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Abstract

The Retrieval-Augmented Generation (RAG)
systems’ performance on Thai legal question
answering is still limited, especially for ques-
tions requiring extensive, complex legal reason-
ing. To address these limitations, we introduce
a resource-efficient approach that aligns Large
Language Models (LLMs) for improved cita-
tion accuracy and response quality using Group-
Relative Policy Optimization (GRPO). Our pro-
posed method leverages BGE-M3 embeddings
as a cost-efficient semantic-similarity reward,
significantly reducing computational expenses
up to 2.5× compared to an LLM-based reward
model. Experiments on the NitiBench bench-
mark demonstrate substantial improvements:
GRPO achieves up to 90% citation-F1 gains
relative to the base model and a 31% increase
in joint quality metrics over instruction tuning.
Crucially, our approach provides a practical and
effective solution for enhancing legal LLMs in
resource-constrained environments.

1 Introduction

The ability to deliver accurate and grounded an-
swers with relevant law citations is essential for
reliable legal question answering. Most legal-
domain LLM solutions (Corporation, 2025; Lexis-
Nexis, 2023; Takyar, 2024; Viriyayudhakorn, 2024)
adopt Retrieval-Augmented Generation (RAG) to
reduce hallucinations by attaching retrieved legal
documents as supporting context. However, re-
trieved documents are not always fully leveraged
and can contain false positives (Akarajaradwong
et al., 2025; Magesh et al., 2024). A common ap-
proach to mitigate this issue is to require LLMs
to emit explicit citations during generation. Yet,
Akarajaradwong et al. (2025) show that even when
golden contexts are provided, strong proprietary
models often fail to cite all relevant law sections
at generation time. These findings highlight a key
limitation of current LLMs in producing factually

grounded responses, thereby undermining the relia-
bility of downstream legal applications. Ensuring
accurate and well-cited responses thus remains a
central open challenge in the legal domain.

While instruction tuning can partially address
this gap, it provides limited control over citation be-
havior since its objective is to maximize next-token
likelihood rather than citation accuracy. This high-
lights the need for more targeted alignment that not
only improves factuality but also enforces verifi-
able citation standards. To enable fine-grained con-
trol over citation accuracy, we frame Thai legal QA
as a citation-sensitive alignment challenge. Build-
ing on recent advances in Reinforcement Learning
with Verifiable Rewards (RLVR) (DeepSeek-AI
et al., 2025) and Group-Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024), we treat citation
accuracy and response quality as a verifiable re-
ward and directly align LLMs toward higher ci-
tation quality during alignment tuning. Although
computing rewards for citation is straightforward
and inexpensive, evaluating response quality is far
more costly, as it typically requires an LLM-based
reward model during training, leading to significant
computational overhead and higher alignment costs.
This raises our central research question: How
can we affordably and effectively align LLMs for
citation-sensitive legal QA in resource-constrained
settings such as Thai law?

To address this, we investigate the following
research questions:
• (RQ1) Reward Strategies: What are the trade-

offs between an LLM-based reward model com-
pared with a low-cost semantic reward proxy
for modeling response quality rewards?

• (RQ2) Thai-CPT vs. Language-Generic:
Does Thai-specific continued pretraining en-
hance the effectiveness of alignment strategies?

• (RQ3) RLVR vs. Instruction Tuning: How
can RLVR enhance response quality and cita-
tion accuracy compared to instruction tuning?
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Figure 1: Demonstration of our proposed method. Here, we use GRPO objectives with specialized reward to align
LLM towards better citation and response using Response Quality Reward and Citation Accuracy Reward
(§3.1).

Our experiments on the NitiBench bench-
mark (Akarajaradwong et al., 2025) yield three
key contributions. First, we propose a low-cost
semantic reward proxy to compute response quality
reward using general embedding models, achieving
over 2.5× improvement in training efficiency while
maintaining performance comparable to an expen-
sive LLM-based reward model. Second, we show
that Thai-CPT models are more receptive to align-
ment signals than their general-purpose counter-
parts. Finally, we demonstrate that GRPO consis-
tently outperforms instruction tuning in improving
citation fidelity and response quality, particularly
for in-domain tasks. Together, these findings pro-
vide a recipe for building specialized legal LLMs
that achieve efficient and accurate law grounding
under resource constraints.

2 Background

Thai Legal System Thailand operates under a
civil law system, characterized by a strict hierarchy
of written laws. At the apex is the Constitution,
followed by Organic Laws, Acts, Codes, and vari-
ous subordinate legislation like Royal Decrees and
Ministerial Regulations. This hierarchy mandates
that lower-level laws must not contradict higher
ones, creating a highly structured but complex le-
gal corpus.

These documents are meticulously organized
into a multi-tiered structure, often including divi-
sions such as Book, Title, Chapter, Division, and
ultimately, the Section. A Section is the fundamen-
tal unit of law, articulating a specific rule, right, or
obligation. Accordingly, this work focuses on eval-
uating legal reasoning and citation performance at
the Section level, treating it as the primary unit for
retrieval and grounding.

Enhancing LLM legal citation performance A
growing body of work seeks to make LLMs pro-
duce verifiable citations. CitaLaw (Zhang et al.,
2025) adapts the ALCE benchmark (Gao et al.,
2023) to the legal domain, introduces a syllogism-
level citation metric, and supports both statutes and
precedent cases. ALCE itself evaluates statement-
level grounding using an NLI verifier, requiring
every generated claim to be backed by retrieved
evidence. Shareghi et al. (2024) compares cita-
tion accuracy across three retrieval regimes: 1)
retriever-only, 2) LLM query-rewrite, and 3) hy-
brid method. This work focuses on Australian
case-law and shows that task-specific instruction
tuning yields the largest gains in improving cita-
tion accuracy. LegalBench-RAG (Pipitone and
Alami, 2024) isolates the retriever’s contribution
by measuring precision over expert-annotated snip-
pets while varying chunking and top-k, revealing
a retrieval-quality ceiling on downstream citation
F1.

Usage of embedding-based reward models
Early works explored leveraging pretrained embed-
dings as reward signals for text generation align-
ment. Yasui et al. (2019) finetune BERT (Devlin
et al., 2019) on Semantic Textual Similarity (STS)
and employ the tuned model as a REINFORCE
reward for machine translation. Kumar and Sub-
ramaniam (2019) optimize an abstractive summa-
rizer directly for BERTScore (Zhang et al., 2020),
observing higher fluency and lower redundancy
than ROUGE-reward baselines. More recently,
Sun et al. (2025) distil preference scores from the
“gold” reward model of Dong et al. (2023, 2024)
into lightweight proxies, an MLP and a LightGBM,
that take paired Gemma-2B embeddings as input,
achieving judge-level quality. These results indi-
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cate that inexpensive embedding-based rewards
can rival heavyweight LLM judges for preference-
optimized generation. However, their integration
into modern preference-optimization algorithms
remains under-explored.

Research Gap Existing legal QA systems rely
primarily on instruction tuning, with limited suc-
cess on citation grounding. While GRPO and ef-
ficient reward proxies have shown promise else-
where, their application to legal domains, particu-
larly Thai legal QA, remains underexplored. We
address this gap by investigating GRPO’s impact
on citation accuracy and evaluating cost-effective
reward strategies.

3 Proposed Studies

We frame the Thai legal question answering (QA)
task as a citation-sensitive generative task, where
the model must generate a free-form response and
citations based on a user query and a set of retrieved
legal documents. The response must be semanti-
cally informative, cite relevant statutes, and avoid
hallucinations that reference unsupported claims.

To align LLMs with these objectives, we pro-
posed a framework based on GRPO (Shao et al.,
2024), which aligns model behavior through a care-
fully designed reward function that encourages re-
sponse quality and citation accuracy. Our proposed
method is summarized in Figure 1. This reward-
based formulation enables us to study how differ-
ent alignment strategies influence legal response
quality under the constraints of low-resource legal
domains.

3.1 Reward Strategies (RQ1)
Response Quality Reward We design a reward
to ensure that the quality of the response is accept-
able, given the reference answer from the ground
truth. Here, we provide two setups for evaluating
generated response quality.

First, using a strong LLM as a reward model
where the reward model grades the coverage and
contradiction score1 between the generated re-
sponse and the reference response. This is referred
to as “cov/con” reward in the results table.
• Coverage Reward rresponse_cov measures se-

mantic coverage between generated response
x and ground-truth responses x̂ whether x is
no coverage (rresponse_cov(x, x̂) = 0), partial

1We adopt these metrics based on Akarajaradwong et al.
(2025) response evaluation metrics.

coverage (rresponse_cov(x, x̂) = 0.5), or full cov
(rresponse_cov(x, x̂) = 1) following Laban et al.
(2024); Akarajaradwong et al. (2025).

• Contradiction Reward rresponse_con(x, x̂) = 1
if x does not contradict x̂. rresponse_con(x, x̂) =
0 otherwise.

Second, our proposed method utilizes the se-
mantic similarity between x and x̂. Formally, Se-
mantic Similarity Reward computes the similar-
ity score between the generated answer text and the
ground-truth answer using an embedding model
(0 < rresponse_semantic(x) < 1). This is referred to
as “semantic reward” in the result table.

Citation Accuracy Reward We design a multi-
component verifiable reward function that ensures
correct legal citation. In particular, our reward
formulation decomposes citation quality into three
measurable dimensions:
• Format Reward rcitation_format(x) = 1 if the

rollout output x adheres specified XML format.
In case that x doesn’t adhere to XML format,
the reward of that rollout is overridden to zero.

• Grounded Citation Reward In case that x
cites law sections that are not provided in the re-
trieved documents, the reward of that rollout is
overridden to zero. Additionally, to encourage
correct and grounded citation, any successful
citation is rewarded with rcitation_grounded(x) =
0.5.

• Citation F1 Reward rcitation_f1(x) = F1 score
of the citation in x.

3.2 Multilingual vs. Thai-CPT Model (RQ2)
We evaluate two types of pretrained models: (1)
the original multilingual model instruction-tuned
from Qwen2.5-7B (Qwen et al., 2025), and (2)
the model that undergoes continued pretraining on
Thai-centric corpora prior to instruction tuning.
1. Qwen2.5-7B-Instruct2 (Qwen et al., 2025)
2. Typhoon2-qwen2.5-7b-Instruct3 (Pipatanakul

et al., 2024)
3. OpenThaiGPT1.5-7b-Instruct4 (Yuenyong et al.,

2025)
To assess the impact of language-specific pre-

training, we compare a general-purpose model
against two Thai-CPT variants, Typhoon2 and
OpenThaiGPT1.5, as both models are finetuned

2https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
3https://huggingface.co/scb10x/typhoon2-qwen2.5-7b-

instruct
4https://huggingface.co/openthaigpt/openthaigpt1.5-7b-

instruct
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on Qwen2.5-7B. This controlled setup allows us
to isolate the effect of continued pretraining on the
effectiveness of our alignment strategies for Thai
legal QA.

4 Experimental Setup

4.1 Datasets

We use the WangchanX-Legal-ThaiCCL-RAG
dataset5 for training and the NitiBench benchmark
for evaluation (Akarajaradwong et al., 2025).

Training Data Our training data is a multi-label
dataset derived from 35 Thai financial laws via a
semi-automated, expert-validated process. It was
created using a semi-automated, expert-validated
process where questions were generated from legal
sections. Crucially, this dataset is inherently multi-
label, reflecting that a single legal query can involve
multiple relevant statutes.

Evaluation Benchmark The NitiBench bench-
mark provides two evaluation splits:
• NitiBench-CCL (In-Domain): Derived

from WangchanX-Legal-ThaiCCL-RAG’s
expert-curated test set, this benchmark is pri-
marily single-label, designed to test in-domain
precision by targeting specific legal sections.

• NitiBench-Tax (Out-of-Distribution): This
challenging benchmark evaluates generalization
using tax rulings from the Revenue Department.
It is inherently multi-label and features longer,
more complex answers.

4.2 Evaluation Metrics

We evaluate performance using the NitiBench End-
to-End (E2E) metrics (Akarajaradwong et al., 2025)
with GPT-4o serving as the judge. This aligns
with the benchmark’s methodology, which vali-
dated GPT-4o as the most reliable automated judge
due to its high agreement with human legal experts.

To provide a holistic view, we report four key
metrics:
• Citation F1: F1-score of cited legal sections

against the ground truth, measuring the accuracy
of legal grounding.

• Coverage: A normalized score (0-1) measuring
the semantic overlap between the generated and
ground-truth answers, assessing answer correct-
ness.

5https://huggingface.co/datasets/airesearch/WangchanX-
Legal-ThaiCCL-RAG

• Consistency: Factual consistency with the
ground truth, calculated as 1 - Contradiction
Score to ensure reliability and align all metrics
on a "higher is better" scale.

• Joint Score: The unweighted average of the
above three metrics, providing a single, compre-
hensive measure of overall performance.

4.3 Training Setups
Prompt Construction Our training prompt com-
posed of three components: 1) Instruction , 2) Posi-
tive and negative law sections6, and 3) the question.
We limit the number of positive and negative law
sections to 10 where negatives are mined from the
retriever. Our max prompt length set to 8,192 to-
kens and the positives and negatives documents or-
der in the prompt are shuffled for every batch sam-
pled. If the constructed prompt is longer than 8192
tokens, we iteratively remove the longest mined
negatives and filled it with the negative of the next
highest-ranked until the prompt length fits the con-
text limit. The target output format for both IT
and GRPO is structured XML-like text including
<reasoning>, <answer>, and <citation> tags.

For the retriever, we use the Human-Finetuned
BGE-M37, established by Akarajaradwong et al.
(2025) as the top-performing model for Thai le-
gal retrieval. Additional details regarding input and
output formatting are provided in Appendix B.

Training Objectives We fine-tune all models us-
ing Low-Rank Adaptation (LoRA) (Hu et al., 2021)
(r = 256, 16-bit precision), applying adapters to all
attention layers8. We trained all GRPO models for
one epoch on a single NVIDIA A100 80GB GPU
using the Unsloth (Daniel Han and team, 2023),
with a learning rate of 5e-6 and a rollout size of 10.
Full hyperparameters are detailed in Appendix A.1.

Baseline (RQ3) For the baseline, we used
• Base Instruction Tuned Model: The base

instruction-tuned model provided by the origi-
nal authors.

• Instruction Tuned Model with LoRA: The
instruction-tuned model with LoRA adapter tar-
geting the same layers with the same rank con-
figuration. We finetuned for 3 epochs on the
training set.

6Here, we use the term ‘section’ by the mean of law section
as a retrieved document from the database.

7https://huggingface.co/VISAI-AI/nitibench-ccl-human-
finetuned-bge-m3

8We apply LoRA on q_proj, k_proj, v_proj, gate,
up_proj, down_proj
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4.4 Inference and Result Aggregation

We report the mean and standard deviation
over three inference runs for each model, using
vLLM (Kwon et al., 2023) with different ran-
dom seeds to ensure robust evaluation (see Ap-
pendix A.2 for details).

5 Results

Table 1 presents our main results, averaged over
three runs. We note that the Citation F1 scores are
constrained by the retriever: the upstream BGE-
M3 retriever achieves a maximum F1 of 0.9220
on NitiBench-CCL and 0.4809 on NitiBench-Tax.
This represents the theoretical upper bound, as mod-
els cannot cite unretrieved documents.

5.1 GRPO Reward Strategies (RQ1)

Our results reveal a clear trade-off between the two
reward strategies, with performance being highly
context-dependent.

For in-domain tasks, the cost-efficient semantic
similarity reward proves highly effective. Mod-
els that were aligned using semantic reward often
outperform the other two variants (instruction tun-
ing and cov/con reward) in the joint score. This
confirms its value as an efficient reward proxy when
a strong ground-truth answer provides a clear se-
mantic target, offering a cost-effective alternative
to an expensive LLM-based reward model.

On the other hand, for complex generaliza-
tion tasks, rewards from an LLM-based re-
ward model yield consistent performance. On
NitiBench-Tax, cov/con reward shows positive per-
formance across all metrics compared to semantic
reward, e.g., typhoon2 (semantic reward) performs
worse on consistency score compared to baseline.
This suggests that for more difficult legal reason-
ing, the higher-fidelity signal from a capable re-
ward model offers a tangible advantage. Impor-
tantly, both GRPO strategies vastly outperform
their instruction-tuned counterparts.

5.2 Impact of Base Model Priors (RQ2)

GRPO’s effectiveness is highly dependent on
the base model’s priors, especially for the out-
of-domain tasks. While the language-generic
Qwen2.5 model struggles, GRPO delivers signifi-
cant gains on the Thai-aligned models (Typhoon2,
OpenThaiGPT1.5). This supports the hypothesis

that RL enhances sampling efficiency, finding cor-
rect reasoning paths that the model can already
access, rather than creating new reasoning capac-
ity (Yue et al., 2025). Thai-CPT models appear
to possess stronger priors for these complex tasks,
and GRPO capitalizes on this by biasing outputs
towards correct, pre-existing pathways.

In contrast, instruction tuning consistently de-
grades performance, likely by disrupting these path-
ways or overfitting. However, the modest gains
in Coverage and Consistency on the NitiBench-
Tax set suggest that improved sampling alone is
insufficient to fully address complex answer gener-
ation, highlighting the limits of RL in expanding a
model’s core reasoning boundary (Yue et al., 2025).

5.3 Effectiveness of GRPO (RQ3)
GRPO better improves the performance of
the LLM compared to instruction tuning
across both benchmarks. On the in-domain task,
GRPO yields substantially higher gains (e.g., +27-
31% gain for Typhoon2 GRPO vs. +15% for in-
struction tuned on Joint Score). Critically, on the
challenging out-of-domain task, GRPO provides
a stable performance uplift, whereas instruction
tuning consistently degrades model performance.

GRPO models citation performance is compa-
rable with proprietary LLMs on the in-domain
benchmark. Under NitiBench-CCL (in-domain)
setups, two models (OpenThaiGPT1.5 GRPO with
cov/con reward and Qwen2.5-7B GRPO with se-
mantic reward) outperform GPT-4o in citation F1,
showing a promising result in aligning LLM to-
wards better citation with an RL-based approach.
On the out-of-domain generalization task, all listed
larger models significantly outperform our tuned
7B models. NitiBench-Tax requires complex, chal-
lenging legal reasoning, so larger models might
have advantages while incurring significant infer-
ence cost.

6 Reward Composition Analysis

To understand reward contributions, we performed
ablations on OpenThaiGPT1.5-7B9 (see Table 1),
comparing our main GRPO variants against config-
urations using: (1) combined semantic and cover-
age/consistency rewards (‘semantic + cov/con re-
ward’), and (2) only citation-related rewards (‘w/o
answer reward’).

9We selectively chose OpenThaiGPT1.5-7B due to its su-
perior performance on NitiBench-CCL joint score.
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model Citation F1 ↑ SD gains (%) Coverage ↑ SD gains (%) Consistency ↑ SD gains (%) Joint score gains (%)

Nitibench-CCL (In-Domain)

qwen2.5-7b-instruct 0.4103 0.0015 0.5908 0.0041 0.8402 0.0030 0.6138
+LoRA instruction tuning 0.5691 0.0040 38.70 0.5832 0.0075 -1.29 0.8341 0.0024 -0.72 0.6622 7.88
+LoRA GRPO (cov/con reward) 0.6796 0.0020 65.63 0.6322 0.0010 7.00 0.8598 0.0009 2.34 0.7239 17.94
+LoRA GRPO (semantic reward) 0.7146 0.0009 74.14 0.7197 0.0023 21.81 0.8232 0.0024 -2.02 0.7525 22.60
typhoon2-qwen2.5-7b-instruct 0.3597 0.0042 0.5587 0.0061 0.8553 0.0076 0.5912
+LoRA instruction tuning 0.5744 0.0028 59.71 0.6214 0.0030 11.23 0.8572 0.0030 0.22 0.6843 15.75
+LoRA GRPO (cov/con reward) 0.6514 0.0013 81.10 0.7092 0.0039 26.95 0.9032 0.0019 5.60 0.7546 27.63
+LoRA GRPO (semantic reward) 0.6828 0.0028 89.84 0.7735 0.0012 38.45 0.8757 0.0028 2.38 0.7773 31.48
openthaigpt1.5-qwen2.5-7b-instruct 0.4299 0.0048 0.5556 0.0010 0.8234 0.0048 0.6030
+LoRA instruction tuning 0.5613 0.0069 30.56 0.5930 0.0024 6.73 0.8371 0.0031 1.66 0.6638 10.08
+LoRA GRPO (cov/con reward) 0.7197 0.0020 67.40 0.6680 0.0034 20.23 0.8705 0.0034 5.72 0.7527 24.84
+LoRA GRPO (semantic reward) 0.7017 0.0016 63.23 0.7214 0.0041 29.84 0.8554 0.0021 3.89 0.7595 25.96
+LoRA GRPO (semantic + cov/con rewards) 0.6912 0.0024 60.77 0.6109 0.0049 9.95 0.8529 0.0032 3.58 0.7183 19.13
+LoRA GRPO (w/o answer reward) 0.6704 0.0022 55.95 0.5484 0.0042 -1.29 0.8037 0.0086 -2.39 0.6742 11.82

gpt-4o-2024-08-06 0.7140 0.8520 0.9450 0.8370
gemini-1.5-pro-002 0.6510 0.8650 0.9520 0.8227
claude-3-5-sonnet-20240620 0.5950 0.8970 0.9600 0.8173

Nitibench-Tax (Out-of-Domain)

qwen2.5-7b-instruct 0.2110 0.0272 0.3333 0.0082 0.5733 0.0340 0.3726
+LoRA instruction tuning 0.0975 0.0192 -53.82 0.2867 0.0249 -13.99 0.5067 0.0094 -11.63 0.2969 -20.30
+LoRA GRPO (cov/con reward) 0.1678 0.0196 -20.47 0.2933 0.0047 -12.00 0.5633 0.0094 -1.74 0.3415 -8.34
+LoRA GRPO (semantic reward) 0.1555 0.0135 -26.31 0.3167 0.0249 -4.99 0.5667 0.0249 -1.16 0.3463 -7.05
typhoon2-qwen2.5-7b-instruct 0.1272 0.0150 0.3333 0.0411 0.5467 0.0249 0.3357
+LoRA instruction tuning 0.1072 0.0315 -15.71 0.2633 0.0205 -21.00 0.5667 0.0189 3.66 0.3124 -6.95
+LoRA GRPO (cov/con reward) 0.2035 0.0197 60.03 0.3800 0.0294 14.00 0.5833 0.0189 6.71 0.3889 15.85
+LoRA GRPO (semantic reward) 0.2113 0.0134 66.18 0.3633 0.0411 9.00 0.4933 0.0525 -9.76 0.3560 6.04
openthaigpt1.5-qwen2.5-7b-instruct 0.1850 0.0247 0.3367 0.0519 0.5400 0.0849 0.3539
+LoRA instruction tuning 0.1039 0.0387 -43.84 0.3267 0.0450 -2.97 0.5800 0.0283 7.41 0.3368 -4.81
+LoRA GRPO (cov/con reward) 0.2085 0.0328 12.73 0.3667 0.0205 12.24 0.5600 0.0748 3.70 0.3784 6.93
+LoRA GRPO (semantic reward) 0.2482 0.0054 34.16 0.2500 0.0424 -25.74 0.6000 0.0490 11.11 0.3661 3.44
+LoRA GRPO (semantic + cov/con rewards) 0.1830 0.0048 -1.04 0.3067 0.3682 -8.91 0.5267 0.0499 -2.47 0.3388 -4.26
+LoRA GRPO (w/o answer reward) 0.1662 0.0090 -10.16 0.3133 0.0125 -6.93 0.5333 0.0189 -1.23 0.3376 -4.60

gpt-4o-2024-08-06 0.4380 0.5000 0.5400 0.4927
gemini-1.5-pro-002 0.3320 0.4400 0.5200 0.4307
claude-3-5-sonnet-20240620 0.4570 0.5100 0.5600 0.5090

Table 1: Performance comparison (avg ± SD, 3 runs) on Nitibench-CCL and Nitibench-Tax: Baseline vs. instruction
tuning, GRPO (cov/con reward), GRPO (semantic reward). Relative performance gains over baseline are indicated.
Comparison provided against 3 proprietary LLM results from Akarajaradwong et al. (2025) on the same settings.

6.1 Impact of Combining Answer Rewards
(RQ1)

Simply combining the semantic and cov/con re-
wards degrades the performance. This com-
bined configuration underperformed compared to
using either reward individually across most met-
rics. The performance drop was particularly no-
table for Coverage and Consistency on NitiBench-
CCL, and the model showed poor generalization
on NitiBench-Tax. We hypothesize that naive sum-
mation creates balancing issues or negative inter-
ference, indicating that more sophisticated reward
scaling or normalization is required.

6.2 Impact of Removing Answer Rewards
(RQ1)

Using only citation-only reward enhances LLM
citation ability for in-domain, but does not im-
prove the quality of the generated response.
While in-domain Citation F1 improved over base-
line (+56%), Coverage and Consistency degraded
below baseline levels. This variant also performed
worst among GRPO configurations on CCL citation
and failed to generalize on NitiBench-Tax (-10%

gain). This strongly indicates that both citation
and generation aspects are coupled; optimizing
citations alone harms overall quality and general-
ization, demonstrating the need for answer quality
rewards even to maximize citation performance
within GRPO.

Figure 2: Semantic Similarity distributions by Coverage
score level on (a) NitiBench-CCL and (b) NitiBench-
Tax. Median similarity tends to increase with coverage
on CCL, a trend not observed on Tax.

6.3 Correlation of Semantic Similarity with
Coverage and Consistency (RQ1)

To further investigate the reason why the model
generalizes poorly on NitiBench-Tax, we con-
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Figure 3: Semantic Similarity distributions by Consis-
tency score on (a) NitiBench-CCL and (b) NitiBench-
Tax. Consistent answers on CCL show higher similarity;
this distinction is less clear on Tax.

ducted an analysis on the relationship between se-
mantic rewards and cov/con rewards. Figure 2 and
3 show a box plot comparing the coverage and con-
sistency score rated by Qwen2.5-72B reward model
with the semantic similarity score from BGE-M3,
respectively. Our analysis shows a strong positive
correlation between coverage/consistency score
and semantic similarity on NitiBench-CCL, ex-
plaining the effectiveness of the semantic reward
for in-domain setups. Conversely, this correla-
tion disappears on the complex NitiBench-Tax set,
where simple semantic overlap is insufficient to
capture nuanced factual correctness.

This contrast highlights a critical limitation:
while semantic similarity is a viable low-cost proxy
for tasks where answers are semantically close to
the ground truth, it is an unreliable indicator for
complex generalization tasks that demand deeper
reasoning and synthesis (see Appendix D).

7 Error Analysis

To better understand the trade-offs between dif-
ferent response quality reward strategies, we per-
formed a qualitative analysis on the outputs of
OpenThaiGPT1.5-7B GRPO with semantic and
cov/con reward. We highlight three cases as shown
in Table 2.

7.1 Success of Integrating Substantive and
Procedural Law in Both Reward Choices

In Case 1, a correct answer must combine the sub-
stantive rule (THB 20M per spouse; 5% on the
excess) with the procedural requirement (payment
at the Land Office at the time of registration un-
der Sec. 52). Both reward strategies increased
the likelihood that models included this procedu-
rally binding detail, indicating that optimizing for a
complete ground-truth match promotes procedural
grounding.

7.2 Semantic reward can omit necessary
intermediate steps

In tasks that require multi-step reasoning over re-
trieved context (Case 2), we observe that the GRPO-
trained model with a semantic reward can short-
circuit the analysis. In this case, the model trained
with an LLM-judge reward first characterizes the
instrument, treating the ‘funding agreement’ as a
‘contract for work’ under Civil Code Sec. 587,
which makes the instrument taxable, and only then
evaluates the exemption under Revenue Code Sec.
121. The semantic-reward variant omitted this foun-
dational step and predicted ‘exempt.’

We hypothesize that a semantic-similarity signal
emphasizes proximity to the final answer text and
may underweight coverage of required intermedi-
ate premises. In contrast, the LLM-based reward
allows explicit coverage/contradiction (cov/con)
checks via prompting, which better preserves nec-
essary steps. This pattern is consistent with the re-
sults in Table 1, where the semantic-reward model
underperforms on NitiBench-Tax, a setting with
more multi-step legal analyses.

7.3 Failure of Abstract Reasoning in Both
Reward Strategies

A common challenge for both models appeared in
tasks requiring abstract legal synthesis, where a
term in the question must be re-characterized to
connect with the provided law.

In Case 3, the query involves a ‘Memorandum of
Understanding’ (MOU), and the provided law dis-
cusses tax on a ‘provision of service’. The expert
reasoning requires a multi-step conceptual leap:
‘MOU‘ → is a type of ‘contract for work‘ → which
qualifies as a ‘provision of service‘ → making the
VAT statute applicable.

Neither model could bridge this conceptual gap.
Semantic reward incorrectly defined an MOU as
non-binding and thus non-taxable, a common mis-
conception, but wrong in this legal context. LLM-
based reward model focused on the surface-level
term mismatch between “income tax withholding”
(in the question) and “Value Added Tax” (in the
law), correctly noting they are different but failing
to solve the underlying legal problem of whether
the transaction was taxable at all.

This shared failure highlights a boundary for cur-
rent alignment techniques. While the models can
follow explicit rules, they struggle to perform the
abstract, multi-step synthesis that is central to legal
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Case 1: Success in Integrating Procedural and Substantive Law

Question A married couple jointly gifts marital property to their child. They argue they should each get a separate THB 20 million tax exemption. Is this correct?
Relevant Law Revenue Code, Sec. 52: Specifies that for property transfers, tax must be paid to the official at the Land Office at the time of registration.
Expert Reasoning Path 1. Address the substantive question about the exemption amount.

2. Integrate the procedural requirement of how and where to pay the tax.
Gold Answer Correct. Each spouse gets a THB 20 million exemption. For any excess value, they must pay 5% tax. Crucially, per Sec. 52, this tax must be paid to the Land

Office official at the moment of registration.
Semantic Reward Model Yes. Each spouse qualifies for an individual exemption. Also, the tax must be paid at Land Office official (according to Revenue Code, Section 52).
LLM-Based Reward Model Yes, your understanding is correct. Each spouse is entitled to their own exemption. And the tax must be paid to the official at the Land Office during the

registration process as stated in Section 52 of Revenue Code.

Case 2: Challenges in Foundational Reasoning of the Semantic Proxy

Question A state agency signs a funding agreement for a research project. Is the agency exempt from stamp duty on this agreement?
Relevant Law Civil Code, Sec. 587: Defines a ’contract for work’.

Revenue Code, Sec. 121: Grants stamp duty exemption to government agencies, unless they conduct commercial activities.
Expert Reasoning Path 1. (Foundational Step) Characterize the ’funding agreement’ as a ’contract for work’ under Sec. 587. This makes it a taxable instrument.

2. (Main Question) Evaluate if the agency’s commercial activities disqualify it from the exemption under Sec. 121.
Gold Answer The agreement is a ’contract for work’ (Sec. 587), making it taxable. The agency’s activities are commercial, disqualifying it from the Sec. 121 exemption.

Therefore, it is not exempt.
Semantic Reward Model Yes, it is exempt. [Failure: Skips the foundational step of characterizing the agreement.] Because it is a state agency, it is exempt under Section 121.
LLM-Based Reward Model The institute is not exempt. [Success: Follows the correct reasoning path.] The agreement is a ’contract for work’ (Sec. 587) and thus taxable. Its commercial

activities disqualify it from the exemption under Sec. 121.

Case 3: Shared Failure in Abstract Reasoning

Question A state agency uses an MOU for project funding. Is the funding subject to income tax withholding?
Relevant Law Revenue Code, Sec. 77/2: States that a ’provision of service’ is subject to Value Added Tax (VAT).
Expert Reasoning Path 1. (Abstract Leap) Recognize that this MOU functions as a ’contract for work’.

2. (Abstract Leap) A ’contract for work’ is a ’provision of service’.
3. (Conclusion) Therefore, the transaction is subject to VAT under Sec. 77/2.

Gold Answer Yes, the payment is subject to tax. The MOU is effectively a ’contract for work’, which constitutes a ’provision of service’ and is therefore subject to VAT as per
Sec. 77/2.

Semantic Reward Model No. [Failure: Fails the abstract leap.] MOUs are considered non-binding agreements and payments under them do not constitute taxable income.
LLM-Based Reward Model No. [Failure: Focuses on surface mismatch, misses the underlying problem.] The question is about income tax, but the context is about VAT. Therefore, the

context is irrelevant.

Table 2: Qualitative error analysis of OpenThaiGPT1.5-7B-Instruct with different reward signals. We highlight
correct reasoning and flawed reasoning.

expertise. This points to a clear area for future work
in developing reward mechanisms that incentivize
deeper conceptual reasoning.

8 Efficiency of Reward Signal Proxies

To investigate the efficiency gains between seman-
tic and LLM-based rewards, we compared the train-
ing cost in GPU-hours of both methods. When
using LLM-based judge, Qwen2.5-72B-Instruct
served with optimized inference stack, the train-
ing time cost up to 264 GPU-hours ($216). Our
proposed semantic reward, on the other hand, re-
duced the GPU-hours needed for training down to
104 GPU-hours ($85), achieving up to over 2.5×
cost and time saving.Additionally, semantic reward
is also more memory efficient as training only
requires one GPU, while the LLM-based reward
model requires one additional GPU for hosting the
reward model. 10

This disparity arises because the lightweight
BGE-M3 calculation adds minimal latency to the
RL loop, whereas the 72B judge model requires a
dedicated GPU for inference, creating a significant
training bottleneck. While a large judge may offer
reward signals with higher fidelity to final eval-
uation metrics, its computational cost is a major
barrier to online RL training. The strong in-domain

10Cost in USD was estimated based on A100 80GB
PCIE median rental cost of $0.82/hr via https://vast.ai/
pricing/gpu/A100-PCIE accessed April 2025.

performance of the BGE-M3 proxy confirms its
value as a cost-effective and practical method for
injecting answer quality signals during GRPO.

9 Conclusion

This work demonstrates that GRPO can be used to
align LLMs toward better legal question answering
and usually outperforms instruction tuning. The
model aligned with GRPO yields significant cita-
tion accuracy gains on in-domain tasks and im-
proves generalization on complex legal reasoning
for Thai-aligned models, a setting where instruc-
tion tuning consistently degrades performance.

Ablations of reward functions reveal a key trade-
off: an efficient semantic reward is cost-effective
for in-domain tasks but loses effectiveness on com-
plex generalization. While an LLM-based reward
model provides a more accurate signal, it does so
at over 2.5× the computational cost. Our ablations
confirm that using both citation and answer quality
rewards is necessary for the best outcomes.

Ultimately, our findings show that GRPO is a
highly effective approach for specialized domains,
but its success depends on the careful synergy of
the RL algorithm, base model capabilities, and re-
ward design. Future work should focus on creating
reward mechanisms that are both accurate enough
for complex reasoning and efficient enough for
practical training.

311

https://vast.ai/pricing/gpu/A100-PCIE
https://vast.ai/pricing/gpu/A100-PCIE


Limitations

Our study is subject to four key limitations, primar-
ily stemming from computational constraints and
the unique structure of our dataset.

First, our exploration of combining reward sig-
nals was restricted; while a naive combination of
semantic and judge-based rewards proved subopti-
mal, we could not exhaustively explore calibrated
weighting or normalization schemes that might
yield synergistic benefits.

Second, we applied GRPO exclusively to
instruction-tuned models, leaving the investigation
of its direct application to base pre-trained models
as an area for future work.

Third, our evaluation was confined to a single,
specialized legal dataset. This limitation arises
from the scarcity of publicly available legal corpora
and, more significantly, the novelty of our data-
framing approach, which organizes context around
individual legal sections—the smallest reasonable
unit of law. Replicating this fine-grained structure
in other legal or non-legal domains (e.g., medicine)
to enable cross-domain evaluation was beyond the
scope of this work.

Finally, our experiments utilized the standard
GRPO algorithm (Shao et al., 2024). We did not
evaluate the more recent "Dr. GRPO" variant (Liu
et al., 2025), which introduces improvements like
length normalization to address known optimiza-
tion biases. A direct comparison of these algo-
rithms presents a valuable direction for future re-
search.
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A Hyperparameters

A.1 Training Hyperparameters

This section details the key hyperparameters used
for Instruction Tuning Fine-tuning (IT) and Group
Relative Policy Optimization (GRPO) training pro-
cedures described in Section 4. Common parame-
ters related to LoRA configuration, precision, opti-
mizer betas, and data handling were kept consistent
where applicable.

Hyperparameter GRPO Value IT Value
Learning Rate (lr) 5.00E-06 1.00E-05
LR Scheduler Type constant_with_warmup cosine
Max Gradient Norm 0.2 1.0
Epochs 1 3
Rollout Batch Size 10 N/A
SFT Batch Size N/A 4
Max Prompt Length 8192 8192
Max Completion Length 2048 2048
LoRA Rank (r) 256 256
Precision bfloat16 bfloat16
Retrieval Top-k 10 10
Gradient Accumulation Steps 1 1
Weight Decay 0.1 0.1
Warmup Ratio 0.1 0.1
Adam Beta1 0.9 0.9
Adam Beta2 0.99 0.99

Table 3: Comparison of Key Hyperparameters for SFT
and GRPO Training.

A.2 Inferencing Hyperparameters

This section details the hyperparameters used dur-
ing the inference phase to generate the model out-
puts for the final evaluation presented in Section 5.
These settings were applied consistently across all
model configurations (Baseline, SFT, GRPO) when
evaluating on the Nitibench-CCL and Nitibench-
Tax test sets using vLLM (Kwon et al., 2023). The
following parameters were used for text generation:

Generation Seeds: Inference was repeated three
times for each model configuration using the
following distinct random seeds: 69420, 69421,
and 69422. The final reported metrics are the
mean and standard deviation across these three
runs (as detailed in Section 4.4).
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Retrieval Top-k: Set to 10, same as the
Retrieval Top-k in the training hyperparam-
eter.

Temperature: Set to 1.0 for standard diversity in
the output.

B Input and Output Formats

This section provides concrete examples of the in-
put prompt structure fed to the models and the
target output format used during fine-tuning (both
SFT and GRPO), complementing the description
in Section 4.

B.1 Example Input Prompt Structure
The following illustrates the format of the input
provided to the models. This example assumes
the context retrieval resulted in k = 5 relevant
sections after length management. The {context}
placeholder represents the actual text content of
the corresponding legal section. The <law_code>
tags contain unique integer identifiers assigned to
each distinct legal section within our corpus; these
identifiers are used as keys and do not necessarily
correspond to official statutory section numbers.
1 What is the difference between financial

institution business and financial
business?

2
3 Relevant sections
4 <law_code>1</law_code><context>...</context>
5 <law_code>2</law_code><context>...</context>
6 <law_code>3</law_code><context>...</context>
7 <law_code>4</law_code><context>...</context>
8 <law_code>5</law_code><context>...</context>

B.2 Example Target Output Structure
The models were trained to generate outputs ad-
hering to the following XML-like structure. This
format separates the reasoning process, the final
answer, and the cited sources.
1 <reasoning>
2 The laws related to the method for director

resignation are ...
3 </reasoning>
4 <answer>
5 According to Section 1153/1 of the Civil and

Commercial Code and ...
6 </answer>
7 <citation>
8 <law_code>2</law_code>
9 <law_code>5</law_code>

10 </citation>

Note: The <reasoning> block contains the
model’s generated explanation or thought process.
The <answer> block contains the final synthesized

answer to the query. The <citation> block lists
the <law_code> identifiers that the model cites as
sources for its answer. During IT, this structure rep-
resents the target output. During GRPO, adherence
to this format and the correctness of the content
within the tags (<answer> and <citation>) are
evaluated by the reward functions.

C Evaluation of Qwen-72B as an
Automated Judge

To assess the viability of using Qwen2.5-72B-
Instruct as an online judge for generating Cov-
erage and Consistency rewards in GRPO (Sec-
tion 3.1), we compared its judgment reliability
against gpt-4o-2024-08-06 on the Nitibench-
CCL dataset, as it achieved the highest perfor-
mance among judges evaluated in the original
Nitibench paper (Akarajaradwong et al., 2025).
We follow Nitibench’s decoding hyperparame-
ters: temperature = 0.5, seed = 69420, and
max_completion_tokens = 2048.

As shown in Table 4, Qwen-72B achieved high
reliability, closely matching GPT-4o. For Cover-
age, Qwen-72B reached an F1-score of 0.84 (vs.
0.88 for GPT-4o), and for Consistency, it scored
0.97 (vs. 0.98 for GPT-4o). These results demon-
strate that Qwen2.5-72B-Instruct functions as a
reliable automated judge for these metrics on this
dataset, validating its use for providing sufficiently
accurate reward signals during GRPO training as
an alternative to external API calls.

Model Metric Precision Recall F1-score Support

Nitibench-CCL

gpt-4o-2024-08-06 Coverage .88 .88 .88 200
Consistency .98 .97 .98 150

Qwen2.5-72B-Instruct Coverage .85 .83 .84 200
Consistency .98 .97 .97 150

Table 4: Performance comparison of GPT-4o
(gpt-4o-2024-08-06) and Qwen2.5-72B-Instruct as
automated judges for Coverage and Consistency metrics
on the Nitibench-CCL dataset.

D Complexity of Nitibench-Tax over
Nitibench-CCL

While both Nitibench-CCL and Nitibench-Tax eval-
uate Thai Legal QA, the Nitibench-Tax dataset
presents a significantly more complex challenge,
designed specifically to test model generalization
and deeper reasoning capabilities (see Figure 4 for
answer length and section per answer comparison).
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model Citation F1 ↑ SD gains (%) Coverage ↑ SD gains (%) Consistency ↑ SD gains (%) Joint score gains (%)

Nitibench-CCL

openthaigpt1.5-qwen2.5-7b-instruct 0.4299 0.0048 0.5556 0.0010 0.8234 0.0048 0.6030
+LoRA GRPO (semantic reward) 0.7017 0.0016 63.23 0.7214 0.0041 29.84 0.8554 0.0021 3.89 0.7595 25.96
+LoRA GRPO (semantic reward, citation first) 0.6545 0.0044 52.25 0.7065 0.0053 27.16 0.8528 0.0028 3.57 0.7379 22.39

Nitibench-Tax

openthaigpt1.5-qwen2.5-7b-instruct 0.1850 0.0247 0.3367 0.0519 0.5400 0.0849 0.3539
+LoRA GRPO (semantic reward) 0.2482 0.0054 34.16 0.2500 0.0424 -25.74 0.6000 0.0490 11.11 0.3661 3.44
+LoRA GRPO (semantic reward, citation first) 0.2172 0.0146 17.43 0.2768 0.0026 -17.79 0.5333 0.0411 -1.24 0.3424 -3.24

Table 5: Comparison of GRPO (semantic reward) performance on OpenThaiGPT1.5-7B using the default output
format (reasoning->answer->citation) versus a modified format placing citations before the answer (reasoning-
>citation->answer).

This difference stems from several key aspects of
their origin and structure:

1. Dataset Origin and Curation:

• Nitibench-CCL: This dataset was curated
manually by legal experts who crafted
question-answer pairs primarily based on
single, specific legal sections from a de-
fined corpus of 35 financial laws. The
process involved a two-tiered expert re-
view to ensure quality. While its corre-
sponding training data (from WangchanX-
Legal-ThaiCCL-RAG11) could be multi-
label due to semi-automated generation,
the test set used for evaluation predomi-
nantly consists of single-label instances.

• Nitibench-Tax: This dataset originates
from real-world tax rulings scraped di-
rectly from the Thai Revenue Depart-
ment’s official website12 (cases from 2021
onwards). These represent authentic in-
quiries and official responses, reflecting
the complexity of actual tax law applica-
tion. The curation involved extracting rel-
evant cited sections and condensing the
official responses using an LLM, after fil-
tering out non-interpretive cases.

The use of real, official rulings in Nitibench-Tax
inherently introduces more complex scenarios
and language compared to the expert-crafted,
typically single-provision-focused questions in
the Nitibench-CCL test set.

2. Answer Length and Complexity: The com-
plexity difference is reflected in the average
length of the ground-truth answers (after con-
densation). The average answer length in

11https://huggingface.co/datasets/airesearch/WangchanX-
Legal-ThaiCCL-RAG

12https://www.rd.go.th

Nitibench-CCL is approximately 75 charac-
ters, whereas in Nitibench-Tax, it is roughly
606 characters - over eight times longer on av-
erage. This suggests that Tax answers inherently
require significantly more detail and potentially
cover more sub-points derived from the under-
lying complex rulings.

3. Multi-Label Nature (Sections per Answer):
This is a critical quantitative differentiator. The
Nitibench-CCL test set is explicitly single-label,
with an average of 1 ground-truth relevant le-
gal section per question. In contrast, Nitibench-
Tax is inherently multi-label, with an average
of 2.62 relevant sections per case. This re-
quires models not just to identify relevant sec-
tions but to synthesize information and reason
across multiple legal provisions simultaneously,
significantly increasing the reasoning complex-
ity compared to the single-label focus of CCL.

Figure 4: Complexity Comparison of Nitibench-CCL
vs. Nitibench-Tax.

In summary, the combination of using real-
world, complex tax rulings as source material and
their inherent multi-label requirement (demand-
ing reasoning across multiple sections) makes
Nitibench-Tax a substantially harder benchmark
than Nitibench-CCL for evaluating advanced legal
reasoning and generalization abilities.
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E Impact of Citation and Answer Position
in Output Format

The standard output format used in our experiments
follows the structure: reasoning -> answer -> cita-
tion (as in Appendix B.2), where the model first
provides its reasoning, then the synthesized answer,
and finally the supporting citations. To investigate
whether the position of the citation block relative
to the answer block influences performance, we
conducted an additional experiment.

We modified the target output structure to: rea-
soning -> citation -> answer, placing the cita-
tion block immediately after the reasoning and
before the final answer. We then retrained the
OpenThaiGPT1.5-7B-Instruct model using the
GRPO (semantic reward) configuration with this
modified "citation-first" target format. All other
training parameters remained identical to the corre-
sponding main experiment run.

The results of this comparison are presented in
Table 5. The data clearly indicates that altering
the standard format to place citations before the
answer consistently resulted in lower performance
across nearly all metrics on both the Nitibench-
CCL and Nitibench-Tax datasets compared to the
default format, where citations appear last. Notably,
Citation F1, Coverage, and the overall Joint Score
decreased in the "citation-first" configuration. On
the challenging Nitibench-Tax set, this format led
to performance even worse than the baseline in
terms of Joint Score (-3.24% gain).

While the exact reasons require deeper analysis,
this finding suggests that the default structure (rea-
soning -> answer -> citation) may provide a more
natural or effective flow for the model during gen-
eration and training. It’s possible that generating
the answer text first helps the model consolidate
the information needed before explicitly listing the
supporting citations. Regardless, based on these
results, maintaining the structure with the citation
block at the end appears preferable for achieving
optimal performance with our GRPO approach.
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