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Abstract: Legal question answering is essential for compliance, dispute resolution, and everyday HR deci-
sion-making, yet large language models may produce persuasive but incorrect legal statements when
supporting evidence is incomplete. While Retrieval-Augmented Generation and graph-based retrieval can
ground responses in statutes and structured relations, Vietnamese legal QA often lacks an explicit, auto-
mated quality-control step that scores an answer, decides whether it should be refined, and checks that
citations are actually supported. In this paper, we propose a self-reflection mechanism that adds an itera-
tive generate-evaluate-refine loop to a Graph-RAG pipeline for Vietnamese labor-law questions. Each
draft is evaluated with a hybrid score that combines how closely the answer matches retrieved legal con-
text with a model-derived confidence estimate, and the system iterates until it reaches a quality threshold
or a stopping limit. On a Vietnamese Labor Law benchmark, the approach improves accuracy from 81.5%
to 86.7% and reduces hallucination from 18.7% to 9.3%, with only a modest increase in end-to-end latency
in typical use. We also examine component contributions and remaining failure cases, finding that pairing
contextual alignment with confidence produces more stable answers than relying on a single signal. These
results indicate that self-reflection can serve as a lightweight, deployment-friendly safety layer for high-
stakes legal QA without requiring additional labeled data or model fine-tuning, and it can be adapted to
other Vietnamese legal domains that demand transparent, article- and clause-level evidence.
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1. Introduction

The integration of Large Language Models (LLMs)
[1] with Retrieval-Augmented Generation (RAG) has sig-
nificantly advanced legal question answering systems by
grounding generated answers in retrieved evidence and
enabling traceable citations [2]-[4]. Graph-RAG further
strengthens this paradigm by leveraging knowledge
graph structures to encode legal document hierarchies
and entity—relation semantics, supporting multi-hop re-
trieval and better contextual coverage [5], [6].

Despite these advances, Vietnamese legal QA re-
mains difficult to deploy safely in practice. Hallucina-
tion—fluent statements that are unsupported by the re-

trieved context or the underlying law —can mislead users
and introduce legal risk [7], [8]. Moreover, response qual-
ity can be inconsistent across runs, especially for multi-
article questions and ambiguous queries, because the sys-
tem lacks an explicit mechanism to assess whether the
current answer is sufficiently grounded before returning
it to the user [9].

Self-reflection is an emerging technique where an
LLM critiques and refines its own outputs through itera-
tive feedback, improving reliability without model fine-
tuning or additional labeled data [10], [11]. However, ex-
isting self-reflection work is rarely adapted to Vietnamese
legal QA with (i) graph-based retrieval, (ii) an explicit,
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reproducible confidence signal, and (iii) citation verifica-
tion aligned with Vietnam’s legal drafting hierarchy [12].

In this paper, we introduce a self-reflection mecha-
nism for Graph-RAG in Viethamese Labor Law QA (La-
bor Code 2019 [13]). We propose a hybrid scoring mecha-
nism that combines semantic similarity with a normal-
ized confidence estimate and triggers iterative refinement
only when needed. This design explicitly targets halluci-
nation reduction and stabilizes response quality while
controlling latency through an iteration cap.

The contribution of this research is as follows:

1) A self-reflection mechanism for Graph-RAG that
reduces hallucination via an iterative generate—
evaluate-refine loop with bounded iterations, de-
signed for Vietnamese legal QA;

2) A reproducible hybrid scoring function that
combines SBERT-based semantic similarity with
an explicit confidence estimate (critic logit + sig-
moid normalization) for quality gating;

3) Threshold sensitivity analysis justifying 6 = 0.75
and comprehensive ablations demonstrating the
impact of similarity, confidence, and weighting
on performance;

4) Experimental validation on Vietnamese Labor
Law documents showing improved accuracy
(81.5% — 86.7%) and reduced hallucination
(18.7% — 9.3%) with moderate latency overhead.

The remainder of this paper is organized as follows.
Section 2 and Section 3 presents the related work and
methodology including system architecture, and the self-
reflection mechanism. Section 4 presents experimental
results and discussion. Section 5 summarizes limitations
and future work. Section 6 concludes the paper.

2. Related Work
2.1. Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) was intro-
duced by Lewis et al. [2] as a paradigm for combining
retrieval systems with generative language models. The
key insight is that LLMs can be augmented with external
knowledge at inference time, allowing them to generate
responses grounded in retrieved documents rather than
relying solely on parametric knowledge [3]. This ap-
proach addresses the knowledge cutoff problem and en-
ables the system to incorporate up-to-date information
without retraining [14].

Karpukhin et al. [4] developed Dense Passage Re-
trieval (DPR), enabling efficient semantic search through
dense vector representations. Unlike traditional key-
word-based methods like BM25 [15], DPR uses neural
encoders to map queries and documents into a shared
embedding space [4]. Graph-RAG extends the RAG par-
adigm by incorporating knowledge graph structures [5],
[6]. Yang et al. [5] proposed structure-oriented RAG that

leverages knowledge graphs for co-learning with LLMs,
demonstrating that explicit entity-relationship structures
can enhance retrieval precision [16].

2.2. Self-Reflection in Large Language Models

Self-reflection mechanisms enable LLMs to evaluate
and improve their outputs through introspection [10],
[11], [17]. Shinn et al. [10] introduced Reflexion, demon-
strating that LLMs can learn from their mistakes through
verbal reinforcement without parameter updates. The
key innovation is using natural language feedback to
guide iterative improvement [18].

Madaan et al. [11] proposed Self-Refine, an iterative
framework for output improvement without supervised
training. Their approach uses the same LLM for both
generation and critique, creating a feedback loop that
progressively improves output quality [19]. Recent work
has explored confidence calibration [20], factual verifica-
tion [21], and multi-agent debate [22]. Pan et al. [23] sur-
veyed fact-checking approaches for LLMs, while Huang
et al. [24] reviewed reasoning capabilities. Our work
adapts these principles for the legal domain with do-
main-specific scoring mechanisms.

2.3. Vietnamese Legal Natural Language Processing

Vietnamese legal NLP presents unique challenges
due to the language's morphological complexity and spe-
cialized legal terminology [25]. The Vietnamese legal sys-
tem follows a hierarchical document structure defined by
Circular 25/2011/TT-BTP [12]. As illustrated in Figure 1,
documents are organized hierarchically from Document
(Van ban) to Chapter (Chwong), Section (Muc), Article
(Diéu), Clause (Khoan), and Point (Diém).

Pham et al. [26] developed the Legal-Onto model for
Vietnamese traffic law documents. Nguyen et al. [27]
built intelligent search systems for Vietnamese labor law
using knowledge graph techniques. Dang et al. [28] inte-
grated knowledge graphs with LLMs and RAG for legal
query systems. For Vietnamese NLP infrastructure,
PhoBERT [29] provides pre-trained language models spe-
cifically designed for Vietnamese. VnCoreNLP [30] offers
a comprehensive toolkit for Vietnamese text processing.
Recent advances include ViHealthBERT [31] for
healthcare and multilingual approaches [32].

2.4. Hallucination in Large Language Models
Hallucination refers to the generation of content that
is not supported by the input context or factual
knowledge [7], [8]. In legal applications, hallucination is
particularly problematic because incorrect legal infor-
mation can lead to serious consequences [33]. Ji et al. [7]
provided a comprehensive survey of hallucination in
natural language generation. Zhang et al. [34] analyzed
hallucination patterns in retrieval-augmented systems,
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Figure 1. Vietnamese legal document hierarchy (Document —
Chapter — Section — Article — Clause — Point) based on Cir-
cular 25/2011/TT-BTP.

while Manakul et al. [35] proposed detection methods.
Our self-reflection mechanism contributes to this line of
work by enabling the system to detect and correct hallu-
cinated content through iterative verification.

3. Method
3.1. System Architecture

The self-reflection mechanism operates as an itera-
tive loop that evaluates and refines LLM responses until
quality criteria are met. Given a user query q and re-
trieved context C from the Graph-RAG system, the pro-
cess proceeds through four stages: (1) Initial Generation -
the LLM generates response 1, based on query and con-
text; (2) Quality Assessment - the system computes hy-
brid quality score S(r); (3) Threshold Check - if S(r) = O,
accept response; otherwise proceed to refinement; (4) It-
erative Refinement - identify weaknesses and regenerate
with enhanced context, for maximum n iterations. Figure
2 summarizes the overall self-reflection workflow.

3.2. Hybrid Scoring Formula

We propose a hybrid scoring formula that combines
two complementary quality indicators: semantic similari-
ty and model confidence. Each metric captures different
aspects of response quality, and their combination pro-
vides more robust evaluation than either metric alone
[36].

3.2.1. Semantic Similarity Score

The similarity score measures semantic alignment
between the generated response r and the retrieved con-
text C using Sentence-BERT (SBERT) embeddings [37]
and cosine similarity:

v, - V€

sim(r,C) = cos(v,, v°) = m
-

M

where v, and v© are the SBERT embedding vectors for the
response and context respectively. This metric ensures
that the generated response is semantically grounded in
the retrieved legal content, helping detect responses that
deviate from the source material [38].

3.2.2. Confidence Score

The confidence score uses the sigmoid function to
normalize raw confidence values to the bounded range
0, 1) [39]:

1
14+e7>*

o(x) = (2)
The raw confidence value x is produced by an auxil-
iary critic step. After generating an answer r from the
LLM, we prompt the same model (temperature = 0, con-
strained output format) to output a single scalar confi-
dence logit x € [-5, 5] indicating how likely the answer is
fully supported by the retrieved context C and includes
valid legal citations. We then normalize it using the sig-
moid function o(x) to obtain conf(r) € (0, 1). This design
avoids dependence on model-internal token logits while
remaining reproducible across closed-source LLM APIs.

3.2.3. Combined Hybrid Score
The final hybrid score combines similarity and con-
fidence with weighted parameters:

S(r) = axsim(r,C) + B x conf (r) 3)

where a = 0.4 and $ = 0.6 are empirically determined
weights. The higher weight on confidence reflects the
importance of model certainty in legal applications [40].
These weights were optimized through grid search on a
validation set, testing combinations in increments of 0.1.

3.3. Quality Threshold and Iteration Control

The quality threshold O controls whether a response
is acceptable for delivery. We select O through a sensitivi-
ty sweep (0 € {0.60, 0.65, 0.70, 0.75, 0.80, 0.85}) and com-
pute the Fl-score of the accept/reject decision (accepting
correct answers vs rejecting/iterating on incorrect ones).
As shown in Figure 3, 0 = 0.75 yields the highest F1-score,
balancing precision and recall while avoiding excessive
iterations.
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If S(r_t) < & and t < n: refine
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Figure 2. Self-Reflection Mechanism: The iterative loop processes queries through initial generation, quality assessment, threshold

checking, and refinement stages.
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Figure 3. Threshold sensitivity analysis for selecting 0: F1-score
of the accept/reject decision versus threshold ©. The best per-
formance is achieved at 6 =0.75.

Table 1. Dataset Statistics for Vietnamese Labor Law.

Metric Value
Number of Documents 18
Legal Concepts 489
Relationships 1,876
Knowledge Graph Triplets 3,245
Test Queries 200

Maximum iterations n = 3 prevents infinite loops
while allowing sufficient refinement opportunities. Our
analysis shows that most quality improvements occur in
the first two iterations, with diminishing returns thereaf-
ter [41]. The iteration limit also ensures bounded re-
sponse latency for real-world deployment.

3.4. Refinement Process

When the quality score falls below the threshold, the
system enters a refinement phase consisting of three sub-
processes: (1) Weakness Identification - analyzing the re-
sponse for factual inconsistencies, missing information,
incomplete citations, and logical gaps; (2) Context En-
hancement - retrieving additional context from the
knowledge graph to address identified gaps; (3) Regener-
ation - generating a new response with an enhanced
prompt that explicitly addresses the identified issues [11].

3.5. Citation Verification

After a response passes the quality threshold, citation
verification ensures that all referenced legal provisions
are accurate. The system extracts cited articles (Diéu),

clauses (Khoan), and points (Diém) from the Labor Code
2019 [13] and cross-references them against the
knowledge graph [26]. This is particularly important for
Vietnamese legal documents due to their hierarchical
structure following Circular 25/2011/TT-BTP [12].

4. Results and Discussion
4.1. Experimental Setup
4.1.1. Dataset

We evaluate the self-reflection mechanism on Viet-
namese Labor Law documents, specifically the Labor
Code 2019 (B9 luat Lao dong s6 45/2019/QH14) [13], one
of the most frequently consulted legal areas in Vietnam.
The dataset comprises 18 legal documents including the
main Labor Code and related decrees (Nghi dinh
145/2020/ND-CP, Nghi dinh 152/2020/ND-CP) and circu-
lars. The knowledge graph contains 489 legal concepts
and 1,876 relationships, covering topics such as labor con-
tracts (hop dong lao dong), worker rights (quyén nguoi
lao dong), wages (tién lwong), working hours (thoi gio
lam viéc), and social insurance (bao hiém xa héi). Dataset
statistics are summarized in Table 1.

4.1.2. Baselines and Metrics

We compare against four baselines: (1) Keyword
Search using the BM25 ranking function [15], grounded
in classical information retrieval principles [42], [43]; (2)
Pure LLM (GPT-4) without retrieval augmentation; (3)
Dense RAG using SBERT embeddings [37]; (4) Graph-
RAG without self-reflection [5]. Evaluation metrics in-
clude Accuracy, Hallucination Rate, Average Iterations,
and Latency (seconds). For threshold selection, we also
report precision, recall, and Fl-score of the accept/reject
decision.

Accuracy:
N

1
Acc = NZ 1[answer; is correct] 4)
=1
Hallucination rate:

N

1
Hall = Nz 1[answer; contains unsupported claims] )
=1
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Table 2. Main Experimental Results Comparing Methods (Avg.Attempts reports the mean number of generation attempts including

"o

the initial answer; indicates non-iterative baselines.).

Method Accuracy Halluc.% Avg. Attempts Latency
Keyword Search 62.3% 38.2% - 0.8s
Pure LLM 71.5% 28.5% - 2.1s
Dense RAG 78.9% 24.5% - 2.1s
Graph-RAG (base) 81.5% 18.7% - 3.2s
Proposed Method 86.7% 9.3% 1.8 4.5s
Table 3. Ablation Study: Contribution of Scoring Components.
Configuration Accuracy A vs Full
Graph-RAG (base) without self-reflection 81.5% -5.2%
Similarity only (a=1.0, 3=0.0) 81.2% -5.5%
Confidence only (a=0.0, 3=1.0) 79.8% -6.9%
Equal weights (a=0.5, 3=0.5) 84.5% -2.2%
Full (a=0.4, $=0.6) 86.7% -

Precision, Recall, and F1-score:

Precision TP ©)
recision = TP n FP

Recall = — 7 %)
CCt = TP Y FN

Precision - Recall

F1=2 (8)

' Precision + Recall

4.2. Main Results

As shown in Table 2, the proposed method achieves
86.7% accuracy, representing a 5.2 percentage point im-
provement over the base Graph-RAG system (81.5%).
More importantly, the hallucination rate drops from
18.7% to 9.3%, a reduction of 9.4 percentage points (-
50.3% relative reduction). This substantial decrease is
critical for legal applications where factual accuracy is
essential [33].

The average iteration count of 1.8 indicates that most
queries require 1-2 refinement cycles. Approximately
45% of queries pass the quality threshold on the first at-
tempt, 35% require one iteration, and 20% require two or
three iterations. Latency increases from 3.2s to 4.5s
(+40.6%), which we consider an acceptable trade-off giv-
en the significant quality improvement.

4.3. Ablation Study

To understand the contribution of each component,
we conduct ablation experiments removing or isolating
individual scoring metrics.

The ablation study in Table 3 reveals several im-
portant findings. First, both similarity and confidence
contribute to overall performance: using only similarity
(a=1.0, p=0.0) or only confidence (a=0.0, 3=1.0) reduces

accuracy by 5.5 and 6.9 percentage points respectively
compared to the full configuration. Second, the hybrid
approach with optimized weights (a=0.4, 3=0.6) outper-
forms equal weighting by 2.2 percentage points, suggest-
ing that confidence is a stronger indicator of answer cor-
rectness in our legal QA setting. These results support the
design choice of emphasizing confidence during the ac-
ceptance decision.

4.4. Iteration Analysis

We analyze how performance evolves across itera-
tions. Starting from the base Graph-RAG accuracy of
81.5% (iteration 0), accuracy improves to 84.1% after the
first iteration (+2.6%), 85.6% after the second (+1.5%), and
86.7% after the third (+1.1%). The diminishing returns
pattern suggests that our choice of n = 3 maximum itera-
tions is appropriate; additional iterations would provide
marginal improvement while increasing latency and the
risk of over-editing.

With threshold 0=0.75, the iteration distribution is:
45% terminate after initial response, 35% after one itera-
tion, 15% after two iterations, and only 5% require the
full three iterations. This distribution demonstrates that
the self-reflection mechanism is efficient, applying inten-
sive refinement only to difficult queries.

We further discuss limitations and future work in
Section 4, including risks of over-iteration and dependen-
cy on knowledge graph coverage.

4.5. Error Analysis

We analyze the remaining errors (13.3% of queries)
to identify limitations. Errors fall into three categories: (1)
Knowledge Gap (42% of errors) - queries requiring in-
formation not present in the knowledge graph, such as
recent amendments to the Labor Code; (2) Complex Rea-
soning (35% of errors) - multi-hop queries requiring rea-
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soning across multiple articles of the Labor Code [13]; (3)
Ambiguous Queries (23% of errors) - queries with multi-
ple valid interpretations.

4.6. Discussion

Our results have several implications for LLM-based
legal question answering. First, self-reflection is effective
without model retraining, making it practical for de-
ployment [41]. Second, hybrid scoring outperforms sin-
gle-metric approaches, suggesting response quality is
multidimensional [36]. Third, the 40% latency increase is
acceptable for legal applications where accuracy is para-
mount.

5. Limitations and Future Work

Limitations: First, our mechanism depends on the
coverage and correctness of the underlying knowledge
graph; missing or outdated provisions can still lead to
incomplete answers. Second, iterative self-reflection in-
creases inference cost and latency, which may be unsuit-
able for strict real-time settings. Third, the hybrid score
parameters (a, B, 0) may require light re-tuning when
transferring to a new legal domain or a different LLM.

Risk of over-iteration/model drift: Excessive reflec-
tion cycles can over-edit an initially correct answer, in-
troduce stylistic drift, or amplify spurious constraints.
We mitigate this by (i) enforcing a small maximum itera-
tion cap (n = 3), (ii) using a monotonic acceptance rule
(stop as soon as S(r) = 0), and (iii) performing citation
verification after acceptance to prevent drift away from
grounded legal clauses.

Future work: We plan to extend the approach to ad-
ditional Vietnamese legal domains (e.g., Criminal Law
and Civil Law), evaluate robustness under adversarial or
ambiguous queries, and explore stronger evidence-aware
confidence estimators (e.g., entailment-based critics) to
further reduce hallucination while minimizing additional
latency.

6. Conclusion

This paper presented a self-reflection mechanism for
enhancing legal question answering systems. The hybrid
scoring formula combining semantic similarity (x=0.4)
with sigmoid-normalized confidence ((3=0.6) enables ef-
fective quality assessment. With quality threshold 6=0.75
and maximum n=3 iterations, the system achieves signifi-
cant improvements: accuracy increases from 81.5% to
86.7% (+5.2 percentage points) while hallucination rate
decreases from 18.7% to 9.3% (-9.4 percentage points).

Comprehensive ablation studies confirm that both
scoring components contribute to these improvements,
with the hybrid approach outperforming single-metric
methods by 5.5-6.9 percentage points. The average 1.8
iterations per query demonstrates that the mechanism
efficiently focuses refinement on difficult queries.

Our findings suggest that self-reflection provides an
effective approach for improving the reliability of LLM-
based legal question answering systems without requir-
ing model retraining. Future work will explore exten-
sions to additional Vietnamese legal domains and inte-
gration with multi-turn dialogue systems for handling
ambiguous queries.
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