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Abstract. Question Answering (QA) over regulatory documents is
inherently challenging due to the need for multihop reasoning across
legally interdependent texts, a requirement that is particularly pro-
nounced in the healthcare domain where regulations are hierarchi-
cally structured and frequently revised through amendments and cross-
references. Despite recent progress in retrieval-augmented and graph-
based QA methods, systematic evaluation in this setting remains lim-
ited, especially for low-resource languages such as Vietnamese, due to
the lack of benchmark datasets that explicitly support multihop rea-
soning over healthcare regulations. In this work, we introduce the Viet-
namese Healthcare Regulations—Multihop Reasoning Dataset (ViHER-
MES), a benchmark designed for multihop QA over Vietnamese health-
care regulatory documents. VIHERMES consists of high-quality ques-
tion—answer pairs that require reasoning across multiple regulations
and capture diverse dependency patterns, including amendment trac-
ing, cross-document comparison, and procedural synthesis. To construct
the dataset, we propose a controlled multihop QA generation pipeline
based on semantic clustering and graph-inspired data mining, followed
by large language model-based generation with structured evidence and
reasoning annotations. We further present a graph-aware retrieval frame-
work that models formal legal relations at the level of legal units and
supports principled context expansion for legally valid and coherent
answers. Experimental results demonstrate that VIHERMES provides
a challenging benchmark for evaluating multihop regulatory QA systems
and that the proposed graph-aware approach consistently outperforms
strong retrieval-based baselines. The VIHERMES dataset and system
implementation are publicly available at https://github.com /ura-hcmut/
ViHERMES.
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1 Introduction

Accessing and complying with regulatory documents is a critical requirement in
modern societies, particularly in domains where legal correctness directly affects
public safety and service quality. As governments increasingly publish regulations
in digital form, there is a growing demand for intelligent Question Answering
(QA) systems that can assist users in understanding and navigating complex
legal and administrative texts [12].

The healthcare domain presents a particularly challenging setting for regula-
tory QA. Unlike medical articles or clinical guidelines, which are often descriptive
and relatively self-contained, healthcare regulations are legal documents with
strict administrative structures and dense inter-document dependencies. These
documents are typically organized in a hierarchical manner, with clearly defined
units such as articles and clauses, and are frequently interconnected through legal
relations such as amendments, replacements, supplements, and cross-references.
As a result, regulatory QA in healthcare is inherently a multihop problem rather
than a single-document comprehension task. In practice, multihop reasoning
becomes a fundamental requirement, as correct answers may depend on identi-
fying the latest effective provision, tracing chains of amendments across multiple
documents, and combining definitions or procedural rules referenced from sep-
arate regulations, rendering single-hop retrieval or isolated passage matching
fundamentally insufficient in this setting [8,14].

Recent advances in Artificial Intelligence, particularly in Natural Language
Processing, have significantly improved the capabilities of QA systems. Retrieval-
Augmented Generation (RAG) frameworks have become a dominant paradigm
by combining neural retrieval models with Large Language Models (LLMs)
to generate answers grounded in retrieved contexts [9]. While naive RAG
approaches enhance factual coverage, they typically treat documents as flat col-
lections of passages and lack explicit awareness of legal structures and inter-
document relations [16]. In regulatory domains, this limitation often leads to
answers that are linguistically plausible but legally incomplete or outdated. To
address these shortcomings, graph-based retrieval and data mining methods such
as GraphRAG [3], HippoRAG [6], and LightRAG [5] have been proposed to incor-
porate structured knowledge into the retrieval process. However, when applied
to regulatory documents, such automatically induced graphs often struggle to
faithfully capture the formal and hierarchical nature of legal texts [11]. In partic-
ular, multihop regulatory questions that depend on amendment chains or legal
validity require precise, rule-aware relationships that are difficult to recover from
generic entity-relation extraction alone.

Vietnamese is a low-resource language, and datasets that jointly address the
healthcare and legal or regulatory domains remain particularly scarce. Despite
the practical importance of multihop regulatory QA, the lack of high-quality
benchmark datasets has hindered systematic research in this area. Existing Viet-
namese legal QA datasets do include regulatory texts; however, they primarily
focus on general legal documents or regulations in other domains such as educa-
tion, and are typically designed for single-document comprehension or shallow
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QA rather than multihop reasoning across documents [1,2,7,13,17]. Similarly,
existing Vietnamese healthcare QA datasets largely concentrate on clinical nar-
ratives, medical records, or healthcare-related news articles, rather than health-
care regulatory documents [15,19,21]. Crucially, none of these datasets explicitly
support multihop reasoning over legally interdependent healthcare regulations.
As a result, the performance and analytical understanding of QA systems in this
domain remain difficult to evaluate in a controlled and meaningful manner.

In this work, we introduce Vietnamese HE althcare Regulations—M ultihop
REasoning DataSet (VIHERMES), the first benchmark dataset specifically
designed for multihop QA over Vietnamese healthcare regulations. ViHERMES
focuses on questions that inherently require reasoning across multiple regulatory
documents, capturing diverse dependency patterns such as amendment tracing,
cross-document comparison, and procedural synthesis. To construct the dataset,
we propose a controlled multihop QA generation pipeline that leverages seman-
tic clustering as a form of graph-inspired data mining to sample coherent sets of
regulatory contexts, followed by LLM-based QA generation with structured evi-
dence and reasoning annotations. Beyond the dataset, we also propose a graph-
aware retrieval framework tailored to the hierarchical and legally constrained
nature of regulatory documents. Our approach represents regulations at the
level of legal units and explicitly models formal legal relations, enabling princi-
pled context expansion strategies that respect legal validity and avoid context
drift. This retrieval mechanism is integrated into a multi-agent QA system that
separates intent understanding, graph-based retrieval, and answer verification,
thereby supporting robust and intelligent healthcare regulatory QA. Our main
contributions are summarized as follows.

— We introduce ViHERMES, the first benchmark dataset for Vietnamese
healthcare regulatory QA that explicitly targets multihop reasoning across
legally interdependent documents.

— We propose a graph-inspired data mining pipeline for controlled multihop QA
dataset construction with high-quality evidence-grounded annotations.

— We present a graph-aware, multi-agent QA framework that effectively lever-
ages legal structure and demonstrates consistent improvements over strong
retrieval-based baselines on VIHERMES.

2 Related Works
2.1 Multihop QA and Graph-Based Retrieval

Multihop QA has been extensively studied to address queries that require rea-
soning over multiple pieces of evidence rather than a single passage. Early
approaches such as IRCoT [20] interleave retrieval with chain-of-thought reason-
ing to iteratively guide evidence selection, while RAPTOR [18| organizes textual
units into hierarchical summaries that support retrieval across different levels
of abstraction. Building upon these ideas, recent graph-based retrieval frame-
works, including GraphRAG [3], HippoRAG [6], LightRAG [5], and MiniRAG
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[4], incorporate graph structures into retrieval-augmented generation by model-
ing entities, text chunks, or their relations as nodes and enabling neighborhood
expansion or graph-based ranking. These methods have demonstrated strong
performance gains on general multihop QA benchmarks and improved efficiency,
particularly in resource-constrained settings. However, most existing approaches
are primarily designed for unstructured or loosely structured text collections
and rely on automatically induced, largely entity-centric graphs. Consequently,
they struggle to faithfully capture the formal hierarchy, rule-based dependencies,
and legal validity constraints inherent in regulatory documents. This limitation
is especially pronounced in the healthcare domain, where answering a question
often requires tracing amendment chains, identifying currently effective provi-
sions, and combining legally interdependent clauses across multiple documents.
In contrast, our work explicitly aligns both dataset construction and retrieval
with the intrinsic legal structure of healthcare regulations, enabling principled
multihop reasoning over legally interdependent documents.

2.2 Vietnamese Regulation-Related QA Datasets

Benchmark datasets for Vietnamese QA remain relatively scarce, particularly for
domains involving structured regulatory documents. Existing datasets that cover
regulations are primarily situated in the legal or educational domains. ALQAC
[1] introduces a manually annotated legal QA dataset based on Vietnamese
statute laws, while several other works focus on regulations in specific domains,
including educational management [13], bidding law (ViBidLQA) [7], university
training regulations (VIRHE4QA) [2], and large-scale labor law retrieval with
associated QA data [17]. Although these datasets provide valuable resources for
Vietnamese legal QA, they are typically designed for single-document compre-
hension or shallow question answering and do not explicitly support multihop
reasoning across legally interdependent regulations. In contrast, existing Viet-
namese healthcare QA datasets largely focus on clinical or informational con-
tent rather than regulatory texts. ViMedAQA [19] targets abstractive medical
QA over clinical topics such as diseases and drugs, UIT-ViNewsQA [21] is con-
structed from healthcare news articles for machine reading comprehension, and
ViHealthQA [15] collects expert-answered questions from health websites. While
these datasets are valuable for healthcare-related QA, they do not reflect the
hierarchical structure, amendment relationships, or cross-document dependen-
cies that characterize healthcare regulations. Consequently, none of the existing
Vietnamese datasets jointly address healthcare regulations and multihop rea-
soning over legally interdependent documents, leaving a critical gap that our
ViHERMES dataset is specifically designed to fill.

3 VIiHERMES Dataset
3.1 Dataset Creation

We construct ViHERMES through a controlled dataset creation pipeline that
integrates human supervision, semantic clustering, and LLM-based generation to
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ensure genuine multihop reasoning and evidence-grounded answers over health-
care regulatory documents. An overview of the pipeline is shown in Fig. 1.
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Fig.1. ViHERMES dataset construction pipeline, from corpus collection and
semantic clustering to LLM-based generation and splitting.

Step 1: Annotator Recruitment and Guideline Design. We recruit a small
team of annotators together with a domain expert. The expert provides high-
level guidance to ensure multihop validity and legal consistency. The annotation
process follows shared guidelines defining multihop criteria, evidence usage, and
legal validity constraints.

Step 2: Corpus Collection and Preprocessing. Regulatory documents are
collected from official data sources, such as public portals of the Vietnamese Min-
istry of Health!, via automated document crawling. The collected texts form a
raw corpus, which is subsequently processed by a preprocessing pipeline that nor-
malizes content, removes noise, and segments documents according to their legal
hierarchy. The resulting structured corpus, together with associated metadata,
consists of context units corresponding to legal units (e.g., articles or clauses),
each represented as a context triple (id, title, text).

Step 3: Semantic Clustering and Similarity Graph Induction. Each
context is treated as a context node and encoded into an embedding vector
e; € R? using a neural embedding model. To emphasize semantic direction rather
than vector magnitude, embeddings are ¢5-normalized as &; = e;/||e;||2. We then
perform semantic clustering using K-Means on the normalized vectors, which
corresponds to Spherical K-Means in practice. Each resulting semantic cluster
C} is summarized by its centroid c; = \C%IZéi con €;. Contexts are ranked

! https://moh.gov.vn/web /ministry-of-health.
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by their Euclidean distance to the centroid d(&;,ci) = ||€ — ck|l2, and the
nearest ones are selected as representative contexts. This cluster-and-centroid
organization induces an implicit semantic similarity graph that preserves topical
coherence among regulatory texts. The graph is not an explicit legal graph;
rather, it provides a latent similarity structure without relying on potentially
noisy automatic extraction of legal relations.

Step 4: Multihop QA Generation and Structural Validation. For a given
hop level h, we sample tuples of contexts 7 = {¢1,...,c,} from the pool of rep-
resentative contexts under two constraints. First, contexts within a tuple must
originate from different document titles, i.e., Vi # j, title(c;) # title(c;),
to ensure cross-document reasoning. Second, to maintain diversity, the overlap
between any two tuples 7, and 7, is bounded by |7, N 7,|/|7.| < 7. Each tuple
is then provided to a language model through a structured prompt to generate
multihop question—answer pairs, where each answer must rely on all A contexts.
In practice, each hop corresponds to one legal dependency step, such as amend-
ment tracing, definition lookup, or cross-document procedural composition. The
generated outputs undergo structural validation, which verifies format correct-
ness, consistency between hop level and evidence usage, and explicit reasoning.
Ambiguous or borderline cases are further reviewed by annotators under expert
supervision to ensure legal coherence and correctness.

Step 5: Dataset Aggregation and Splitting. After validation, the accepted
question—answer instances are aggregated and exported in a structured format.
The dataset is then divided into a train split and a test split, with controlled
distributions over hop levels, forming the final ViHERMES benchmark.

3.2 Dataset Statistics

Table 1 presents a representative instance from the VIHERMES dataset, includ-
ing the query, answer, number of reasoning hops, explicit reasoning, supporting
evidence, and corresponding context identifiers. Each identifier maps to a regula-
tory context stored as a triple (id, title, text). The reasoning and evidence
fields provide explicit explanations and extractive textual spans grounded in
the referenced contexts, respectively. Both fields are generated during dataset
construction (Step 4) and subsequently verified by annotators, improving trans-
parency and answer reliability. Table 2 summarizes key statistics of the ViHER-
MES test set across different Numbers of Hops (NoH). For each hop level, we
report the number of samples, vocabulary size, and length statistics of ques-
tions, answers, and supporting contexts. As NoH increases, question and answer
lengths grow substantially, reflecting higher reasoning complexity, while context
lengths expand rapidly, indicating the need to integrate information from long
and diverse regulatory texts.

4 Graph-Aware System for Regulatory QA

Figure 2 illustrates the proposed graph-aware QA system for Vietnamese health-
care regulations. Unlike standard RAG pipelines that treat the corpus as a flat
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Table 1: A representative multihop QA instance from the VIHERMES dataset.
Field Content

Query
English: To ensure comprehensive legal compliance, what main obligations
must a healthcare facility fulfill regarding service pricing during the transition
period, maintenance of baseline quality, and the legal conditions required for
lawful operation?

Answer

English: To fully comply with legal requirements, a healthcare facility must
fulfill the following obligations: (1) Operational conditions: the facility must
obtain an operating license, and all practicing physicians must hold valid
professional certificates. (2) Baseline quality: the facility must implement
quality standards, conduct reviews and corrective actions, and perform
self-assessments with mandatory reporting as required. (3) Service pricing
during the transition period: when a new pricing decision is issued, patients
who began treatment earlier must continue to be charged the previous price
until discharge or completion of outpatient treatment.

Number of hops|3
Context IDs [4814-7506-4302, 7115-6545-3240, 6442-4111-1890]

Evidence
English: The evidence consists of three regulatory provisions covering service
pricing during transitional periods, baseline quality responsibilities, and legal
requirements for operation, respectively.

Reasoning

English:English: The answer integrates three regulatory sources covering
operational legality, baseline quality, and transitional service pricing, forming a
legally consistent response.
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Table 2: Statistics of the VIHERMES test split across different multihop settings.
Lengths are reported as min / mean / max.

NoH|NoS

Vocab

Question length

Answer length

Context length

312
312
312
312
312

Tt W N =

2232
2949
3178
3545
3707

48 / 113.2 / 215

120 / 249.4 / 446
168 / 325.7 / 688
179 / 386.4 / 813
194 / 445.9 / 977

58 / 181.8 / 504
89 / 399.1 / 810
135 / 524.0 / 1100
175 / 748.0 / 1696
101 / 889.9 / 1938

195 / 1185.1 / 4257
734 / 2729.4 / 10075
743 / 3739.8 / 14767
1461 / 5677.5 / 16556
1115 / 6451.6 / 18878

1560

5703

48 / 304.2 / 977

58 / 548.8 / 1938

195 / 3953.9 / 18878

collection of passages, our system operates over a structure-driven regulatory
knowledge graph, where legal texts are modeled as interconnected regulatory
nodes linked by defined relations. The system follows a seeded retrieval and prop-
agation paradigm, retrieving legally valid and contextually complete evidence.

Structure-driven Requlatory KG

supv\,EMENT S

Conductor

a

Interpreter

Fig. 2. Overview of the structure-driven regulatory QA system.

4.1 Structure-Driven Regulatory Knowledge Graph

The system is built upon a Structure-driven Regulatory Knowledge Graph
(SRKG), which encodes regulatory documents according to formal legal drafting
conventions. Unlike entity-centric or LLM-induced graphs, SRKG is structure-
driven, with nodes and edges corresponding to legally grounded units and rela-
tions. The graph is organized as a flat regulatory base layer, where legal-unit
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nodes coexist on a unified plane and are retrieved directly, rather than through
a top-down pipeline. Formally, SRKG is defined as a directed labeled graph
G = (V, E), where V denotes regulatory nodes and E C V x R x V represents
typed edges with labels from R = Rgtruct U Ricgal-

Regulatory Nodes. SRKG represents regulatory content using regulatory
nodes augmented with provenance metadata. As illustrated in Fig. 2, we dis-
tinguish three conceptual levels: Document nodes representing legal documents,
Clause nodes corresponding to legal units with standalone meaning, and Arti-
cle nodes capturing finer-grained units where applicable. Each node v € V
is represented as v = (id(v),text(v),meta(v)), where meta(v) includes doc-
ument identifier, promulgation date, issuing authority, and legal status. Each
node is assigned a deterministic identifier following a strict scheme (e.g.,
DocID::UnitID), enabling stable referencing, amendment-chain tracing, and
incremental ingestion.

Relations. SRKG encodes two complementary categories of relations, namely
structural relations and legal semantic relations. Structural relations Rstruct =
{HAs_ARTICLE, HAS CLAUSE} preserve legal hierarchy and provenance. Legal
semantic relations Riegat = {AMENDS, REPLACES, SUPPLEMENTS, REFERS
To} capture inter-document dependencies affecting legal interpretation and
validity. All relations are induced using rule-based pattern matching over stan-
dardized legal expressions (e.g.,

[refers to Article Z]), yield-
ing high precision and avoiding spurious links. When a regulatory node refer-
ences a legal unit not yet present in the corpus, the system creates a lightweight
placeholder node to preserve the structural dependency. Such placeholders are
automatically resolved when the corresponding documents are later ingested,
ensuring graph completeness without disrupting downstream retrieval.

4.2 Seeded Retrieval and Propagation

Given a user query ¢, the system performs retrieval through a two-stage seeded
retrieval and propagation strategy.

Seeded retrieval. Retrieval is first conducted over the legal-unit base layer.
The Pathfinder identifies a small set of highly relevant seed regulatory nodes
Sk(q) = {v1,...,vxk} C V by ranking nodes using a hybrid relevance score
5(v,9) = ASdense(V,q) + (1 — X) Ssparse (v, ), Where Sgense Mmeasures semantic
similarity in embedding space and sgparse captures lexical evidence (e.g., BM25).
The resulting Sk (¢q) serves as anchor points for downstream expansion.

Propagation. Starting from Sk (g), the system expands context in a controlled
manner along relation-specific edges. For a node v and relation r, outgoing neigh-
bors are denoted as N,.(v) = {u | (v,7,u) € E}. This process activates three
principled flows:
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— Validity tracing. For » € {AMENDS, REPLACES, SUPPLEMENTS}, amend-
ment chains are recursively traversed until a terminal node is reached. A node
w is terminal if V' € { AMENDS, REPLACES, SUPPLEMENTS}, N,/ (u) = ), and
such terminal nodes are preferred as legally applicable evidence.

— Contextual supplementation. For reference relations (r = REFERs _T0),
expansion is restricted to direct neighbors only, providing essential legal con-
text while preventing uncontrolled drift.

— Provenance retrieval. Structural relations are used to retrieve upstream
document metadata, ensuring provenance-aware evidence usage.

Context Assembly. The final retrieval output is assembled as a bounded con-
text set C(q) = Sk(q) U P(q), where P(q) denotes nodes obtained via relation-
aware expansion. Propagation depth and relation types are explicitly constrained
before C(q) is passed to downstream agents.

4.3 Multi-agent System

The QA pipeline is implemented as a lightweight Multi-Agent System (MAS)
composed of functionally specialized agents, as illustrated in Fig. 2. Each agent
fulfills a distinct operational role within a unified regulatory QA workflow.

Interpreter. The Interpreter performs intent analysis and routing. It deter-
mines whether a query is regulatory, extracts key signals such as document iden-
tifiers, and decides whether graph-based retrieval is required. This step avoids
unnecessary retrieval, improving overall execution efficiency.

Pathfinder. The Pathfinder implements the core graph-aware retrieval logic.
It performs seeded retrieval over regulatory nodes followed by relation-aware
propagation on the SRKG, including validity tracing along amendment relations
and bounded expansion over reference relations. The agent returns a legally
coherent and up-to-date context set C(q).

Auditor. The Auditor verifies the retrieved evidence and intermediate out-
puts by checking consistency between regulatory nodes, relations, and generated
claims. It performs grounding validation and safety checks to detect unsupported
or potentially hallucinated content.

Conductor. The Conductor orchestrates the overall QA process. Based on the
verified context C(q), it invokes an LLM to generate the final natural-language
answer and coordinates interactions among agents. When insufficient grounding
is detected by the Awuditor, the Conductor enforces conservative behavior such
as abstention or clarification requests.

Overall, the proposed system integrates structure-driven regulatory represen-
tation, seeded retrieval, and relation-aware propagation within a unified multi-
agent framework. By operationalizing legal structure directly during retrieval,
the system enables legally valid multihop reasoning and robust evidence ground-
ing, as demonstrated in our experiments.
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5 Experimentations

We assess system performance along multiple complementary dimensions, in-
cluding answer correctness, multihop reasoning quality, inference latency, graph
construction overhead, and the effectiveness of agent coordination, and compare
against representative baseline approaches.

5.1 Dataset

All experiments are conducted on the test split of VIHERMES, which is specif-
ically designed to assess multihop reasoning over Vietnamese healthcare reg-
ulatory documents. The test set spans diverse hop levels and legal reasoning
patterns, including amendment tracing, cross-document dependency resolution,
and validity-aware clause composition.

5.2 Baselines

We compare the proposed system against representative baselines drawn from
three major families of retrieval-augmented and multihop QA approaches.

Naive RAG. We consider standard RAG pipelines based on flat passage re-
trieval, including (1) lexical retrieval using BM25, (2) dense retrieval via em-
bedding similarity, and (3) hybrid retrieval combining lexical and dense scores
through weighted interpolation. These baselines represent common RAG settings
without explicit multihop or structural awareness.

Reasoning-guided Multihop QA. IRCoT [20] is a multi-step QA approach
that interleaves retrieval with Chain-of-Thought (CoT) reasoning to iteratively
guide evidence selection using a strong LLM, without explicitly modeling docu-
ment structure or legal validity constraints.

Graph-based RAG Methods. We include several representative graph-aware
retrieval frameworks that incorporate graph structures into indexing and re-
trieval to support multihop reasoning:

— RAPTOR (18] constructs a hierarchical tree of textual units via recursive
summarization, enabling retrieval across multiple levels of abstraction.

— MiniRAG [4] is a lightweight graph-based system that combines a small lan-
guage model with a heterogeneous graph index to achieve efficient structured
retrieval under limited computational budgets.

— LightRAG [5] emphasizes efficient graph construction and traversal strate-
gies to balance retrieval quality and inference latency.

— HippoRAG 2 [6] draws inspiration from hippocampal memory mechanisms,
modeling long-term knowledge as a graph to improve recall and evidence
integration across distant reasoning hops.
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5.3 Evaluation Metrics

We evaluate system performance at both the answer and retrieval levels. For
answer quality, we report token-level F'1 to measure surface-level overlap be-
tween predicted and reference answers. Since F'1 alone is insufficient to assess
reasoning correctness and legal validity in multihop regulatory QA, we addition-
ally adopt an LLM-as-a-Judge evaluation protocol [10], where a strong external
LLM evaluates answers in terms of correctness, completeness, and consistency

with supporting evidence. To assess retrieval quality independently of answer

(k)
. EgoaNEX) . .
generation, we use RecallQk = Lo ld| E rﬁf\“eveaf‘, which measures the proportion
zo

of gold supporting contexts recovered within the top-k retrieved results and re-
flects the effectiveness of evidence retrieval for multihop reasoning.

5.4 Experimental Setup

To ensure fair comparison and reproducibility, all systems share the same lan-
guage model backbone and evaluation protocol. We adopt GPT-40-mini? as the
unified LLM backbone for answer generation, chosen for its balance between rea-
soning capability and computational efficiency. Text embeddings are generated
using OpenAl text-embedding-3-small®, a multilingual embedding model sup-
porting both Vietnamese and English. All baselines are evaluated using default
hyperparameters to reflect realistic out-of-the-box performance. LLM-as-a-Judge

Table 3: Main QA performance on the VIHERMES test set.
Method F1 LLM Judge Recall@Q5

Naive RAG (BM25) |0.3076 |0.2027 0.2617

Naive RAG (Dense) (0.3289 0.2433 0.3241

Naive RAG (Hybrid)/0.4127 |0.3324 0.3989

IRCoT 0.4835 |0.3751 0.4254
MiniRAG 0.5429 |0.4856 0.5083
RAPTOR 0.5941 (0.5783 0.5563
LightRAG 0.7855 |0.6756 0.7256
HippoRAG 2 0.8023 |0.7332 0.8032
Ours 0.8334/0.7554 0.8461
w/o Auditor 0.8150 |0.6823 0.8267
w/o Interpreter 0.6540 0.5434 0.6134

w/o Pathfinder® 0.7734 10.6927 0.7955

¢ Instead of SRKG-based seeded retrieval and relation-aware propa-
gation, Pathfinder is replaced with standard dense—sparse retrieval
over flat text units.

2 https://platform.openai.com/docs/models/gpt-4o-mini.
3 https://platform.openai.com/docs/models/text-embedding-3-small.


https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small
https://platform.openai.com/docs/models/text-embedding-3-small

ViHERMES 333

evaluations are conducted using the GPT-40* API under a standardized rubric
to ensure consistent and comparable scoring across systems.

5.5 Results and Analysis

Table 3 reports the QA performance of all evaluated systems on the VIHERMES
test set, covering answer quality (F'1), reasoning reliability (LLM-as-a-Judge),
and retrieval effectiveness (Recall@5). The results show a clear progression from
flat, structure-agnostic RAG pipelines to multihop and graph-based approaches,
indicating that Vietnamese healthcare regulatory QA requires structured multi-
hop evidence integration. Among naive RAG baselines, Dense retrieval improves
over BM25, and Hybrid retrieval further benefits from combining semantic and
lexical signals; however, these approaches remain behind multihop methods due
to the lack of explicit modeling of inter-document dependencies and legal validity
constraints. IRCoT improves both F'1 and LLM Judge scores through iterative
reasoning, but remains limited by operating over unstructured text without ex-
plicit regulatory awareness. Graph-based methods achieve markedly stronger
results: MiniRAG and RAPTOR benefit from graph structure, while LightRAG
and HippoRAG 2 further improve answer quality and Recall@5, reflecting more
effective multihop evidence integration. Overall, the proposed system achieves
the best performance across all metrics, improving F'1 by 3.1 points over Hip-
poRAG 2 and confirming the effectiveness of structure-driven legal modeling
with relation-aware propagation.

Ablation results further clarify component contributions. Removing the In-
terpreter causes the largest degradation (F'1: 0.8334 — 0.6540), highlighting the
importance of intent analysis and query routing. Excluding the Auditor leads
to reduced reasoning reliability (LLM Judge: 0.7554 — 0.6823), underscoring

Table 4: Inference efficiency and graph construction statistics.

Method Inference efficiency Graph construction
Avg. latency (s)|Avg. tokens Nodes Edges|Graph tokens

Naive RAG (BM25) 4.1139 3009.8473 |- — —

Naive RAG (Dense) 6.1139 3043.3433 - — —

Naive RAG (Hybrid)9.2348 3289.3246 |- — —

IRCoT 11.8312 4457.4561 |- — —
MiniRAG 13.1923 4224.6595 2988 |4323 (3,270,523
RAPTOR 14.2325 4320.5432 3352 |7234 (3,436,236
LightRAG 17.3236 4558.3425 3569 (9332 3,684,343
HippoRAG 2 22.0278 4859.3696 2988 [11183/3,966,963
Ours 14.7415 4236.4620 3727 |12540/3,397,126

* https://platform.openai.com/docs/models/gpt-4o.
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the role of guardrail verification. Replacing the Pathfinder with flat hybrid re-
trieval also degrades performance, confirming the benefit of seeded retrieval with
relation-aware propagation over the SRKG.

Table 4 summarizes inference efficiency and graph construction. Compared
with Naive RAG and IRCoT, graph-based approaches incur higher overhead
from indexing and traversal; however, explicit legal modeling and constrained
propagation achieve a favorable effectiveness—efficiency trade-off. Despite con-
structing a larger SRKG, the proposed system maintains competitive inference
latency (14.74s on average), comparable to RAPTOR (14.23s) and faster than
HippoRAG 2. Moreover, it outperforms Light RAG and HippoRAG 2 while using
fewer graph tokens, indicating efficient context construction.

6 Conclusion

This paper introduces VIHERMES, a benchmark for multihop QA over Viet-
namese healthcare regulations that captures the legally interdependent and fre-
quently amended nature of regulatory texts. VIHERMES provides evidence-
grounded question—answer pairs with explicit reasoning annotations across di-
verse dependency patterns, enabling systematic evaluation of multihop regula-
tory QA in a low-resource language setting. To support this benchmark, we pro-
pose a SRKG and a graph-aware, multi-agent QA system that combines seeded
retrieval, relation-aware propagation, and verification, achieving consistent gains
over strong RAG and graph-based baselines while maintaining competitive infer-
ence latency and efficient context construction. Beyond healthcare, the proposed
structure-driven formulation is applicable to other regulatory domains with hier-
archical organization and formal cross-document dependencies, and future work
will focus on constraining propagation volume and enriching temporal validity
for improved robustness in practical deployment.
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