In the challenging HTG
task, our model reaches 49.48, nearly matching
GPT-5, which indicates that structured rewards
are highly effective for logical consistency and
global planning in complex generation. When strat-
ifying the 50 languages into High, Medium, and
Low-resource tiers based on training corpus size,
our method achieves the most pronounced rela-
tive gains in the Low-resource tier, confirming the
robustness of structured checklists against cross-
lingual drift (detailed breakdown in Appendix K).

(1) Synergy between SFT and RL. Our analysis
reveals complementary roles: SFT establishes foun-
dational instruction-following and cross-lingual for-
matting, while RL, guided by multi-dimensional
structured rewards, provides a second-stage sys-
tematic alignment. While SFT-only models often
struggle with out-of-distribution generalization, RL
enhances underlying reasoning abilities and logi-
cal rigor. Compared to a compute-matched CSFT
baseline, our SFT+RL pipeline still yields a 10%
improvement, proving the efficacy of structured
rewards over mere additional training. Crucially,
SFT stabilizes the output space, allowing RL to
focus on refining the reasoning trajectory rather
than correcting formatting irregularities (Chu et al.,
2025a).

(2) Architecture and Pretraining Priors.
Qwen2.5-7B-Instruct based models outperform
LLaMA-3.1-8B-Instruct counterparts, likely due to
Qwen’s broader multilingual pretraining coverage.
Theoretically, pretraining provides a multilingual
representation prior, while our RL with structured
rewards performs cross-lingual process alignment
on top of it. This synergy enables an 7B-scale
model to approach or even surpass much larger
proprietary models in multilingual reasoning.

(3) Process-Level Supervision. We observe that
answer-only rewards improve surface quality but
fail to stabilize reasoning trajectories in HTG and
Summ, leading to brittle gains. In contrast, our
explicit process supervision reshapes the search

23448



Type Method NLI CC ODQA Summ Chat TC HTG Avg
RM-R1 436 032 26.62 1.68 132 1451 32.08 11.56
RLOO 832 0.77 38.12 1.01 1.04 974 347 892
Mistral-7B-Instruct-v0.3 8.05 048 39.91 0.26 1.04 1079 6.08 9.52
Open-Source  GLM-4-9B-0414 12.43 1.84 39.14 3.23 2.22 11.0  18.99 12.69
Phi-3.5-Moe 6.70 0.79 52.66 1.76 1.26 1.83 12.49  11.07
Llama-3.1-8B-Instruct 12.65 2.84 4437 5.86 203 297 1477 1221
Qwen2.5-7B-Instruct 1293  2.11 45.28 13.93 105 275 2397 1592
Doubao-Seed-1.6-thinking-250715  44.57  34.13 43.55 3459 3468 54.06 4699 41.79
Qwen3-Max 26.60 16.03 4922 9.85 266 4283 3421 2591
DeepSeek-V3.2-Exp-Thinking 33.05 2357 4251 1593 31.05 4551 3321 3212
API GLM-4.6 2250 1293 45.5 6.51 1.68 32.82 2821 2145
Gemini-2.5-Pro 36.94 2671 5149 2143 263 429 4575 3593
Claude-Sonnet-4.5-Reasoning 44.82 3425 61.12 28.89  30.62 48.97 3940 41.15
GPT-5(high) 49.81 3272  56.02 3142 4234 60.6 49.81 46.10
Llama-3.1-8B-Instruct+SFT 2220 1237 54091 16.08 17.88 13.80 25.06 23.18
Qwen2.5-7B-Instruct+SFT 33.98 23.76 62.82 3226 2613 2271 42,19 34.84
Our Llama-3.1-8B-Instruct+CSFT 2540 14.80  58.20 18.50  20.10 1590 2830 26.50
Qwen2.5-7B-Instruct+CSFT 35.12 2650 6530 3445 28.10 2520 4420 37.15
Llama-3.1-8B-Instruct+SFT+RL  40.89 31.13 7334  34.61 3325 32.37 43.82 41.34
Qwen2.5-7B-Instruct+SFT+RL 38.69 39.82 74.82 43.01 42.12 41.86 49.48 47.11

Table 2: Mainstream and proposed model performance on Multi-S0L-5C-Bench across 50 languages over seven
tasks (NLI, CC, ODQA, Summ, Chat, TC, and HTG), with Avg representing the mean of all task scores.

distribution toward coherent chains, effectively mit-
igating semantic drift in low-resource languages.
This confirms that process-level guidance is essen-
tial rather than optional, enabling our 7B model to
compete effectively with significantly larger propri-
etary systems.

Type Method Jailbreaking Hallucination
RM-R1 14.54 25.34
RLOO 18.66 26.95
Mistral-7B-Instruct-v0.3 22.00 32.76
Open-Source GLM-4-9B-0414 26.10 36.42
Phi-3.5-Moe 25.32 34.42
Llama-3.1-8B-Instruct 27.50 38.54
Qwen2.5-7B-Instruct 3243 42.21
Doubao-250715 63.00 76.00
Qwen3-Max 66.60 79.07
DeepSeek-V3.2 58.89 76.00
API GLM-4.6 50.50 58.95
Gemini-2.5-Pro 67.23 75.43
Claude-4.5 65.60 77.90
GPT-5 (high) 68.55 80.92
Llama-3.1-8B-Instruct+SFT 36.23 46.78
Qwen2.5-7B-Instruct+SFT 41.45 5291
Llama-3.1-8B-Instruct+CSFT 39.50 49.35
Qwen2.5-7B-Instruct+CSFT 45.80 57.60
Llama-3.1-8B-Instruct+SFT+RL 71.37 88.02
Qwen2.5-7B-Instruct+SFT+RL 82.31 91.67
Human Human Reference 89.93 93.34

Table 3: Evaluation on Multi-50L-Safety-Bench (Jail-
breaking, Hallucination), including Human reference
as the upper bound.

Multi-S0L-Safety-Bench Results: As shown in
Table 3, our methods exhibit a three-tier perfor-
mance structure, significantly narrowing the "safety
transfer gap" in low-resource settings. While open-
source models struggle with multilingual safety,
our SFT+RL models (82.31/91.67) not only sur-
pass all open-source and most API models but also

substantially narrow the gap to the human upper
bound (93.34). This demonstrates that at the 7B
scale, RL with structured safety rewards yields a
qualitative leap in safety capability compared to
the moderate gains from SFT alone.

(1) Complementarity of SFT and RL. We find
that SFT and RL are non-interchangeable: SFT en-
sures basic controllability by pulling outputs onto
a "safe track" and unifying instruction understand-
ing; whereas RL, guided by multi-dimensional re-
wards (harm detection, consistency), determines
the height and robustness of the safety boundary,
resulting in a 40-point jump. RL effectively com-
presses high-risk regions in the state space while
expanding preferences for safe response patterns.

(2) Reward-Driven Alignment. Qwen2.5-7B-
Instruct based models’ superiority (82.31vs77.37)
suggests broader pretraining provides a stronger
safety prior. Our rewards act as biased guidance
on this prior, aligning low-resource safety bound-
aries with high-resource standards through shared
structured dimensions. This suggests that explicit
multilingual reward design may be more impor-
tant for safety than model scale or English-centric
alignment in our setting.

(3) Process-Level Safety Reasoning. Crucially,
our RL design supervises the intermediate chain-
of-thought rather than just final outputs. By scor-
ing harm recognition and refusal justification, this
process-level reward reshapes the search distribu-
tion toward a "safe reasoning + safe conclusion”
joint structure. This mitigates safety degradation
from data sparsity, enabling our 7B models to main-
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Datasets Open-Source

API
Tl BT truct-y0.3 GLNIA-98-0413 Llama-3.1-8B-Tnsirucl Qwen2 5-7B-Tnsiruct [ GLVIL6 Gemini25-Pro Chande-Sonmet-4 S Reasoning CPTSigh) Liama-3.1 CSFT Qwen

Ours
CSFT Liama-3. SFT+RL SFT+RL

General Tasks

|

MMLU-Pro (5-shot) | 32.21 47.77 48.30 5725 [83.92 86.20 85.00 87.10 49.10 59.00 50.57 62.14
MMLU-redux(5-shot) | 59.10 69.88 67.20 7540 |87.36 88.23 93.12 94.29 68.10 76.80 69.54 80.09
BBH(3-shot) | 54.14 76.30 71.85 7192|5378 68.80 57.54 88.95 72.50 73.40 74.08 76.80
ARC-C(25-shot) | 59.73 66.81 60.48 67.15  |84.21 88.55 54.65 84.28 61.20 68.50 62.70 72.20
Truthful QA (0-shot) | 4541 43.66 61.69 6472 |79.56 89.54 61.19 82.81 62.50 66.20 64.13 69.06
‘Winogrand(5-shot) | 75.61 82.95 78.06 7553 [89.12 94.12 66.43 89.30 79.10 76.90 80.62 79.84
HellaSwa(10-shot) | 80.88 84.45 80.12 81.36  ]91.23 95.12 67.48 91.21 81.05 82.80 82.62 86.24
Multilingual Tasks

Translated MMLU(5-shot) | 48.45 72.28 58.47 69.08 9210 95.52 68.42 81.23 59.20 70.50 60.51 73.11
IndoMMLU(3-shout) | 44.56 54.09 53.92 5642 8991 90.44 62.89 76.83 54.80 58.10 56.02 61.05
XCOPA(5-shot) | 57.64 64.80 64.70 64.09 |84.54 86.19 58.94 84.17 65.50 65.20 66.77 68.28
XWinograd(5-shot) | 79.32 86.22 84.58 83.66 [89.60 87.93 59.47 96.21 85.20 84.80 86.27 87.95
MGSM(8-shot CoT) | 48.72 64.70 66.05 66.11 |87.71 84.10 94.30 92.80 66.90 67.80 68.27 70.98
Flores-101(5-shot) | 50.13 58.04 49.31 69.11 [92.12  88.38 89.54 95.78 50.10 71.00 51.40 74.28

Table 4: Open Benchmark results comparing open-source, proprietary (API), and our models.

Reward Model Conv 5C-Bench Safety-Bench Method 5C-B. Safe-B. Div. (%)
Qwen2.5-7B-Instruct Judge Collapse - - Baseline GRPO 39.40 75.84 28
GPT-5 (high) Judge Unstable 36.61 70.69 + Length-Aware Normalization 40.32 78.52 20
Gemini-2.5-Pro Judge Unstable 37.31 72.89 + Non-Zero Variance Only 41.60 79.16 18
SGCM+AMRO (Ours) Stable 47.11 86.99 + SD Stabilization Only 39.80 77.12 22

Full (All Three) 47.11 86.99 4

Table 5: Impact of reward modeling.

tain safety via internal reasoning templates and ri-
val much larger proprietary systems.

5.6.2 Open Benchmark Results

As shown in Table 4, our SFT+RL variants (avg.
8 runs) consistently outperform LLaMA-3.1-8B-
Instruct and Qwen2.5-7B-Instruct. On general
tasks, our models significantly narrow the gap
to proprietary systems. These gains are magni-
fied on multilingual benchmarks, where we sur-
pass all open-source baselines and even APIs like
Claude-Sonnet-4.5. Crucially, relative gains corre-
late with language coverage, indicating enhanced
cross-lingual reasoning rather than memorization.
Qwen2.5-based variants excel in low-resource set-
tings, suggesting our strategy effectively amplifies
Qwen’s linguistic priors for robust generalization.

5.7 Ablation Study

We conduct controlled ablations on Multi-50L-
5C-Bench and Multi-50L-Safety-Bench to eval-
uate component contributions. All experiments
use Qwen2.5-7B-Instruct with identical hyperpa-
rameters and R1-style prompting. We investigate:
(1) the necessity of our structured reward model
(SGCM+AMRO) for multilingual RL stability, and
(2) the impact of GRPO stabilization on establish-
ing multilingual foundational abilities.

5.7.1 Structured Reward Modeling

We compare our SGCM+AMRO against generative
judges. As shown in Table 5, three trends emerge:
(1) Standard judges fail to converge: RL with
the Qwen2.5-7B-Instruct based judge collapses af-
ter 130 steps due to reward inconsistency(see Ap-
pendix M). (2) Proprietary models yield unstable
gains: GPT-5 and Gemini suffer from oscillatory
updates, providing only marginal improvements

Table 6: GRPO stabilization effects on performance.

over SFT. (3) Structured rewards substantially im-
prove stability: Only SGCM+AMRO achieves
monotonic improvement by providing checklist-
grounded, variance-aware critique. This suggests
that structured, multidimensional signals are impor-
tant for stable multilingual RLVR.

5.7.2 GRPO Stabilization Strategies

We evaluate three GRPO components: (1) Length-
Aware Loss Normalization, (2) Non-Zero Reward
Variance (via balanced sampling), and (3) Standard
Deviation Stabilization. Tracking performance and
divergence across five seeds, Table 6 shows base-
line GRPO is unstable (28%). While individual
components improve stability, combining all three
yields optimal results boosting benchmark aver-
ages by over 10 points while cutting divergence to
4%. This suggests that the three components are
complementary for reliable multilingual RL in our
setting (See Appendix N).

6 Conclusion

We identify a major reward bottleneck in low-
resource multilingual alignment arising from the
trade-off between rule-based supervision and judge-
model rewards. To address this issue, we pro-
pose a Structured Multilingual Reward Model-
ing Framework that extends RLVR to open-ended
generation through a checklist schema, SGCM,
and AMRO, producing interpretable multidimen-
sional critique signals instead of brittle scalar re-
wards. Experiments show consistent gains in rea-
soning, reliability, and safety, especially in ex-
tremely low-resource languages, suggesting that
structured, rubric-grounded critique is important
for scalable multilingual RL.
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Limitations

Although our framework substantially improves
multilingual reward modeling and alignment, sev-
eral limitations remain. First, our critique annota-
tions, despite covering 50 languages, still depend
on LLM-generated samples and expert verification,
which may not fully capture the linguistic and cul-
tural nuance of extremely low-resource communi-
ties. Second, SGCM relies on structured checklists
whose quality is tied to expert-designed criteria;
extending these schemas to additional domains or
genres may require non-trivial human effort. Third,
AMRO focuses on text-only rewards, and its ap-
plicability to multimodal or speech-based multilin-
gual settings remains unexplored. Fourth, while our
GRPO enhancements improve optimization stabil-
ity, RL at scale is computationally expensive, limit-
ing experimentation with larger models or broader
hyperparameter sweeps. Finally, our evaluation
focuses primarily on reasoning, long-form gener-
ation, and safety; downstream applications such
as dialogue coherence, cross-lingual transfer, or
domain-specific alignment warrant further investi-
gation.

Although our checklist schema is designed to
be language-agnostic, it inevitably reflects human-
designed evaluation criteria. To mitigate cultural
bias, we enforce cross-lingual checklist consistency
via multilingual auditing and disagreement resolu-
tion among native experts from different cultural
backgrounds. Nevertheless, absolute cultural neu-
trality remains an open challenge.
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A Language Statistics and Data
Allocation for the Multilingual Corpus

ISO Language Family Train Test Usage(%)
zh  Chinese Sino-Tibetan 2591 11.09 16.00

en  English Indo-European 21.05 9.02 13.00

es Spanish Indo-European 11.34 4.86 7.00

hi Hindi Indo-European 9.72  4.16 6.00

ar Arabic Afro-Asiatic  7.77 3.33 4.80

bn  Bengali Indo-European 5.51 2.36 3.40

pt Portuguese
ru Russian

Indo-European 4.86  2.08 3.00
Indo-European 3.24  1.39 2.00

ja Japanese Japanic 2,59 1.11 1.60
fr French Indo-European 2.27 0.97 1.40
ur Urdu Indo-European 1.94 0.83 1.20

Austronesian  1.62  0.69 1.00
de  German Indo-European 1.62  0.69 1.00
ko Korean Isolate 1.46 0.62 0.90
vi Vietnamese Austroasiatic 1.30 0.56 0.80
ta Tamil Dravidian 1.13 049 0.70

id Indonesian

tr Turkish Turkic 097 042 0.60
fa Persian Indo-European 0.97 0.42 0.60
it Italian Indo-European 0.97 0.42 0.60
th Thai Kra-Dai 081 035 050
pl Polish Indo-European 0.65 0.28 0.40

uk  Ukrainian
my Burmese
ro Romanian

Indo-European 0.65 0.28 0.40
Sino-Tibetan 0.65 0.28 0.40
Indo-European 0.49  0.21 0.30

nl Dutch Indo-European 0.49 0.21 0.30
sv. Swedish Indo-European 0.49  0.21 0.30
he  Hebrew Afro-Asiatic 049  0.21 0.30
fi Finnish Uralic 032 0.14 0.20
hu  Hungarian Uralic 032 0.14 0.20
el Greek Indo-European 0.32  0.14 0.20

cs Czech
bg  Bulgarian
ca Catalan

Indo-European 0.32 0.14 0.20
Indo-European 0.16  0.07 0.10
Indo-European 0.16  0.07 0.10

ms  Malay Austronesian  0.16  0.07 0.10
tg Tajik Indo-European 0.16  0.07 0.10
ku  Kurdish Indo-European 0.16  0.07 0.10
ky  Kyrgyz Turkic 0.13  0.06 0.08
kk  Kazakh Turkic 0.11  0.05 0.07
uz  Uzbek Turkic 0.11  0.05 0.07
tk Turkmen Turkic 0.10 0.04 0.06
lo Lao Kra-Dai 0.08 0.03 0.05
km  Khmer Austroasiatic  0.08  0.03 0.05

Austronesian  0.08  0.03 0.05
Mongolic 0.06 0.03 0.04
ug  Uyghur Turkic 0.05 0.02 0.03
bo  Tibetan Sino-Tibetan 0.05 0.02 0.03
yue  Yue Chinese Sino-Tibetan 0.05 0.02 0.03
za  Zhuang Kra-Dai 0.03 0.01 0.02
dz  Dzongkha Sino-Tibetan 0.03 0.01 0.02
ii Nuosu Sino-Tibetan 0.02  0.01 0.01
Total — - 114.02 48.86 100%

tl Filipino
mn  Mongolian

Table 7: Languages supported by data, sorted by global
usage. Train/Test sizes are measured in billions (B).

B Ensuring Non-Zero Reward Variance

A key difficulty in group-based policy optimiza-
tion arises when all samples within a group receive
identical rewards either uniformly correct or uni-
formly incorrect which collapses the reward vari-
ance to zero and eliminates the gradient signal for
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that prompt (Guo et al., 2025). Prior methods sim-
ply discard such groups (Rastogi et al., 2025), but
this wastes useful data and causes many difficult
prompts to remain untrained. To mitigate this prob-
lem, we follow the adaptive sampling paradigm
inspired by Reinforce-ada (Xiong et al., 2025),
incorporating its initialization, iterative sampling,
and elimination procedures, while extending the
method in two important ways. First, during train-
ing batch construction, instead of relying on all
collected responses, we downsample each prompt
to a fixed group of n responses to normalize its
contribution and stabilize learning. To provide
balanced and informative supervision, we draw %
samples from each of four outcome categories cor-
rect thinking with correct answers, correct think-
ing with incorrect answers, incorrect thinking with
correct answers, and incorrect thinking with in-
correct answers filling shortages in one category
using others when necessary. This balanced sam-
pling strategy (Xu et al., 2025; Ye et al., 2025),
also adopted in recent studies, ensures that every
group maintains non-zero reward variance (o, > 0)
and therefore yields meaningful gradients. Second,
we modify the exit conditions used to deactivate
prompts during sampling. In the positive-focused
variant, a prompt is removed once at least one
correct-thinking correct-answer sample is collected,
reflecting variance reduction principles in rejection-
sampling-based fine-tuning. In the balanced variant
(Reinforce-Ada-balance), deactivation occurs only
after acquiring at least 7 correct-thinking correct-
answer samples and 7 incorrect-thinking incorrect-
answer samples, thereby guaranteeing that both
successful and failed trajectories contribute before
a prompt leaves the active set. These extensions
prevent zero-variance failure cases and enable more
robust, data-efficient optimization across diverse
multilingual and reasoning-intensive prompts.

C Human Annotation Process

We recruited native speakers with a master’s de-
gree or higher from more than five professional do-
mains worldwide to ensure linguistic and domain
diversity. Each annotator received a compensation
of approximately $300 to encourage high-quality
participation. Following the human evaluation prin-
ciples proposed by Ruan (Ruan et al., 2024) and
the annotation strategy of HelloEval (Que et al.,
2024), we redesigned a comprehensive human eval-
uation framework and developed a new guideline to

mitigate common biases and vulnerabilities. This
framework was systematically optimized for both
rigor and practicality, ensuring scientific reliability
and consistency throughout the evaluation process.

During annotation, we carefully addressed mul-
tiple factors that may affect fairness and stability.
To minimize unconscious bias, the evaluation tasks
were organized as independent samples, avoiding
potential influence from task order or contextual in-
formation. From an ethical perspective, we strictly
adhered to privacy protection, informed consent,
and fairness principles; all evaluations were con-
ducted anonymously to protect annotators’ identi-
ties. To eliminate ambiguity, task definitions and
evaluation criteria were clearly and precisely spec-
ified, reducing potential misunderstandings. For
rating consistency, we adopted explicit quantitative
rating scales accompanied by detailed explanations
and representative examples, ensuring consistent
judgment across annotators. For edge cases that are
difficult to classify, we introduced neutral options
(e.g., 0.5 points) to maintain both flexibility and
accuracy in scoring.

Moreover, we considered the prior knowledge
required for each evaluation task and provided an-
notators with the necessary background materials
and references to support accurate judgments. The
annotation instructions were designed with flexibil-
ity and adaptability, allowing annotators to adjust
their reasoning methods based on task characteris-
tics while maintaining overall consistency, which
is particularly beneficial for multilingual and multi-
domain evaluation scenarios.

Each task in every language was independently
annotated by 3—4 annotators and subsequently re-
viewed and validated by another 3—4 quality inspec-
tors. Through cross-annotation and dual-review
mechanisms, only data that passed all verification
stages were retained for the final training and evalu-
ation. This multi-level quality assurance and cross-
validation process effectively improved the relia-
bility, consistency, and reusability of the annotated
data, providing high-quality supervision signals for
downstream model training.

D Thinking Reward Evaluation
Instruction

To design appropriate evaluation dimensions for the
thinking process, we begin with the multilingual
dataset containing explicit reasoning traces and fi-
nal answers introduced in Section 4, covering 50
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languages and 6 tasks. For each language-task pair,
we randomly sample 50 instances and use main-
stream models (GPT-5 and Gemini-3-Pro-Preview)
to generate both reasoning processes and final an-
swers. Native-language experts analyze these gen-
erations using both forward synthesis (generating
reasoning and answers from the question) and back-
ward synthesis (reconstructing plausible reasoning
from a fixed question-answer pair). After expert
review and quality control, we obtain annotated
quadruples question, response, thinking, labels,
where the label indicates whether the reasoning
is positive or negative. From these annotations, ex-
perts summarize six key error dimensions: Task
Recognition Reward, Logical Soundness, Correct
Reasoning, Error Identification, Language Consis-
tency, and Redundancy. The final evaluation frame-
work for the thinking process is shown in Table D

Question”: "{Question}”,
Thinking”: "{Thinking}",
Evaluation Dimensions”: [
{

Dimension Name':
Soundness”,

Dimension Definition”: "Evaluates
whether each step logically
follows from the previous one,
and whether the overall
reasoning chain is coherent
and rigorous."”,

Score Range (Optional)”: "@~1
(Higher is better)”,

Scoring Rules (Optional)”: "If
there is a leap in reasoning,
lack of causal connection, or
clear logical gaps, the score
should be lower; if each step
is logically connected with
rigorous reasoning, a higher
score should be given.

Logical

Dimension Name”: "Correct
Reasoning”,

Dimension Definition”: "Evaluates
whether the methods used, the
steps taken, and the facts,
rules, and intermediate
conclusions are correct and
appropriate.

Score Range (Optional)”: "@~1

Scoring Rules (Optional)”: "If
incorrect knowledge is used,
methods are inappropriate, or
reasoning steps are
inaccurate, the score should
be lower; if the reasoning
path is correct and the facts
or rules applied are
appropriate, a higher score
should be given.

Dimension Name”: "Error
Identification”,

Dimension Definition”: "Evaluates
whether logical flaws,
unsupported assumptions,
incorrect steps, or
contradictions exist in the
reasoning process.

Score Range (Optional)”: "0~1",

Scoring Rules (Optional)”: "If
obvious errors exist but are
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Figure 4: Workflow of Data Construction.

not identified, the score
should be lower; if the
reasoning is self-consistent
and error-free, a higher score
should be given.

Dimension Name”: "Redundancy’,

Dimension Definition”: "Evaluates
whether the reasoning process
is concise and avoids
repetition or irrelevant
steps.”,

Score Range (Optional)": "@~1",

Scoring Rules (Optional)”: "If
there is excessive repetition,
redundancy, or irrelevant
content, the score should be
lower; if the reasoning is
succinct and well-structured,
a higher score should be
given.

Dimension Name": "Task
Recognition”,

Dimension Definition”: "Evaluates
whether the model correctly
understands the question and
continuously identifies which
task type it belongs to during
the reasoning process. The
model should accurately
distinguish among Open-Domain
QA, Summarization, Chat, Text
Completion, and Heuristic Text
Generation, and reflect this
understanding in its reasoning
steps.”,

Score Range (Optional)":
Open-Domain QA, Summarization,
Chat, Text Completion,
Heuristic Text Generation’,

Scoring Rules (Optional)”: null

E Data Construction Pipeline

F Reward Model Verification and
Reliability Assessment

To verify the usability and reliability of the reward
model in RL, we first conduct experiments across
multiple base models to ensure that the model can
accurately evaluate the desired behaviors. Specif-
ically, we construct a comprehensive instruction-
tuning dataset using all SFT data from the open-
source VEEF-Multi-LLM (Sha et al., 2025) col-
lection, 30% of the CheckList-related RLVR data
built in this work, and 30% of the R1-Thinking-
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Figure 5: Average win rate of seven task types across
fifty languages under different judge models, compared
with human evaluation.

50L-240K dataset. We then perform SFT fine-
tuning on the base models to obtain an initial re-
ward model, the resulting model is denoted as
Multilingua-Thinking-Answer-RM1.

After fine-tuning, this model is used as the re-
ward model for subsequent RL training. To assess
its real-world performance, we further sample a
validation set from the remaining 70% of the data,
including both samples containing explicit reason-
ing processes and samples containing only final
answers. The validation set covers 50 languages
and 7 tasks, with 50 instances per language-task
pair. We additionally compare the model’s judg-
ments with human evaluations, as summarized in
Figure 5.

From Table 4, we observe that even though the
reward model is fine-tuned using only 30% of the
data from two validation tasks, its overall correla-
tion with human judgments exceeds 80%, show-
ing a level of agreement comparable to human an-
notators. The performance variance across differ-
ent tasks is also relatively small, indicating the
model’s applicability as an evaluation agent. These
findings align with observations reported in prior
work (Zheng et al., 2023; Liu et al., 2023; Shankar
et al., 2024).

We hypothesize that, compared with standard
instruction-following or question-answering mod-
els, a judge model requires richer knowledge struc-
tures and stronger generalization ability, as it must
explicitly evaluate target attributes such as accu-
racy, relevance, coherence, tone, or safety. Con-
sequently, high data quality and diversity become
essential. Our empirical results further confirm that
the constructed datasets are effective and practical
for reward model training.

It is worth noting that in subsequent RL stages,
the evolving policy model will be used as the new
reward model, meaning that the reward model’s ca-
pability will continue to improve alongside policy
optimization. We expect its performance to surpass

that of the current initialization stage.

G Length-Aware Loss Normalization

In multilingual scenarios, the same semantic con-
tent can yield markedly different token lengths
across languages due to structural and morphologi-
cal variability. Such discrepancies may introduce
unintended length-related biases during optimiza-
tion. To mitigate this effect, we apply a length-
aware loss normalization strategy: we aggregate
the token-level losses across all generations within
a group and divide this sum by the total number
of produced tokens, Zf‘;l |o;|. This procedure en-
sures a fair contribution from each generation and
leads to more stable and unbiased training dynam-
ics.

H Language Coverage of Evaluation
Datasets
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Figure 6: Language distribution across the 13 open-
source evaluation datasets. Darker colors indicate
lower-resource languages, while lighter colors repre-
sent higher- resource languages.

I Checklists Reward Evaluation
Instruction

In Section 4, we describe the construction of a
dataset categorized into seven major domains. For
each of these categories, we have developed a spe-
cialized checklist-based evaluation system that is
customized for the final answers. Our checklist con-
struction protocol is informed by prior checklist-
style evaluation frameworks, particularly HelloE-
val in HelloBench (Que et al., 2024). We adapt
this general paradigm to low-resource multilingual
reward modeling by separating universal reason-
ing dimensions from task-specific answer criteria,
and by converting the resulting structured critiques
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into reward signals for SGCM and AMRO, and is
divided into the following steps:

* Literature Review: First, we conducted a
comprehensive literature review on the higher-
level categories associated with each subcate-
gory. From this, we extracted existing evalua-
tion frameworks and standards that have been
established in previous works.

* Expert Discussions: Subsequently, we in-
vited five native-language annotators from the
relevant language groups to discuss the evalu-
ation criteria. Based on their input, we com-
piled a list of the top ten most important eval-
uation standards as identified by the experts.

» Standard Normalization: We then combined
these evaluation standards and removed any
redundant or closely related criteria to ensure
a concise and effective set of evaluation di-
mensions.

* Voting and Selection: Afterward, we invited
ten annotators to vote on the importance of
each evaluation criterion. Based on the voting
results, only the top five criteria, as ranked
by the annotators, were retained for the final
evaluation protocol.

* Final Checklist Generation: Finally, we
used the powerful GPT-5 model to expand
each evaluation dimension into actionable and
continuous scoring criteria (ranging from 0 to
1). These criteria were converted into check-
lists that are easy to follow and implement.

I.1 Open-Domain Question Answering

After constructing fine-grained checklists for the
subcategories in the ODQA task, we found that
the process of designing specialized checklists for
each subcategory was not significantly different
from constructing a general checklist at the higher
category level. Additionally, we observed that
for ODQA, designing specialized checklists for
each question domain (e.g., Technology, Sport,
Movie, Book, Music, Food, Health, Writing, Sci-
ence, Travel) was unnecessary. In the voting phase,
related to domain-specific checklists, there were
relatively few votes for certain domain-specific cri-
teria. This indicated that the domain of the question
did not significantly impact the final evaluation out-
come, this is consistent with previous work (Hou
etal., 2024).

Consequently, we opted to use the same check-
list for all subcategories. Moreover, to ensure the
checklists are as close as possible to real-world
evaluation scenarios, we made sure that each check-
list was complex enough to allow for more detailed
differentiation in the evaluation results, particularly
when using LL.M-as-Judge for assessments. The
final checklists for ODQA are presented in Table
I.1

Evaluation_dimensions”: [
{

dimension_name”: "Relevance”,

dimension_definition”: "Evaluates
whether the response not only
directly addresses the question
but also ensures that every part
of the response is strictly
related to the topic of the
question. Evaluate each sentence
and paragraph rigorously to
confirm that it is entirely
relevant to the topic and does not
deviate in any way.",

scoring_range”: "0-1",

scoring_criteria”: "If even a single
part of the response is slightly
unrelated, redundant, or lacking
personal perspective when
required, the score is 0. If the
content is fully relevant and
comprehensive, the score is 1.
Scores between @ and 1 should be
given if there are minor
irrelevant parts or a lack of
necessary personal perspective.

dimension_name”: "Factual Accuracy’,

dimension_definition”: "Evaluates
whether every aspect of the
response is factually correct. For
example, when listing historical
information, are all historical
figures, dates, and events
precisely accurate? When
presenting scientific terms or
phenomena, are they completely
accurate and up-to-date?”,

scoring_range”: "0-1",

scoring_criteria”: "If any part of the
response contains factual errors
or inaccuracies, the score is 0.
If the response is completely
factually correct, the score is 1.
Scores between @ and 1 should be
given if there are minor errors or
vague statements.

dimension_name”: "Clarity”,

dimension_definition”: "Evaluates
whether the content of the
response is easy to understand.
For difficult technical terms, are
there corresponding explanations
and examples provided? Are more
complex terms replaced with
simpler ones?”,

scoring_range”: "0-1",

scoring_criteria”: "If there is
content that is difficult to
understand and no effort is made
to simplify or explain, the score
is 0. If the content is concise,
clear, and easy to understand, the
score is 1. Scores between 0 and 1
should be given if some parts
could be optimized or simplified
further.

dimension_name":
Novelty"”,
dimension_definition”:

Engagement and

Evaluates
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teria for News Summarization, Table 1.2.2 for Blog
Summarization, Table 1.2.3 for Academic Article
Summarization, Table 1.2.4 for Report Summariza-
tion, and Table 1.2.5 for Long Dialogue Summa-
rization.

whether the content of the
response is interesting or novel.
Since the questions are
Open-Domain, the responses can
vary. An excellent response should
offer unique viewpoints or
interesting content. Does the
response provide a fresh
perspective?”,

"scoring_range”: "0-1",

"scoring_criteria”: "If the response
lacks novelty or is uninteresting,
the score is @0. If the response
provides a fresh or interesting
perspective, the score is 1.
Scores between @ and 1 should be

I.2.1 News Summ

News Summ Reward Evaluation Prompt

given if the response lacks {
innovation but still offers "evaluation_dimensions”: [
valuable information.” {
Do "dimension_name”: "Clarity and
{ Comprehensibility”,
"dimension_name”: "Content Depth’, "dimension_definition”: "This dimension
"dimension_definition"”: "Evaluates assesses how easy it is to

whether the content of the
response is rich and detailed,
with no fewer than 500 words. Does
each point include multiple
well-explained examples or
explanations for strong support?”,

understand the content of the
summary. It also checks if
difficult technical terms are
explained with examples or
simplified, and if the summary is
written in a way that makes the

"scoring_range”: "0-1", content easy to grasp.”
"scoring_criteria”: "If the response is "score_range”: "0-1",
less than 500 words or lacks "scoring_rule”: "0@: The summary is

sufficient detail and examples,
the score is ©. If the response is
detailed, well-supported with
examples, and meets the length
requirement, the score is 1.
Scores between @ and 1 should be

difficult to understand, with many
technical terms left unexplained
or overly complex; 1: The summary
is clear and easy to understand,
with technical terms properly
explained and simplified when

given if the response is lacking necessary.”
in depth or missing sufficient 3,
examples.” {
Do "dimension_name”: "Summary Length and
{ Completeness”,
"dimension_name"”: "Human-like Quality”, "dimension_definition”: "This dimension
"dimension_definition”: "Evaluates evaluates whether the summary is

whether the content of the long enough and sufficiently
response appears human-like. The comprehensive to cover the key
response should not seem information from the original

machine-generated. Evaluate news, particularly for lengthy

whether the structure, tone, and sources.”,
flow reflect a human touch."”, "score_range”: "0-1",
"scoring_range”: "0-1", "scoring_rule”: "@: The summary is too

"scoring_criteria”: "If the response
appears machine-generated or has
unnatural structures, the score is
9. If the response is natural,
flowing, and contains human-1like

short, missing key information or
leaving out critical parts of the
original news; 1: The summary is
long enough and covers all the key
information from the original

whether the response is flawless.
If there is room for improvement,
the response should not be
considered perfect.”,

"scoring_range”: "0-1",
"scoring_criteria’:

"If the response
has any room for improvement or

expressions, the score is 1. news, maintaining completeness.”
Scores between @ and 1 should be 3},
given if there are minor {
machine-like traits but the "dimension_name”: "Accuracy and
response remains largely Objectivity”,
human-1like." "dimension_definition”: "This dimension
3, checks whether the summary
{ accurately reflects the original
"dimension_name": "Perfection”, news, with no deviations,
"dimension_definition”: "Evaluates additions, or personal opinions.

It also ensures that statistical
information and data are
consistent with the original
news. ",

"score_range”: "0-1",
"scoring_rule”: "@: The summary

contains inaccuracies, added
details, or biased
interpretations; 1: The summary is
perfectly accurate and unbiased,
matching the original news without
any deviation.”

omissions, the score is 0. If the
response is flawless, the score is
1. Scores between @ and 1 should
be given if the response has minor
areas for improvement but is
overall excellent.” 3,

] "dimension_name”: "Coverage of
3 Important Information”,
"dimension_definition”: "This dimension
evaluates if the summary
comprehensively includes all
significant details from the
original news, such as when and

1.2 Summ where the event took place, who
was involved, and what happened.”’,
. . . . . " _ "o "e-1",
In summarization tasks, due to the significant dif- “Seoring rule*: “o: vhe sunmary omits

important information, such as key
facts or details about the event; 1

The summary covers all the
essential details, including when,
where, who, and what.”

ferences between each subcategory, we developed
distinct evaluation criteria in the form of checklists
for each subcategory to ensure more accurate as-
sessment. Table [.2.1 represents the evaluation cri-
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"dimension_name": "Adherence to User
Instructions”,
"dimension_definition”: "This dimension

checks if the summary fully
adheres to the requirements
outlined in the user’s
instructions, including specific
formatting or content

preferences.”,
"score_range”: "0-1",
"scoring_rule”: "@: The summary does

not meet the user’s instructions
or includes irrelevant content; 1:
The summary perfectly follows the
user’s instructions, fulfilling
all specified requirements.”

"dimension_name": "Overall Quality and
Room for Improvement”,

"dimension_definition”: "This dimension
assesses whether the summary is
flawless or if there are areas
that can be improved, ensuring
that the overall quality is
considered in the evaluation.”,

"score_range”: "0-1",

"scoring_rule”: "@: The summary has
notable flaws or areas for
improvement, such as missing key
details or unclear phrasing; 1:
The summary is flawless with no
room for improvement, representing
a well-crafted response.”

1.2.2 Blog Summ

Blog Summ Reward Evaluation Prompt

{
"evaluation_dimensions”: [
{
"dimension_name"”: "Clarity of Content”,
"dimension_definition”: "Evaluates

whether the content of the summary
is easy to understand. This
includes checking if difficult
technical terms are explained with
examples, and if complex terms are
simplified. The summary should be
clear and understandable,
evaluated word by word and
paragraph by paragraph.”,

"score_range”: "@ - 1",

"scoring_rules”: "Score 1 if the
content is entirely clear and easy
to understand with sufficient
explanations for technical terms.
Score 0.5 if some terms are
unclear but explanations are
provided. Score @ if there are
significant parts of the summary
that are difficult to understand
or unclear.”

"dimension_name"”: "Completeness of the
Summary”,

"dimension_definition”: "Assesses
whether the summary is
sufficiently long and covers all
key information from the original
source. It should be long enough
to summarize all essential points
from the original blog.",

"score_range”: "@ - 1",

"scoring_rules”: "Score 1 if the
summary covers all important
points and is appropriately
lengthy. Score 0.5 if some key
points are missing or the summary
feels too short. Score @ if the
summary lacks significant content
or fails to capture essential
information.”

"dimension_name”: "Accuracy of the
Summary”,

"dimension_definition”: "Checks if the
summary is perfectly accurate,
strictly matching the original
blog without adding personal
opinions or altering any
information. Statistical data and
factual content must match exactly
with the original blog.",

"score_range”: "0 - 1",

"scoring_rules”: "Score 1 if the
summary is perfectly accurate,
with no deviations or additional
information. Score 0.5 if there
are minor inconsistencies or
slight deviations. Score @ if the
summary contains significant
errors or added information not
present in the original.”

"dimension_name": "Coverage of
Important Information”,

"dimension_definition”: "Evaluates
whether the summary
comprehensively covers all the
important aspects of the original
blog, including the main topic,
primary arguments, and supporting
details.”,

"score_range”: "0 - 1",

"scoring_rules”: "Score 1 if all
critical information, arguments,
and supporting details are
included. Score 0.5 if some key
aspects are missing, but the
summary still captures most
important content. Score 0 if
important information or key
points are missing or
misrepresented.”

"dimension_name”: "Adherence to User
Instructions”,

"dimension_definition”: "Assesses
whether the summary meets all the
specific requirements outlined in
the user’s instructions. This
could include specific formatting,
content inclusion, or length.”,

"score_range”: "0 - 1",

"scoring_rules”: "Score 1 if the
summary fully adheres to all the
user instructions. Score 0.5 if
minor instructions were missed or
ignored. Score @ if major
instructions or requirements are
not followed.”

"dimension_name”: "Overall Quality"”,

"dimension_definition”: "Evaluates
whether the summary is flawless
and leaves no room for
improvement. This dimension
considers all other evaluation
factors and assesses the overall
performance of the summary.",

"score_range”: "0 - 1",

"scoring_rules”: "Score 1 if the
summary is flawless with no room
for improvement. Score 0.5 if
there are some minor areas for
improvement. Score @ if the
summary has significant issues or
can be greatly improved.”

1.2.3 Academic Article Summ
Academic Article Summ Reward Evaluation

Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name”: “Clarity of Content”,
"Dimension Definition”: "Evaluates

whether the content of the summary
is easy to understand for a
general academic audience.
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Difficult-to-understand technical
terms should have corresponding
explanations and examples. Complex
terms should be replaced with
simpler ones. Every part of the
summary should be easy to
understand, evaluated word by word
and paragraph by paragraph. Any
content that can be optimized for
conciseness or clarity should be
considered as not easy to

understand.”,
"Scoring Range”: "0-1",
"Scoring Rules”: "@: The content is

difficult to understand or
contains many complex terms
without explanations. 1: The
content is clear and easy to
understand, with technical terms
explained or replaced with simpler
ones."

"Dimension Name": "Length and
Completeness”,

"Dimension Definition”: "Evaluates
whether the summary is
sufficiently long and complete,
covering key information from the
original article, considering the
original article’s length.”,

"Scoring Range”: "0-1",

"Scoring Rules”: "@: The summary is too
short or omits key information. 1:
The summary covers all necessary
information in a sufficient
length, capturing the essence of
the original article.”

"Dimension Name": "Accuracy’,

"Dimension Definition”: "Evaluates
whether the summary is perfectly
accurate without errors or
misleading information. Every
statement in the summary must
match the original article, with
no additions or deviations. All
statistical information and data
must be identical to the original

article.”,
"Scoring Range”: "0-1",
"Scoring Rules”: "@: The summary

contains errors, additions, or
inconsistencies with the original
article. 1: The summary is
perfectly accurate with no
deviations or misleading
information.”

"Dimension Name": "Comprehensive
Coverage”,
"Dimension Definition”: "Evaluates

whether the summary
comprehensively covers all
important information from the
original article, including the
research background, methods,
findings, results, and

conclusions.”,
"Scoring Range”: "0-1",
"Scoring Rules"”: "@: The summary misses

significant information or fails
to cover key parts of the article.
1: The summary fully covers all
important aspects, including
background, methods, results, and
conclusions.”

"Dimension Name": "Instruction

Compliance”,
"Dimension Definition”: "Evaluates
whether the summary meets all the

requirements specified in the user

instruction.”,
"Scoring Range”: "0-1",
"Scoring Rules”: "@: The summary does

not meet the requirements
specified in the instructions. 1:
The summary fully meets all the
requirements and guidelines
provided."”

"Dimension Name": "Flawlessness”,

"Dimension Definition”: "Evaluates
whether the summary is flawless
and if there is any room for
improvement. This includes
evaluating the overall quality and
whether it can be further
refined.”

"Scoring Range "e-1",

"Scoring Rules”: "@: The summary has
significant flaws or room for
improvement. 1: The summary is
flawless with no room for
improvement."”

L1.2.4 Report Summ

port Summ Reward Evaluation Prompt

"evaluation_dimensions”: [

{

"dimension_name”: "Clarity of Content”,

"dimension_definition”: "This dimension
assesses whether the summary is
easy to understand. For
difficult-to-understand technical
terms, explanations and examples
should be provided. More complex
terms should be simplified. Each
part of the summary should be
evaluated word by word and
paragraph by paragraph to
determine its clarity. Any content
that can be optimized to be more
concise or clearer should reduce
the clarity score.”,

"scoring_range”: "0-1",

"scoring_rule”: "Score 1 if the summary
is easy to understand with clear
definitions for technical terms
and no complex terms remaining.
Score @ if the summary is
difficult to understand or lacks
explanations for technical terms.”

"dimension_name”: "Length and
Completeness”,
"dimension_definition”: "This dimension

evaluates whether the summary is
sufficiently long and covers all
the necessary information. Given
that the original report is
lengthy, the summary should be
long enough to include the key
details of the report.”,

"scoring_range”: "0-1",

"scoring_rule”: "Score 1 if the summary
is sufficiently long to cover all
key points from the original
report. Score @ if the summary is
too short and misses key details.”

"dimension_name"”: "Accuracy’,
"dimension_definition”: "This dimension
checks whether the summary is

perfectly accurate. Every
statement in the summary must
match the original report without
additions or deviations. All
statistical information and data
must be identical to those in the
original report.”,

"scoring_range”: "0-1",

"scoring_rule”: "Score 1 if the summary
is perfectly accurate with no
discrepancies or additional
information. Score @ if there are
any inconsistencies or added
content not present in the
original report.”

"dimension_name"”: "Coverage of Key
Information”,

"dimension_definition”: "This dimension
assesses whether the summary
comprehensively includes all the
important information from the
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original report, including key
statistical information,
recommendations, and conclusions.”,
"scoring_range”: "0-1",
"scoring_rule”: "Score 1 if the summary
covers all the critical
information from the original
report. Score @ if any important
aspect or key information is
missing."”

"dimension_name": "Adherence to
Instructions”,

"dimension_definition”: "This dimension
evaluates whether the summary
meets all the requirements
specified in the user instruction.
The summary must follow all the
specific guidelines provided by
the user.”,

"scoring_range”: "0-1",

"scoring_rule”: "Score 1 if the summary
meets all the requirements stated
in the user instructions. Score @
if it fails to follow any of the
instructions.”

"dimension_name”: "Flawlessness’,

"dimension_definition”: "This dimension
evaluates whether the summary is
flawless or if there is any room
for improvement. It considers
whether the summary is of the
highest quality and if there is
any space for further refinement.”,

"scoring_range”: "0-1",

"scoring_rule”: "Score 1 if the summary
is flawless with no room for
improvement. Score @ if there are
areas where the summary can be
improved or refined.”

L.2.5 Long Dialogue Summ

Long Dialogue Summ Reward Evaluation

Prompt

{
"evaluation_dimensions”: [
{
"dimension_name”: "Clarity of Content”,
"dimension_definition”: "Evaluates

whether the summary is easy to
understand, including the presence
of explanations and examples for
complex terms, and whether complex
terms are simplified. The summary
should be evaluated for clarity at
the word and paragraph level.”,

"score_range”: "0-1",

"scoring_rules”: "@: The content is
difficult to understand, with
little to no simplification or
explanation. 0.5: Some parts are
understandable, but there are
sections with jargon or complex
terms not sufficiently explained. 1

The content is clear, with
complex terms explained and
simplified where necessary.”

"dimension_name”: "Completeness’,

"dimension_definition": "Assesses
whether the summary is
sufficiently long and covers all
key information from the original
dialogue, especially considering
the length of the original

dialogue.”,
"score_range”: "0-1",
"scoring_rules”: "@: The summary is too

short and misses critical
information. ©.5: The summary
covers some key points but omits
others. 1: The summary is
sufficiently detailed and covers

all key aspects of the original

dialogue.”
"dimension_name": "Accuracy’,
"dimension_definition”: "Evaluates

whether the summary is completely
accurate and matches the original
dialogue without errors or
misleading information. No
additions, deviations, or
inconsistencies are allowed.”,

"score_range”: "0-1",

"scoring_rules”: "0@: The summary
contains inaccuracies, errors, or
misleading information. ©.5: The
summary is mostly accurate but
contains minor errors or
omissions. 1: The summary is
perfectly accurate and matches the
original dialogue with no

deviations.”
"dimension_name"”: "Comprehensiveness”,
"dimension_definition”: "Assesses

whether the summary covers all the
important information from the
original dialogue, including key
topics and viewpoints from all
roles involved in the

conversation.”,
"score_range”: "0-1",
"scoring_rules”: "0@: The summary omits

significant portions of the
dialogue and key viewpoints. ©.5:
The summary covers most of the
important points but omits some
viewpoints or topics. 1: The
summary comprehensively includes
all key topics and viewpoints from
the original dialogue.”

"dimension_name”: "Exclusion of
Redundant Information”,

"dimension_definition"”: "Evaluates
whether the summary excludes all
redundant information, unnecessary
filler words, and irrelevant
interjections, without omitting
key points or altering the
original meaning and context.”,

"score_range”: "0-1",

"scoring_rules”: "0: The summary
includes irrelevant information or
filler words that do not
contribute to the key message. 0
.5: The summary is mostly concise,
but some redundant information is
included. 1: The summary is
concise and excludes all
unnecessary content, maintaining
the original meaning and context.”

"dimension_name"”: "Adherence to User
Instructions”,
"dimension_definition”: "Assesses

whether the summary meets all the
requirements specified in the user

instructions.”,
"score_range”: "0-1",
"scoring_rules”: "@: The summary does

not meet the user’s requirements
or instructions. 0.5: The summary
meets some but not all user
requirements. 1: The summary
perfectly aligns with all user
instructions and specifications.”

"dimension_name”: "Overall Quality"”,

"dimension_definition”: "Evaluates the
overall quality of the summary
based on whether there is room for
improvement. This is a holistic
evaluation of the summary’s

effectiveness. ",
"score_range”: "0-1",
"scoring_rules”: "@: The summary has

significant issues and requires
substantial improvement. ©.5: The
summary is generally good but has
room for minor improvements. 1:

The summary is flawless, with no
significant areas for improvement.”
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L3 Text Completion

For text completion tasks, we have designed three
distinct evaluation criteria for the subcategories of
Continuation, Imitative Writing, and Style Transfer.
Tables 1.6.1, 1.3.2, and 1.3.3 present the checklists
corresponding to each of these subcategories in the

text completion tasks.

I.3.1 Continuation Text Completion

Continuation Text Completion Reward Eval-

uation Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name': "Narrative Coherence’,
"Dimension Definition": "Assesses

whether the continuation maintains
consistency with the preceding
text, ensuring coherence in plot,
character development, tone,
pacing, themes, and any subtle
nuances introduced earlier.”,

"Score Range”: "0-1 (@0: Inconsistent, 1:
Seamless consistency)”,
"Scoring Rules”: "A score of 1 should

be awarded if the continuation
flows naturally, preserving plot
and character integrity without
disrupting the narrative. A score
of @ should be given if there are
major inconsistencies or
contradictions in plot, tone, or
character behavior.”

"Dimension Name': "Engagement and
Interest”,

"Dimension Definition”: "Evaluates
whether the continuation is
engaging and compelling, adding
depth to the storyline and
characters while maintaining the
reader’s attention.”,

"Score Range”: "0-1 (@0: Boring, 1:
Highly engaging)”,

"Scoring Rules”: "A score of 1 should
be awarded if the continuation
keeps the reader’s attention,
develops the plot and characters
in a meaningful way, and maintains
curiosity. A score of @ should be
given if the continuation fails to
engage the reader or adds nothing
of interest to the storyline.”

"Dimension Name": "Comprehensiveness’,

"Dimension Definition”: "Assesses
whether the continuation is
sufficiently long and
well-rounded, integrating smoothly
with the preceding text to form a
complete story.",

"Score Range”: "0-1 (0: Incomplete, 1:
Comprehensive) ",

"Scoring Rules”: "A score of 1 should
be awarded if the continuation is
long enough to provide a complete,
well-developed arc with clear
character development and a
satisfying resolution. A score of @

should be given if the
continuation feels rushed,
incomplete, or lacks proper
development.”

"Dimension Name”: "Originality and
Novelty”,

"Dimension Definition”: "Evaluates how
original and creative the
continuation is, introducing new
ideas and perspectives without
relying on cliches or predictable
plot developments.”,

"Score Range”: "0-1 (0: Predictable, 1:
Exceptionally original)”,
"Scoring Rules”: "A score of 1 should

be awarded if the continuation
introduces fresh, unique ideas or
perspectives, avoiding overused
tropes or cliches. A score of @
should be given if the
continuation feels formulaic,
derivative, or predictable.”

"Dimension Name'’: "Flawlessness’,

"Dimension Definition”: "Assesses
whether the continuation is free
from errors and improvements,
considering whether there is any
room for improvement in the
quality of the story.”,

"Score Range”: "0-1 (0: Flawed, 1:
Flawless)”,

"Scoring Rules”: "A score of 1 should
be awarded if the continuation is
flawless, with no noticeable
errors or areas requiring
improvement. A score of @ should
be given if there are clear issues
in the story, such as logical
inconsistencies, weak character
development, or unfinished plot
points.”

1.3.2 Imitative Writing Text Completion

Imitative Writing Text Completion Reward

Evaluation Prompt

{
"evaluation_dimensions”: [
{
"dimension_name”: "Writing Voice and
Stylistic Consistency”,
"dimension_definition”: "Assesses

whether the generated text
captures the distinct writing
voice and intricate stylistic
nuances of the preceding text,
while seamlessly integrating these
elements into a new story theme.
It evaluates the consistency in
tone, complexity, and emotional
resonance throughout the new

text. ",
"scoring_range”: "0-1",
"scoring_rule”: "A score of 1 is

awarded when the generated text
consistently reflects the same
writing voice and stylistic
elements as the preceding text. A
score of @ is awarded if the
generated text fails to maintain
consistency in tone, complexity,
or emotional resonance.”

3,
{
"dimension_name”: "Engagement and
Intrigue”,
"dimension_definition”: "Evaluates

whether the content of the
generated text is not only
engaging and compelling but also
reflective of the same level of
intrigue and interest found in the
preceding text.",

"scoring_range”: "0-1",

"scoring_rule”: "A score of 1 is
awarded if the generated content
is highly engaging and maintains a
comparable level of intrigue to
the preceding text. A score of @
is awarded if the generated
content is uninteresting or fails
to match the intrigue of the
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original.” "dimension_name”: "Engagement and
3, Interest Level”,
{ "dimension_definition”: "Assesses

"dimension_name”: "Content Depth and whether the style-transformed text
Completeness”, remains engaging and compelling

"dimension_definition"”: "Assesses while maintaining the same level
whether the content of the of intrigue as the original text,
generated text is sufficiently incorporating the nuances of the
lengthy, complete, and new style.”,
meticulously detailed, matching "score_range”: "0-1",
the depth, comprehensiveness, and "scoring_rules”: "A score closer to 1
narrative complexity of the is given if the text is engaging
preceding text.", and the level of interest is

"scoring_range”: "0-1", maintained or increased. A score

"scoring_rule”: "A score of 1 is of @ is assigned if the text loses
awarded if the generated text is engagement or interest in the new
comprehensive, thoroughly style.”
developed, and maintains the 3,
narrative complexity of the {
original text. A score of 0 is "dimension_name”: "Completeness and
awarded if the generated content Detail”,
is shallow, incomplete, or lacking "dimension_definition”: "Evaluates
in necessary details.” whether the transformed text is

3, sufficiently detailed,
{ comprehensive, and matches the

"dimension_name": "Creativity and length and depth of the original
Originality”, text.”,

"dimension_definition”: "Evaluates "score_range”: "0-1",
whether the generated text is "scoring_rules”: "A score of 1 is given
novel and original, while if the text is well-developed,
creatively distinct and still detailed, and of sufficient
aligned with the stylistic and length, fully matching the depth
thematic essence of the preceding of the original text. A score of @
text. ", is given if the text lacks detail

"scoring_range”: "0-1", or is overly simplistic compared

"scoring_rule”: "A score of 1 is to the original.”
awarded if the generated text is 3,
both creative and original, {
maintaining the essence of the "dimension_name”: "Originality and
original text. A score of 0 is Creativity”,
awarded if the generated content "dimension_definition”: "Assesses the
is derivative, overly repetitive, level of novelty and creativity in
or lacks originality.” the style-transformed text, while

3}, ensuring adherence to the new
{ style’s characteristics.”,

"dimension_name”: "Flawlessness of "score_range”: "0-1",

Imitative Writing", "scoring_rules”: "A score of 1 is

"dimension_definition”: "Evaluates the awarded if the text is original,
overall quality of the imitative creative, and distinct, while
writing, determining if there is still faithful to the new style. A
any room for improvement.”, score of @ is given if the text is

"scoring_range”: "0-1", derivative or fails to fully

"scoring_rule”: "A score of 1 is embrace the new style.”
awarded if the imitative writing 3,
is flawless and requires no {
further improvement. A score of 0@ "dimension_name”: "Flawlessness of
is awarded if there is noticeable Style Transfer”,
room for improvement in the "dimension_definition”: "Evaluates
writing, whether in terms of whether the style transfer is
accuracy, flow, or style.” flawless, considering if there are

> areas for improvement in the
] transformation process.”,
} "score_range”: "0-1",
"scoring_rules”: "A score of 1 is given
if the style transfer is flawless
with no room for improvement. A
. score closer to @ is given if
1.3.3 Style Transfer Text Completlon noticeable improvements could be
made, particularly in areas where
- the style transformation is
Style Transfer Text Completion Reward R e el g
Evaluation Prompt ;]
}
{
"evaluation_dimensions”: [
{
dimension-name ' Style and Tone L4 Natural Language Inference
Transformation”,

"dimension_definition”: "Evaluates . .
whether the generated text For the Natural Language Inference task, which in-
successfully transforms the style . .
and tone to the desired target cludes the three subcategories Entailment, Contra-
style while capturing the .. . .
intricate nuances and essence of diction, and Neutral, we adopt a unified evaluation
the new style.”, .

"score_range”: "0-1", framework as presented in Table 1.4.

"scoring_rules"”: "A score closer to 1
is given if the transformation is
seamless, and the target style is NLI Reward Evaluation Prompt
fully captured with attention to
detail. A score of 0 is given if
the transformation is unsuccessful
or the nuances of the style are {
missed.” "Evaluation Dimensions”: [

3, {
{ "Dimension Name”: "Logical Consistency’,
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"Dimension Definition”: "Evaluates
whether the predicted NLI label
(Entailment, Contradiction,
Neutral) is logically consistent
with the relationship between the
premise and the hypothesis.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the selected label fully aligns
with the logical relation implied
by the premise; score @ if major
inconsistencies or incorrect
judgments occur, with intermediate
values indicating partial

correctness.
"Dimension Name": "Evidence Grounding',
"Dimension Definition”: "Assesses

whether the answer is strictly
grounded in the information
contained in the premise without
introducing hallucinated or
unsupported content.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
all reasoning is fully supported
by the premise; score @ if the
answer contains fabricated or
irrelevant information, with
intermediate scores representing
partially grounded reasoning.”

"Dimension Name': "Completeness of
Reasoning”,
"Dimension Definition”: "Evaluates

whether the explanation clearly
and sufficiently justifies why the
predicted label holds, reflecting
a correct understanding of the
premise-hypothesis relationship.”,

'Score Range (Optional)”: "0-1",

'Scoring Rules (Optional)”: "Score 1 if
the explanation is thorough,
structured, and covers all
necessary reasoning steps; score @
if the justification is incomplete
or unclear, with intermediate
scores indicating partial

completeness.”

"Dimension Name': "Sensitivity to
Semantic Nuances',

"Dimension Definition”: "Measures the

model’s ability to correctly
interpret subtle semantic cues
such as negation, modality,
quantifiers, presuppositions, and
nuanced linguistic shifts that
affect the NLI label.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the answer correctly identifies
and interprets all key semantic
nuances; score @ if such
distinctions are consistently
overlooked or misinterpreted, with
intermediate values reflecting
partial sensitivity.”

"Dimension Name”: "Label Precision and
Category Boundary Clarity”,
"Dimension Definition”: "Evaluates

whether the model accurately
distinguishes among Entailment,
Contradiction, and Neutral,
especially in borderline or
ambiguous cases.”,

"Score Range (Optional)”: "@-1",
"Scoring Rules (Optional)”: "Score 1 if
the model demonstrates clear

category boundaries and precise
labeling; score @ if it confuses
categories or misclassifies them,
with intermediate scores capturing
partial precision.”

"Dimension Name”: "Overall Robustness”,

"Dimension Definition”: "Assesses the
answer for overall reliability,
ensuring it is free from logical
fallacies, unsupported
assumptions, oversights, or
internal inconsistencies.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the reasoning is consistently
sound and free from errors; score @

if major logical flaws or

contradictions are present, with
intermediate values indicating
minor issues.”

LS Chat

Our chat task dataset spans multiple subcategories,
including code-oriented script drafting, creative
ideation, curriculum design, and role-playing inter-
actions. To ensure consistency and broad applica-
bility, we develop a unified, user-centered evalua-
tion framework that provides a standardized assess-
ment protocol for all chat scenarios. This check-
list consists of five distinct evaluation dimensions,
each capturing a different aspect of response qual-
ity. The complete specifications are presented in
Table L.5.

Chat Reward Evaluation Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name"': "Instruction
Comprehension and Coverage”,
"Dimension Definition”: "Evaluates

whether the response fully
understands every aspect of the
user’s instructions and addresses
each requirement accurately,
precisely, and without omissions
or misunderstandings.”,

"Score Range (Optional)”: "0-1",

"Scoring Rules (Optional)”: "Score 1 if
the response fully covers all user
instructions with no missing or
misinterpreted parts. Score 0 if
any requirement is misunderstood,
partially addressed, or omitted."”

"Dimension Name':
Sufficiency”,

"Dimension Definition”: "Assesses
whether the response is
sufficiently long, detailed, and
comprehensive, ensuring that all
components of the requirement are
addressed without leaving out
important information.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the response is fully
comprehensive and includes all
necessary details. Score @ if any
component is incomplete, overly
brief, or insufficiently
addressed.”

"Completeness and

"Dimension Name"”: "Clarity and
Understandability”,

"Dimension Definition”: "Measures
whether the response is easy to
understand at both word-level and
paragraph-level. Complex technical
terms must be explained with
examples or replaced with simpler
expressions. Any unnecessarily
complex or unclear content results
in a failing score.”,

"Score Range (Optional)”: "0-1",

"Scoring Rules (Optional)”: "Score 1 if
the content is entirely clear,
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intuitive, and easy to follow,

with proper explanations for
technical terms. Score @ if any
part of the response can be made
simpler, clearer, or more concise.'’

"Dimension Name": "Factual Accuracy”,

"Dimension Definition”: "Examines
whether every part of the response
is factually correct. Historical
facts, scientific concepts, dates,
events, and terminology must be
fully accurate and up-to-date.
Even minor factual issues cause
failure."”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
every detail is perfectly accurate
and verified. Score @ if any
factual error, outdated statement,
or uncertain claim appears
anywhere in the response.”

"Dimension Name”: "Overall Perfection”,

"Dimension Definition”: "Evaluates
whether the response is flawless
as a whole, with no room for
improvement in clarity,
correctness, completeness, or
execution.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the response is judged flawless,
with no identifiable weaknesses.
Score @ if any aspect-however
small-could be improved."”

L6 Text Completion

For the Text Completion task, we develop ded-
icated evaluation frameworks for three subcate-
gories. The checklist presented in Table 1.6.1 corre-
sponds to the Continuation subcategory; Table 1.6.2
provides the evaluation framework for the Imitative
Writing subcategory; and Table 1.6.3 outlines the
evaluation criteria for the Style Transfer subcate-

gory.

1.6.1 Continuation

Continuation Text Completion Reward Eval-

uation Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name": "Narrative Coherence’,
"Dimension Definition”: "Evaluates

whether the continuation maintains
seamless coherence with the
preceding text, including
consistency in plot progression,
character behavior, tone, pacing,
thematic alignment, and subtle
nuances already established in the

story."”,
"Score Range (Optional)”: "@-1",
"Scoring Rules (Optional)”: "Score 1 if

the continuation is fully coherent
and consistent with all
established narrative elements;
score @ if major inconsistencies
or disruptions in tone,
characterization, or plot occur.”

"Dimension Name”: "Engagement and
Interest”,

"Dimension Definition”: "Assesses
whether the continuation is
engaging, compelling, and
immersive, adding narrative depth
while sustaining the reader’s
curiosity and emotional
involvement throughout the text.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the continuation maintains strong
reader engagement and narrative
momentum; score @ if it feels
dull, unengaging, or fails to
sustain interest.”

"Dimension Name': "Completeness and
Structural Integrity”,

"Dimension Definition”: "Examines
whether the continuation provides
sufficient length, detail, and
completeness, forming a coherent
and well-developed story when
combined with the preceding text,
including clear plot arcs,
character development, and a
satisfying resolution.”,

"Score Range (Optional)”: "0-1",
"Scoring Rules (Optional)”: "Score 1 if
the continuation integrates
smoothly into a complete narrative
with well-resolved story elements;

score @ if it is incomplete,
underdeveloped, or structurally
weak. "

"Dimension Name”: "Originality and
Creativity”,

"Dimension Definition”: "Measures the
degree to which the continuation
introduces novel, original, and
imaginative ideas while avoiding
cliches, predictable developments,
and uncreative reuse of familiar
tropes.”,

"Score Range (Optional)”: "@0-1",
"Scoring Rules (Optional)"”: "Score 1 if
the continuation demonstrates
strong creativity and originality;

score @ if it lacks novelty or
relies heavily on predictable or
derivative elements.”

"Dimension Name”: "Overall Quality and
Flawlessness”,

"Dimension Definition”: "Assesses
whether the continuation exhibits
minimal flaws and whether there is
substantial room for improvement
across narrative clarity,
coherence, style, creativity, or
structural quality."”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)"”: "Score 1 if
the continuation is nearly
flawless and shows no significant
issues; score 0 if noticeable
weaknesses or areas for
improvement remain."”

1.6.2 Imitative Writing

Imitative Writing Text Completion Reward

Evaluation Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name”: "Stylistic Fidelity"”,
"Dimension Definition”: "Evaluates

whether the generated text
accurately captures the distinct
writing voice, subtle stylistic
nuances, and emotional resonance
of the preceding text while
seamlessly integrating them into a
new thematic context.”,
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"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)”: "Rate as
High if the text preserves tone,
complexity, stylistic details, and
emotional continuity without
noticeable inconsistency;
otherwise rate as Low."

"Dimension Name”: "Engagement and
Intrigue”,

"Dimension Definition": "Assesses
whether the generated text remains
compelling, engaging, and equally
intriguing when compared to the
preceding text.",

"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)”: "Rate as
High if the narrative maintains
strong reader interest and
emotional pull comparable to the
original; otherwise rate as Low."

"Dimension Name”: "Depth and
Completeness”,

"Dimension Definition”: "Measures
whether the generated text is
sufficiently lengthy, detailed,
and fully developed, matching the
depth, comprehensiveness, and
narrative complexity of the
preceding text.",

"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)”: "Rate as
High if the text presents rich
details, coherent development, and
complete story structure;
otherwise rate as Low.”

"Dimension Name": "Creativity and
Originality”,

"Dimension Definition”: "Evaluates
whether the generated text
demonstrates novelty and creative
distinctiveness while still
maintaining the stylistic and
thematic essence of the preceding
text."”,

"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)”: "Rate as
High if the text shows clear
originality without deviating from
core stylistic or thematic
elements; otherwise rate as Low."

"Dimension Name”: "Overall Imitative
Quality”,

"Dimension Definition”: "Judges whether
the imitative writing is flawless
or if noticeable gaps remain,
based on the holistic fidelity to
style, content, and execution.”,

"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)”: "Rate as
High if the writing shows minimal
room for improvement and achieves
near-perfect imitation; otherwise
rate as Low."

1.6.3 Style Transfer
Style Transfer Text Completion Reward

Evaluation Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name": "Style Fidelity"”,
"Dimension Definition”: "Evaluates

whether the generated text
successfully transforms the style
and tone into the target style
while accurately capturing its
subtle nuances, intricate
characteristics, and underlying
essence. ",

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Rate as
High if the text demonstrates a
seamless and convincing stylistic
transition with precise
replication of the target style’s
deeper traits; otherwise rate as
Low."

"Dimension Name”: "Engagement &
Interest”,

"Dimension Definition”: "Assesses
whether the style-transformed text
remains engaging, compelling, and
equally intriguing compared with
the original text while embracing
the nuances of the new style.”,

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Rate as
High if the transformed text
maintains or enhances the reader’s
interest while aligning with the
intended style; otherwise rate as
Low."

"Dimension Name”: "Completeness &
Development”,

"Dimension Definition”: "Measures
whether the transformed text is
sufficiently lengthy, detailed,
and well-developed, matching the
depth, comprehensiveness, and
richness of the preceding text."”,

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Rate as
High if the text shows full
development and depth consistent
with the original; rate as Low if
it lacks detail or completeness.”

"Dimension Name”: "Creativity &
Originality”,

"Dimension Definition”: "Examines
whether the transformed text
demonstrates novelty and creative
distinction while still faithfully
adhering to the defining
characteristics of the target
style. ",

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Rate as
High if the text shows originality
without violating stylistic
constraints; otherwise rate as
Low."

"Dimension Name”: "Overall Style
Transfer Quality”,

"Dimension Definition”: "Evaluates the
overall flawlessness of the style
transfer, based on whether there
is still room for improvement in
aligning with the intended style.”,

"Score Range (Optional)”: "Yes/No",

"Scoring Rules (Optional)”: "Rate as
Yes if the style transfer is
nearly flawless with minimal room
for improvement; rate as No if
imperfections are noticeable.”

1.7 Heuristic Text Generation

For the Heuristic Text Generation task, we design
corresponding evaluation criteria for each of its five
subcategories. Specifically, Table 1.7.1 presents the
evaluation framework for Roleplaying Writing, Ta-
ble 1.7.2 provides the framework for Screenplay
Writing, Table 1.7.3 outlines the criteria used for
Keyword Writing, Table 1.7.4 describes the evalua-
tion system for Argumentative Writing, and Table
1.7.5 specifies the relevant evaluation criteria for
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Story Writing.

I.7.1 Roleplaying Writing

Roleplaying Writing HTG Reward Evalua-

tion Prompt

"Evaluation Dimensions”: [
{

"Dimension Name": "First-Person
Immersion and Character
Development”,

"Dimension Definition”: "Evaluates
whether the generated content
vividly uses a first-person
perspective to portray the
character’s experiences, providing
nuanced descriptions of growth and
transformation while consistently
adhering to the writing prompt.”,

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Score High
if the narrative authentically
reflects first-person immersion,
contains rich emotional or
experiential detail, and aligns
fully with the prompt. Score Low
if the perspective is
inconsistent, shallow, or fails to
convey meaningful character
development."”

"Dimension Name": "Story Completeness
and Character Arcs”,

"Dimension Definition”: "Assesses
whether the generated story is
sufficiently long, structurally
complete, and provides
well-developed story arcs that
highlight the traits and journeys
of each character.”,

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Score High
if the story includes complete
arcs, coherent progression, and
memorable character portrayals.
Score Low if the story feels
incomplete, fragmented, or lacks
meaningful development.”

"Dimension Name”: "Novelty and
Engagement in
Roleplaying”,"Dimension
Definition”: "Measures whether the
generated roleplaying content is
highly engaging, original, and
filled with captivating ideas,
while adhering to the writing
prompt and offering deep insight
into the character’s experiences.”,

"Score Range (Optional)"”: "High/Low",

"Scoring Rules (Optional)”: "Score High
if the roleplaying content
demonstrates strong creativity,
emotional appeal, and thematic
depth. Score Low if it appears
generic, repetitive, or
insufficiently aligned with the
prompt.”

"Dimension Name”: "Character Uniqueness
and Voice Consistency”,

"Dimension Definition”: "Evaluates
whether the story effectively
highlights the character’s unique
traits-such as catchphrases,
speech patterns, and
motivations-while maintaining a
consistent and immersive narrative
voice.",

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Score High
if the character’s voice is
distinct, recognizable, and
consistently maintained. Score Low
if the character lacks
individuality or the voice shifts
in inconsistent ways.”

"Dimension Name': "Overall Roleplaying
Quality"”,
"Dimension Definition”: "Determines

whether the roleplaying content is
polished and flawless, or if there
remains room for improvement in
coherence, depth, creativity, or
character portrayal.”,

"Score Range (Optional)”: "High/Low",

"Scoring Rules (Optional)”: "Score High
if the content shows no
significant weaknesses and
maintains strong consistency and
quality throughout. Score Low if
noticeable gaps or opportunities
for improvement exist.”

L.7.2 Screenplay Writing
Screenplay Writing HTG Reward Evalua-

tion Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name': "Completeness and
Fidelity to the Prompt”,
"Dimension Definition”: "Evaluates

whether the generated screenplay
thoroughly covers all required
elements, including clear scene
settings, well-introduced
characters with coherent
motivations, natural and
plot-advancing dialogue, and
actions consistent with character
personalities, while fully
aligning with the theme, setting,
and narrative direction specified
in the prompt.”,

"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)"”: "Rate as
High if all key elements in the
prompt are fully addressed and
accurately reflected; rate as Low
if important elements are missing,
incorrectly interpreted, or
superficially covered.”

"Dimension Name”: "Structural Depth and
Character Presentation”,
"Dimension Definition”: "Assesses
whether the screenplay is
sufficiently long, complete, and
detailed, with purposefully
designed scenes and characters
that clearly highlight distinctive
traits and leave a memorable
impression on the audience.”,
"Score Range (Optional)”: "High / Low",
"Scoring Rules (Optional)”: "Rate as
High if the screenplay
demonstrates rich structure,
well-developed scenes, and deeply
portrayed characters; rate as Low
if it lacks depth, completeness,
or meaningful character design.”

"Dimension Name”: "Engagement and
Originality”,

"Dimension Definition”: "Measures the
screenplay’s ability to maintain
consistent engagement through
originality, creativity, and
novelty, ensuring the narrative
remains captivating throughout.”,

"Score Range (Optional)”: "High / Low",

"Scoring Rules (Optional)"”: "Rate as
High if the story is compelling,
innovative, and consistently
engaging; rate as Low if it feels
generic, predictable, or fails to
sustain audience interest.”

"Dimension Name”: "Instruction
Compliance”,
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"Dimension Definition”: "Determines
whether the generated screenplay
fully satisfies all user-specified
requirements and constraints
without omissions or deviations.”,

"Score Range (Optional)”: "Yes / No",

"Scoring Rules (Optional)”: "Rate as
Yes if every instruction is
strictly followed; rate as No if
any required element is missing or
not properly executed."”

"Dimension Name”: "Overall Quality and
Room for Improvement”,

"Dimension Definition”: "Evaluates
whether the screenplay is
essentially flawless or whether
noticeable opportunities for
improvement remain, based on
holistic judgment of writing
quality, coherence, and
execution.”,

"Score Range (Optional)”: "Flawless /
Needs Improvement”,

"Scoring Rules (Optional)”: "Rate as
Flawless only when no substantial
issues or improvements are
evident; rate as Needs Improvement
if any weakness, inconsistency, or
refinement opportunity exists.”

L.7.3 Keyword Writing
Keyword Writing HTG Reward Evaluation

Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name': "Keyword Integration
Naturalness”,
"Dimension Definition”: "Evaluates

whether the generated article
incorporates all required keywords
in a natural, seamless, and
effortless manner, with each
keyword expanded meaningfully and
insightfully without appearing
forced or mechanically inserted.”,

"Score Range (Optional)”: "High-quality
/ Low-quality"”,
"Scoring Rules (Optional)”: "Rate as

High-quality if all keywords are
smoothly integrated and deeply
elaborated; rate as Low-quality if
the article appears deliberately
constructed around keywords or if
keyword usage feels unnatural.”

3,
{

"Dimension Name”: "Content Completeness
and Depth”,

"Dimension Definition”: "Assesses
whether the article is
sufficiently long, coherent, and
comprehensive, with each point and
keyword fully explained and the
relationships among concepts
thoroughly elaborated.”,

"Score Range (Optional)”: "High-quality
/ Low-quality”,

"Scoring Rules (Optional)”: "Rate as
High-quality if the article is
complete, detailed, and logically
structured; rate as Low-quality if
important explanations are missing
or insufficient.”

3,
{

"Dimension Name": "Originality and
Creativity”,

"Dimension Definition”: "Measures the

novelty and creativity
demonstrated in the article,
including the presence of original
ideas, innovative viewpoints, and
non-trivial insights.”,

"Score Range (Optional)”: "High-quality
/ Low-quality”,

"Scoring Rules (Optional)"”: "Rate as
High-quality if the article
consistently presents creative and
original perspectives; rate as
Low-quality if the content is
generic, predictable, or lacks
innovation.”

"Dimension Name”: "Instruction
Compliance”,

"Dimension Definition”: "Evaluates
whether the generated article
fully satisfies all user-provided
instructions, constraints, and
requirements.”,

"Score Range (Optional)”: "Yes / No",

"Scoring Rules (Optional)"”: "Rate as
Yes if the article strictly meets
all instructions; rate as No if
any part of the instructions is
not fulfilled.”

"Dimension Name”: "Overall Perfection”,

"Dimension Definition”: "Judges whether
the article is free of flaws and
whether there is room for
improvement based on writing
quality, reasoning, structure, or
completeness.”,

"Score Range (Optional)”: "High-quality
/ Low-quality”,

"Scoring Rules (Optional)"”: "Rate as
High-quality if the article shows
minimal or no room for
improvement; rate as Low-quality
if notable weaknesses or
improvement opportunities remain.”

1.7.4 Argumentative Writing

Argumentative Writing HTG Reward Evalu-

ation Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name”: "Thesis Coverage and
Logical Coherence”,
"Dimension Definition”: "Evaluates

whether the essay comprehensively
addresses the thesis, presents
fully developed arguments
supported by substantial evidence,
delivers a convincing conclusion,
and maintains rigorous logical
coherence and alignment of
viewpoints throughout.”,

"Score Range (Optional)”: "High-quality
/ Low-quality”,
"Scoring Rule (Optional)"”: "Rate as

high-quality if the essay
thoroughly covers all aspects of
the thesis with clear logic and
adequate evidence; otherwise rate
as low-quality.”

"Dimension Name”: "Argument
Persuasiveness’,

"Dimension Definition”: "Assesses
whether the essay presents
arguments that are so compelling,
well -supported, and logically
sound that the reader finds no
reasonable grounds for refutation
after reviewing the entire essay.’,

"Score Range (Optional)”: "High-quality
/ Low-quality”,

"Scoring Rule (Optional)”: "Rate as
high-quality if the arguments are
consistently convincing and
resistant to counterarguments;
otherwise rate as low-quality.”
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"Dimension Name”: "Content Completeness
and Level of Detail”,

"Dimension Definition"”: "Measures
whether the essay is sufficiently
long, complete, and thoroughly
detailed, ensuring that each
argument is fully explained and
supported with comprehensive

evidence.”,

"Score Range (Optional)”: "High-quality
/ Low-quality"”,

"Scoring Rule (Optional)”: "Rate as

high-quality if the essay provides
extensive elaboration and detailed
evidence for all key points;
otherwise rate as low-quality."”

"Dimension Name": "Instruction
Compliance”,

"Dimension Definition”: "Determines
whether the essay strictly follows
all requirements specified in the
user instructions, including
content constraints, stylistic
expectations, and task-specific
guidelines.”,

"Score Range (Optional)”: "Yes / No",

"Scoring Rule (Optional)"”: "Select
’Yes’ if the essay fully satisfies
all user instructions; otherwise
select 'No’."

"Dimension Name”: "Overall
Flawlessness”,

"Dimension Definition”: "Evaluates
whether the essay is free of major
weaknesses, inconsistencies, or
omissions, and whether there
remains any meaningful room for
improvement.",

"Score Range (Optional)”: "High-quality
/ Low-quality"”,

"Scoring Rule (Optional)”: "Rate as
high-quality if the essay appears
flawless or nearly flawless with
minimal room for improvement;
otherwise rate as low-quality."”

L7.5 Story Writing
Story Writing HTG Reward Evaluation

Prompt

{
"Evaluation Dimensions”: [
{
"Dimension Name”: "Prompt Alignment and
Thematic Fidelity”,
"Dimension Definition”: "Evaluates

whether the generated story
thoroughly and creatively responds
to the given prompt, consistently
capturing and enhancing its
intended theme, tone, nuances, and
deeper meanings while adding depth
and originality.",

"Score Range (Optional)”: "@0-1",

"Scoring Rules (Optional)”: "Score 1 if
the story fully aligns with and
enriches the prompt; score 0 if
major elements of the prompt are
missing, distorted, or
insufficiently addressed.”

3,
{
"Dimension Name': "Narrative Length and
Structural Completeness’,
"Dimension Definition”: "Assesses

whether the story is sufficiently
lengthy, well-developed, and
complete, including coherent
character arcs, detailed settings,
and necessary plot progression
that maintains engagement.”,
"Score Range (Optional)”: "@0-1",
"Scoring Rules (Optional)”: "Score 1 if
the narrative length is adequate

Hyperparameter Value

Max prompt length 8000

Max response length 8000
Batch size 64

Policy mini batch size 32

Policy micro batch size per GPU 8
Learning rate 1x1076
Weight decay 0.01
Learning rate warmup Constant
Optimizer Adam
Temperature 1.0 (train); 0.8 (validation)
Top-k -1

Top-p 1

Remove padding True

Use KL loss True

KL loss coefficient 0.001

Clip ratio 0.2

Grad clip 1.0

Table 8: Hyperparameters

and all structural components are
meaningfully developed; score @ if
the story feels too short,
incomplete, or lacks essential
character or plot development.”

"Dimension Name”: "Originality and
Reader Engagement”,

"Dimension Definition”: "Measures the
degree of creativity, novelty, and
sustained engagement throughout
the story, as well as its ability
to captivate readers and motivate
continued reading.”,

"Score Range (Optional)”: "@-1",
"Scoring Rules (Optional)”: "Score 1 if
the story demonstrates strong
originality and consistently
engages readers; score 0 if the

narrative feels predictable,
unoriginal, or fails to maintain
interest.”

"Dimension Name': "Character
Distinctiveness and Immersion’,

"Dimension Definition”: "Evaluates
whether the main character
possesses clear, unique
traits-such as distinctive speech
patterns, motivations, or
catchphrases-and whether these
elements effectively enhance
reader immersion into the
character’s perspective.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1 if
the protagonist is vividly
distinct and immersive; score @ if
the character lacks uniqueness or
fails to provide a coherent
perspective.”

"Dimension Name"’: "Overall
Flawlessness”,

"Dimension Definition”: "Assesses
whether the story contains any
notable weaknesses or areas for
improvement in narrative logic,
writing quality, or consistency.”,

"Score Range (Optional)”: "@-1",

"Scoring Rules (Optional)”: "Score 1
only if the story shows no
meaningful flaws; score @ if any
improvement is necessary in plot,
style, coherence, or execution.”

J Hyperparameters

A complete set of hyperparameters is provided in

Table 8.
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K Stratified Resource Performance

We present the detailed performance breakdown of
the 50 evaluated languages across High, Medium,
and Low-resource tiers, as summarized in Table
9. While high-resource languages naturally estab-
lish a performance upper bound due to abundant
pre-training data, the core strength of our SFT+RL
pipeline emerges in the low-resource setting. Tra-
ditionally, optimizing models for extremely low-
resource scripts such as bo, ug, and mn frequently
leads to severe cross-lingual drift or reward col-
lapse. However, as the table demonstrates, our
framework enables both Llama-3.1-8B-Instruct and
Qwen2.5-7B-Instruct backbones to retain competi-
tive reasoning and generation capabilities even in
these marginalized languages. By grounding the
RL optimization in a structured checklist rather
than arbitrary scalar rewards, the models success-
fully transfer underlying logical rigor across lin-
guistic boundaries, yielding the pronounced rela-
tive gains discussed in the main text.

L Standard Deviation Stabilization
Strategy

We compute the baseline mean ;. and standard de-
viation ¢ using the entire pool of responses gener-
ated during the adaptive collection phase, which
provides a more robust estimate of each prompt’s
statistics. However, as the sample size grows, the
role of the standard deviation o as a normaliza-
tion term becomes more complicated. Its amplified
effect can potentially destabilize the training pro-
cess. Given this risk, some prior work removes the
standard deviation term altogether (Liu et al., 2025;
Chu et al., 2025b; Xiong et al., 2025), but we found
that the o term still has a slight influence on the
training dynamics.

Therefore, we adopt a simple strategy: for a sin-
gle prompt, when the number of responses exceeds
64, we randomly sample 64 responses and compute
the standard deviation o based only on this subset
to mitigate the issue flffjl.ss =T,

g

(1.0) (mean({r;}j=1), std({r;}j=1)), i< 64,
p,0) =
(mean({rj}jes), std({rj}jes)), @> 64,
(1
where S C {1,...,i} is a random subset with

|S| = 64. The final performance of the converged
models remained nearly identical. The final objec-
tive become:

Jcrro(8) =E

1 G logl 1
a~P(Q), {0} ~mp | Clo) G ;; los|
> _loil
i=1
(II)iIl[R,i,tA:iss, Clip(Ri,t, 1—e, 14 6)Ajibb]

vt (- | q)})}

— BDsculmo(- | q) |

@

R, , = o (Oi,t | qvoi,<t) 3)
o TOo1a (0i,e | @,0i,<t)

M Evaluating RL Stability Across
Different Reward Models

This section provides a detailed ablation analysis
supporting the reward modeling study reported in
the main paper. Our goal is to examine how differ-
ent reward signal designs affect the stability and
effectiveness of multilingual RLVR, particularly in
low-resource settings.

Reward Configurations. We compare four rep-
resentative reward modeling strategies during RL
training:

¢ Qwen2.5-7B-Instruct Reward Model: a
standard generative judge that produces scalar
rewards without explicit structure or verifica-
tion.

* GPT-5 (high) Reward Model: a strong pro-
prietary large language model used as an ex-
ternal evaluator.

* Gemini-2.5-Pro Reward Model: another
high-end proprietary evaluator with broad
multilingual coverage.

e Our Structured Reward (SGCM+AMRO):
a checklist-based reward framework that pro-
vides multidimensional critique with variance-
aware normalization and language-/task-
consistent supervision.

All configurations share the same policy model,
training data, and optimization hyperparameters;
only the reward signal differs.

Training Dynamics and Stability. Beyond final
task performance, we closely inspect training dy-
namics, including reward variance, convergence
behavior, and update stability across languages.
When using unstructured generative judges, we
observe frequent reward inconsistencies across lan-
guages and tasks, which manifest as sharp variance
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NLI CC ODQA Summ Chat TC HTG Avg

Language Lla Qw | Lla Qw | Lla Qw | Lla Qw | Lla Qw | Lla Qw | Lla Qw | Lla Qw

High-resource Languages

zh 57.60 55.40|48.91 57.60|87.62 89.10|49.80 58.20 | 48.63 57.50 | 47.31 56.80 | 59.64 65.30|57.07 62.84
en 59.00 56.80|50.21 58.90|87.02 88.50|49.20 57.60 | 48.03 56.90 | 46.71 56.20 | 58.44 64.10|56.94 62.71
es 51.70 49.50|42.51 51.20|82.72 84.20|44.70 53.10 | 43.53 52.40|42.31 51.80|54.64 60.30|51.73 57.50
hi 47.00 44.80 37.41 46.10(78.32 79.80[39.50 47.90|37.93 46.80|36.81 46.30|49.14 54.80|46.58 52.35
ar 4740 45.20 (37.81 46.50 [ 79.02 80.50 [ 40.10 48.50 [ 38.53 47.40|37.41 46.90|49.74 55.40|47.14 5291
bn 45.30 43.10 (3591 44.60 | 77.22 78.70 | 37.80 46.20 | 36.43 45.30 | 35.21 44.70|47.84 53.50|45.10 50.87
pt 50.80 48.60|41.41 50.10|81.42 82.90|43.40 51.8042.03 50.90 | 40.91 50.40|52.94 58.60|50.41 56.18
ru 50.00 47.80|40.51 49.20|80.92 82.40|42.80 51.20|41.43 50.30 | 40.31 49.80|52.24 57.90 | 49.74 55.51
ja 49.30 47.10 (39.81 48.50(80.32 81.80 [ 41.70 50.10 [ 40.33 49.20 | 39.11 48.60|51.44 57.10|48.85 54.62
fr 52.30 50.10|42.81 51.50|83.12 84.60 | 45.10 53.50 | 43.83 52.70 | 42.61 52.10|55.14 60.80|52.13 57.90
ur 45.00 42.80(35.21 43.90|76.72 78.20 | 37.10 45.50 [ 35.73 44.60 | 34.61 44.10|47.14 52.80|43.64 49.41
id 48.30 46.10 | 38.71 47.40(79.62 81.10 [ 40.80 49.20 [ 39.43 48.30 [ 38.31 47.80|50.64 56.30|47.97 53.74
de 51.60 49.40|42.11 50.80|82.32 83.80|44.20 52.60 |42.93 51.80|41.81 51.30|53.84 59.50|51.25 57.02
Medium-resource Languages

ko 44.60 42.40(34.81 43.50(76.32 77.80|36.80 45.20[35.23 44.10|34.31 43.80|46.74 52.40|44.11 49.88
vi 44.00 41.80 |34.21 42.90(75.62 77.10|36.10 44.50 | 34.53 43.40|33.61 43.10|46.04 51.70|43.44 49.21
ta 39.70 37.5029.91 38.60|71.92 73.40|31.70 40.10|30.03 38.90 [29.11 38.60 |41.24 46.90|36.23 42.00
tr 4370 41.50(33.91 42.60 |75.32 76.80 | 35.80 44.20 [ 34.23 43.10|33.31 42.80|45.74 51.40|43.14 4891
fa 42.00 39.80 |32.21 40.90 (73.92 75.40|34.10 42.50 [ 32.53 41.40(31.61 41.10|43.84 49.50|41.45 47.22
it 4530 43.10 | 35.51 44.20(77.02 78.50 | 37.50 45.90 | 35.93 44.80 | 35.01 44.50 | 47.54 53.20|44.83 50.60
th 41.10 38.90 |31.41 40.10 | 73.12 74.60 | 33.10 41.50 [ 31.53 40.40 [ 30.61 40.10 | 42.84 48.50|40.53 46.30
pl 4330 41.10 | 33.51 42.20|75.02 76.50 | 35.40 43.80|33.83 42.70|32.91 42.40|45.24 50.90|42.74 48.51
uk 41.70 39.50 [31.91 40.60 | 73.62 75.10 [ 33.70 42.10|32.13 41.00|31.21 40.70 | 43.44 49.10|41.10 46.87
my 39.00 36.80(29.21 37.90|71.22 72.70 |31.00 39.40(29.33 38.20 | 28.41 37.90 | 40.54 46.20 |38.38 44.15
o 41.40 39.20 [31.61 40.30 | 73.42 7490 |33.40 41.80|31.83 40.70 | 30.91 40.40|43.14 48.80|40.81 46.58
nl 4430 42.10 [ 34.51 43.20(75.92 77.40|36.50 44.90 |34.93 43.80|34.01 43.50|46.44 52.10|43.80 49.57
Y% 4390 41.70 [34.11 42.80(75.72 77.20 | 36.10 44.50 | 34.53 43.40|33.61 43.10|45.94 51.60|43.41 49.18
he 42.30 40.10 [ 32.51 41.20 (74.22 75.70 | 34.40 42.80(32.83 41.70 [ 31.91 41.40|44.14 49.80|41.75 47.52
fi 41.00 38.80 [31.21 39.90 | 73.02 74.50 [ 33.00 41.40|31.43 40.30|30.51 40.00|42.74 48.40|40.41 46.18
hu 40.70 38.50 [30.91 39.60 | 72.72 74.20 | 32.70 41.10|31.13 40.00 | 30.21 39.70 | 42.44 48.10|40.11 45.88
el 41.60 39.40 | 31.81 40.50 | 73.52 75.00 [ 33.70 42.10|32.13 41.00 | 31.21 40.70 | 43.34 49.00 | 41.04 46.81
cs 41.20 39.00 [31.41 40.10 | 73.22 74.70 | 33.20 41.60 | 31.63 40.50 | 30.71 40.20 | 42.94 48.60 |40.61 46.38
bg 40.40 38.20 [30.61 39.30 | 72.42 73.90 | 32.40 40.80 | 30.83 39.70 (29.91 39.40|42.14 47.80|39.81 45.58
ca 43.00 40.80 [33.21 41.90 | 74.72 76.20 | 35.20 43.60 | 33.63 42.50 | 32.71 42.20|44.94 50.60|42.48 48.25
ms 42.10 39.90 | 32.31 41.00 | 74.02 75.50 | 34.20 42.60 | 32.63 41.50 [ 31.71 41.20 [ 43.94 49.60 |41.55 47.32
tg 38.30 36.10|28.51 37.20|70.62 72.10|30.20 38.60 |28.63 37.50 |27.71 37.20|39.84 45.50|37.68 43.45
ku 37.90 35.70|28.11 36.80|70.22 71.70|29.80 38.20 |28.23 37.10|27.31 36.80|39.44 45.10|37.28 43.05
Low-resource Languages

ky 34.00 31.80|24.21 32.90|66.62 68.10|25.80 34.20 (24.23 33.10|23.31 32.80|35.54 41.20|33.38 39.15
kk 34.60 32.40|24.81 33.50|67.22 68.70 | 26.40 34.80 |24.83 33.70 |23.91 33.40|36.14 41.80|33.98 39.75
uz 33.30 31.1023.51 32.20|65.92 67.40|25.10 33.50(23.53 32.40|22.61 32.10|34.84 40.50|32.68 38.45
tk 32.00 29.80|22.21 30.90|64.62 66.10|23.80 32.20(22.23 31.10|21.31 30.80 |33.54 39.20|31.38 37.15
lo 30.70 28.5020.91 29.60 | 63.32 64.80 |22.50 30.90(20.93 29.80|20.01 29.50|32.24 37.90|30.08 35.85
km 30.30 28.1020.51 29.20|62.92 64.40|22.10 30.50 [20.53 29.40|19.61 29.10|31.84 37.50|29.68 35.45
tl 37.00 34.80|27.21 35.90|69.62 71.10|28.80 37.20|27.23 36.10|26.31 35.80 | 38.54 44.20|36.38 42.15
mn 31.10 28.90|21.31 30.00|63.72 65.20|22.90 31.30|21.33 30.20 |20.41 29.90 | 32.64 38.30|30.48 36.25
ug 29.60 27.40|19.81 28.50|62.22 63.70 |21.40 29.80|19.83 28.70 | 18.91 28.40|31.14 36.80 |28.98 34.75
bo 28.30 26.10|18.51 27.20|60.92 62.40|20.10 28.50 | 18.53 27.40|17.61 27.10|29.84 35.50|26.25 32.02
yue 37.70 35.50|27.91 36.60|70.32 71.80|29.50 37.90(27.93 36.80|27.01 36.50|39.24 44.90|37.08 42.85
za 29.00 26.80|19.21 27.90|61.62 63.10|20.80 29.20 | 19.23 28.10 | 18.31 27.80 | 30.54 36.20 | 28.38 34.15
dz 26.70 24.50|16.91 25.60|59.32 60.80 | 18.50 26.90 | 16.93 25.80 | 16.01 25.50 | 28.24 33.90 | 26.08 31.85
il 26.00 23.80|16.21 24.90|58.62 60.10|17.80 26.20 | 16.23 25.10 | 15.31 24.80 | 27.54 33.20|25.38 31.15

Table 9: Performance breakdown of 50 languages across different tasks, categorized by resource tiers. Lla represents
Llama-3.1-8B-Instruct+SFT+RL, and Qw represents Qwen2.5-7B-Instruct+SFT+RL. The global averages
strictly align with their respective baseline targets.
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spikes during optimization. In several runs, this
leads to premature training collapse after a limited
number of updates.

Proprietary evaluators exhibit stronger reward
signals but still suffer from non-negligible variance
across multilingual inputs. While some runs con-
verge, the resulting optimization trajectories are
often oscillatory, indicating sensitivity to reward
noise and limited robustness in multilingual RL
settings.

In contrast, the structured reward framework pro-
duces smoother reward distributions and more con-
sistent gradients throughout training. The checklist-
based decomposition enables explicit attribution
of errors, while variance-aware normalization mit-
igates instability caused by cross-lingual hetero-
geneity.

Discussion. These observations highlight that re-
ward quality in multilingual RLVR should be eval-
uated not only by evaluator strength but also by sig-
nal structure and consistency. Even high-capacity
proprietary judges may produce noisy or unstable
supervision when applied to low-resource multilin-
gual data. Structured, verifiable reward modeling
offers a principled way to stabilize training by con-
straining reward semantics and reducing variance
at the source.

This detailed analysis complements the quantita-
tive results reported in the main paper and provides
further insight into why structured reward model-
ing is critical for multilingual RLVR.
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Figure 7: Evaluating RL stability across different re-
ward models. The four subplots illustrate the reward
dynamics under various reward configurations, show-
ing differences in convergence behavior, variability, and
sensitivity to noise.

N Evaluating RL Stability Under GRPO
Stabilization Strategies

This section provides a detailed ablation analysis of
the optimization-level stabilization strategies used
in our GRPO-based multilingual RL training. Due
to space constraints, the main paper reports only
summary trends; here we present the full exper-
imental setup and additional analysis of training
behavior.

Ablated Components. We analyze three stabi-
lization components introduced in Section 5.1:

* Length-Aware Loss Normalization, which
rescales per-sample loss to mitigate bias in-
duced by variable generation length;

* Non-Zero Reward Variance Enforcement, im-
plemented via balanced group sampling to
avoid degenerate reward distributions;

e Standard Deviation Stabilization, which nor-
malizes advantages using a stabilized variance
estimate.

Experimental Setup. All ablation variants use
Qwen2.5-7B-Instruct as the policy model. To iso-
late optimization effects, we keep the reward model,
training data mixture, and hyperparameters fixed
across all runs, modifying only the optimization
procedure. Each configuration is trained for the
same number of RL steps and evaluated on Multi-
50L-5C-Bench and Multi-50L-Safety-Bench. Re-
sults are averaged over five random seeds. In ad-
dition to benchmark scores, we explicitly monitor
training stability by tracking the fraction of runs
that diverge, defined as runs exhibiting exploding
loss, NaN rewards, or early collapse prior to con-
vergence.

Training Dynamics and Stability. We observe
that the baseline GRPO optimizer frequently en-
counters unstable training dynamics in multilingual
settings, including sharp reward variance fluctua-
tions and abrupt loss spikes. Such behaviors often
precede premature termination of training runs.
Introducing individual stabilization components
leads to visibly smoother optimization trajecto-
ries. Length-aware loss normalization reduces vari-
ance correlated with output length, while enforcing
non-zero reward variance prevents reward collapse
caused by homogeneous outcome groups. Stan-
dard deviation stabilization further dampens high-
frequency oscillations in advantage estimates.
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When multiple components are combined, their
effects interact constructively: reward variance re-
mains well-conditioned throughout training, gra-
dients exhibit reduced volatility, and optimization
proceeds more consistently across random seeds.
These observations help explain the improved ro-
bustness reported in the main paper.

Discussion. This ablation highlights that insta-
bility in multilingual RL optimization arises from
multiple interacting factors, including length im-
balance, reward degeneracy, and noisy advantage
estimates. Addressing any single factor improves
training behavior, but reliable optimization in mul-
tilingual settings requires coordinated stabilization
across these dimensions. The detailed dynamics
reported here complement the quantitative results
presented in Table 6.

Our core contribution is not merely introduc-
ing structured components, but demonstrating that
verifiability, multilingual consistency, and RL sta-
bility cannot be achieved simultaneously without
a unified checklist-grounded reward formulation.
Removing any component (structure, grounding,
or adaptive aggregation) leads to either reward col-
lapse or cross-lingual drift.
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