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Abstract

Traditional retrieval-augmented generation (RAG) methods struggle with hierarchical
documents, often causing semantic fragmentation, structural loss, and inefficient retrieval
due to fixed strategies. To address these challenges, this paper proposes HiSem-RAG, a
hierarchical semantic-driven RAG method. It comprises three key modules: (1) hierarchical
semantic indexing, which preserves boundaries and relationships between sections and
paragraphs to reconstruct document context; (2) a bidirectional semantic enhancement
mechanism that incorporates titles and summaries to facilitate two-way information flow;
and (3) a distribution-aware adaptive threshold strategy that dynamically adjusts retrieval
scope based on similarity distributions, balancing accuracy with computational efficiency.
On the domain-specific EleQA dataset, HiSem-RAG achieves 82.00% accuracy, outperform-
ing HyDE and RAPTOR by 5.04% and 3.98%, respectively, with reduced computational
costs. On the LongQA dataset, it attains a ROUGE-L score of 0.599 and a BERT_F1 score
of 0.839. Ablation studies confirm the complementarity of these modules, particularly in
long-document scenarios.

Keywords: hierarchical document representation; semantic enhancement; adaptive thresh-
old retrieval; long-form question answering; similarity distribution modeling; large
language model

1. Introduction
Retrieval-Augmented Generation (RAG) has emerged to address Large Language

Model (LLM) limitations regarding knowledge timeliness, domain specificity, and gener-
ation stability. By combining external retrieval with generative capabilities, RAG allows
models to access dynamic, domain-specific information during inference, overcoming the
boundaries of closed parameter learning.

Since its proposal by Lewis et al. [1], RAG has been widely applied in question
answering, summarization, and dialogue systems. Early methods, such as Dense Pas-
sage Retrieval (DPR) [2], relied on dual-encoder architectures for vector-based semantic
matching. Subsequently, RAG systems evolved in two key areas: semantic indexing (ad-
vancing from fixed-length chunks to structure-aware forms) and retrieval mechanisms
(expanding to hybrid [3] and adaptive approaches). For instance, Self-RAG [4] employs
self-reflection to dynamically invoke external knowledge. However, reliance on external
knowledge presents challenges. Mansurova et al. [5] explored LLM reliance on external
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vector indices (QA-RAG), highlighting persistent issues with noise robustness and external
truth integration.

Despite progress, RAG faces bottlenecks when processing complex, long, or information-
dense documents:

1. Semantic Structure Loss: Most methods mechanically split documents into fixed-
length segments, ignoring natural hierarchies like headings and sections. This disrupts
semantic boundaries, resulting in fragmented retrieval and weak context, making it
difficult to capture key information in long documents.

2. Rigid Retrieval Quantity: Mainstream approaches typically use a fixed top-k strategy,
ignoring the actual knowledge distribution. A small k risks omitting critical informa-
tion, while a large k introduces noise and increases computational overhead, leading
to generation interference.

To improve accuracy and efficiency, we propose HiSem-RAG, a Hierarchical Semantic-
Driven Retrieval-Augmented Generation method. This approach leverages document
hierarchy and semantic distribution through three designs:

• Hierarchical Semantic Indexing: Constructs multi-granularity indices based on nat-
ural document structures (sections, paragraphs), preserving original boundaries for
hierarchical retrieval.

• Bidirectional Semantic Enhancement: Introduces titles and summaries to facilitate
information flow across layers, strengthening semantic connections.

• Distribution-Aware Adaptive Thresholding: Dynamically sets retrieval thresholds
based on similarity distributions, replacing the fixed top-k approach to balance com-
pleteness and efficiency.

Comprehensive evaluations on the EleQA and LongQA datasets demonstrate that
HiSem-RAG outperforms baselines in both accuracy and resource efficiency. Ablation
studies further confirm the synergistic effects of the core modules.

Further ablation studies confirm the synergistic effects among the three core modules,
making HiSem-RAG particularly suitable for question-answering scenarios involving
complex hierarchical structures and information-dense content.

To systematically address the challenges of structural loss and rigid retrieval strategies,
this study focuses on the following three research questions (RQs):

• RQ1: How can we construct an indexing mechanism that preserves the nat-
ural hierarchical boundaries of documents to prevent context detachment and
structural ambiguity?

• RQ2: How can we enable bidirectional information flow between document layers to
enhance the semantic completeness of retrieved fragments?

• RQ3: How can we design a dynamic retrieval strategy that automatically adjusts the
retrieval scope based on information density, balancing coverage and efficiency?

2. Motivating Example and Design Rationale
To illustrate the limitations of current approaches, we present a real-world example

from the LongQA dataset in Figure 1. The document structure (Panel A) features identical
subtitles, “2. Process Standards,” under two different chapters: “Main Transformer” and
“Neutral Point System.”

• Structural Ambiguity and Context Loss: Traditional RAG methods mechanically split
documents into flat chunks (Panel B). This severs the connection between the subtitle
and its parent chapter. Consequently, when a user asks about “Main Transformer
standards,” the retriever, lacking structural awareness, is easily distracted by the
similar content in the “Neutral Point” section (Chunk 7), leading to hallucinations.
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• Fragmentation vs. Adaptive Retrieval: Furthermore, the correct answer spans
23 detailed items (over 3000 tokens), which are inevitably split into multiple fragments
(Chunks 3–8). A rigid top-k retrieval strategy (e.g., k = 3) would fetch only the initial
fragments, missing the critical details in the tail.

Our Solution (HiSem-RAG): As shown in Panel C, HiSem-RAG preserves the hierar-
chical tree to address these issues:

• Bidirectional Enhancement: We explicitly embed the title path (Top-Down) to disam-
biguate the context. Simultaneously, detailed rules are compressed into a summary at
the parent node (Bottom-Up Aggregation, shown as the blue “Summary” box).

• Adaptive Threshold: Instead of a fixed top-k, our distribution-aware threshold detects
the semantic coherence of the parent node and automatically retrieves the entire
cluster of relevant chunks (Standards 1–23) as a complete context unit (indicated by
the dashed “Adaptive Scope” box).

USER QUERY

"What are the process standards  for main transformer  installation?"

Source Document(A)
Hierarchical Structure

📋
Same Subsection Names in Different
Chapters

. . .

Ch.1 Main Transformer System

Sec.1 Transformer Installation

1. Process Flow

1.1 Flow Chart

1.2 Key Control Points

2. Process Standards  ← Target ✓

(1) Center alignment...

(2) Accessories complete...

...

Ch.2 Neutral Point System

Sec.1 Equipment Installation

1. Process Flow

2. Process Standards  ← Distractor ✗

(1) Grounding specs...

(2) Connection specs...

💡  Structural Ambiguity: "2. Process Standards"
appears in BOTH chapters with identical naming but
different semantic contexts.

Traditional RAG(B)
Flat Text Chunking

❌ Retrieval Failed: False Positive Included

⚠️  Problem: Keyword matching causes Chunk 7 (wrong chapter) to
rank higher than correct context. No structural awareness leads to false
positives.

Chunk 7 Score: 0.83

2. Process Standards
(1) Grounding specifications per design...

(2) Connection requirements verified...

(3) Equipment clearance maintained...

❌ False Positive: From Ch.2 Neutral Point System (Wrong Chapter!)

Chunk 3 Score: 0.82

2. Process Standards
(1) Center alignment with foundation ±5mm...

(2) Accessories complete and functional...

(3) Cable arrangement neat and secure...

✓ Correct Match: From Ch.1 Main Transformer (But ranked #2)

⬆ Top-k Cut-off ⬆

Chunk 4 Score: 0.62

(5) Outdoor relay protection complete...

(6) Rain cover installation verified...

(7) Foundation bolt torque checked...

⚠️ Missed Context: Correct but excluded by Top-k limit

HiSem-RAG (Ours)(C)
Hierarchical Semantic Indexing

✅ Precise Retrieval: Structure-Aware Filtering

⚠️  ✓ Solution: Path-aware embeddings give high scores to
semantically + structurally aligned chunks. Distractors with wrong
hierarchical context receive significantly lower scores and are filtered
out.

✓ Retrieved Cluster (Path Match)

📂 Ch.1 Main Transformer 2. Standards› ›

Chunk 3 Score: 0.91

Summary: Installation standards for main transformer

(1) Center alignment with foundation ±5mm...

(2) Accessories complete and functional...

(3) Cable arrangement neat and secure...

✅ Path Match: Query terms + hierarchical context aligned

📂 Ch.1 Main Transformer 2. Standards› ›

Chunk 4-8 Score: 0.88-0.90

(Additional process standards: relay protection, rain covers, bolt

torque, insulation tests...)

Adaptive Threshold θ = 0.80

Chunk 7 (Distractor) Score: 0.45

2. Process Standards
(1) Grounding specifications per design...

(2) Connection requirements verified...

🚫 Filtered Out: Score < θ (< 0.80)

📂 Ch.2 Neutral Point 2. Standards› ›

💡  Key Mechanism: Chunk 7's score drops (0.83 → 0.45) due to path
mismatch. Structure-aware embeddings filter out wrong-context chunks.

Figure 1. A motivating example illustrating the limitations of traditional RAG versus the proposed
HiSem-RAG.

3. Related Work
3.1. Index Structures in RAG Systems

The index structure is a core component of RAG systems, directly determining the
organization and retrieval mode of the knowledge base. With the development of RAG
technology, index structures have gradually evolved from simple flat structures to more
complex forms with hierarchical and semantic associations.

3.1.1. Flat Indexing Methods

Early RAG systems primarily adopted flat indexing structures, representing docu-
ments as independent sets of vectors. This approach is easy to implement but struggles
to capture hierarchical relationships and semantic coherence within document content. A
typical example is DPR, which uses a dual-encoder to generate vector representations for
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queries and documents, enabling retrieval through similarity computation. Compared
with traditional keyword-matching methods, DPR better captures semantic relevance but
ignores the internal structure of documents.

3.1.2. Hierarchical Index Structures

To overcome the limitations of flat indexing, researchers have proposed various hi-
erarchical indexing methods. RAPTOR [6] constructs document trees through recursive
abstraction, clustering and summarizing sentences layer by layer from leaf nodes to the
root. This structure improves retrieval flexibility and precision, supporting multi-level re-
trieval with adaptive granularity based on query complexity. While RAPTOR’s bottom-up
approach may face challenges in tasks requiring complete context, its concept has inspired
subsequent optimizations. Recent domain-specific applications, such as the paradigm for
construction management proposed by Wu et al. [7], further demonstrate the importance
of hierarchical structures in RAG systems. This approach parses project documents into
hierarchical structures, combining document-level features with original content to enhance
granularity alignment and retrieval effectiveness. These developments have significantly
influenced the hierarchical indexing approach proposed in this paper.

3.1.3. Graph-Based Indexing Methods

In recent years, graph-based index structures have shown significant potential.
GraphRAG [8] constructs knowledge graphs by extracting entities and relationships using
large language models, addressing complex problems requiring global understanding.
KA-RAG [9] integrates structured knowledge graphs with agentic workflows, employing
a dual-retrieval strategy that combines symbolic graph reasoning with dense semantic
retrieval to enhance interpretability and precision in educational scenarios. Several re-
searchers [10–12] have extended these approaches to specialized domains, retrieving rele-
vant triples from knowledge graphs and converting them into natural language prompts for
applications ranging from general knowledge enhancement to forensic injury assessment
and failure mode analysis. Additionally, Choi et al. [13] proposed integrating Knowledge
Graph encoders with pre-trained models (like ALBERT) to utilize explicit external infor-
mation, demonstrating that schema graph expansion effectively improves performance
in commonsense question answering. Graph-based indexes naturally represent complex
inter-document associations and provide structural support for advanced reasoning.

In summary, RAG indexing has evolved from flat to hierarchical and graph-based
forms, increasingly emphasizing semantic association and structural preservation. While
flat structures are simple, hierarchical approaches better preserve document organization,
and graph structures excel at representing complex associations. However, simultaneously
maintaining structural integrity and supporting efficient retrieval remains challenging. The
proposed HiSem-RAG addresses this by constructing a hierarchical index that retains the
original document hierarchy while facilitating precise, adaptive retrieval.

3.2. Optimization of Text Chunking Strategies

Text chunking is a foundational step in index construction, directly affecting the quality
of the index and retrieval performance. Based on their core principles, chunking strategies
can be classified as follows:

3.2.1. Length-Based Chunking Methods

The most basic and widely used strategy is length-based chunking. Fixed-size chunk-
ing mechanically splits documents according to a preset number of tokens or characters.
While simple to implement, this method often disrupts semantic integrity. TEJA R., through
the LLAMAi framework [14], systematically studied the impact of chunk size on RAG
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performance, showing that an appropriate chunk size can balance efficiency and semantic
completeness. As large language models’ capabilities for long-text processing have im-
proved, research by Xu et al. [15] demonstrated that expanding the context window from
4K to 32K and combining with retrieval augmentation can significantly enhance long-text
task performance.

3.2.2. Semantics-Based Chunking Methods

Semantics-based chunking methods aim to preserve the semantic integrity of text. By
identifying semantic boundaries for segmentation, they retain key information and logical
structure. The Small2Big approach by Yang et al. [16] uses sentences as basic retrieval
units and supplies context sentences to the language model, improving retrieval efficiency
while maintaining semantic coherence. More recently, Krassovitskiy et al. [17] investigated
the use of LLM embeddings to capture semantic coherence and topic closure. Their
work demonstrates that integrating embeddings with classical clustering and graph-based
methods—including a proposed magnetic clustering algorithm—significantly improves
segmentation quality, providing valuable insights for optimizing RAG systems. Such
methods focus on semantic cohesion within the text and are suitable for unstructured but
semantically rich content.

3.2.3. Structure-Aware Chunking Methods

With increasing needs for processing domain-specific documents, structure-aware
chunking methods have gained attention. Meta-Chunking [18] employs dynamic chunking
to balance fine and coarse granularity, using metadata to enhance contextual information
within chunks. Wang et al. [19] examined the role of document structure in paragraph
retrieval, showing that considering document structure helps systems understand para-
graph significance within the global context. These methods fully leverage structural
information—such as titles and sections—and are highly relevant to the section-title-based
chunking strategy proposed in this paper. Zheng et al. [20] demonstrated how specialized
text mining approaches can enhance domain-specific chunking strategies for chemistry
literature. Bi et al. [21] proposed a sliding window strategy that effectively addresses
limitations of traditional fixed-size context windows, dynamically adjusting window size
and step length to preserve contextual information.

The evolution of text chunking strategies reflects the deepening understanding of
semantics and structure in RAG systems. From initial fixed-length chunking, to semantic-
aware chunking, and then to structure-aware chunking, each step addresses the limitations
of the previous stage. Length-based methods are simple but cannot ensure semantic
integrity; semantic chunking values content cohesion but has limited structural awareness;
structure-aware chunking leverages inherent document organization but is less effective
for unstructured text. Designing chunking strategies that retain the natural hierarchy of
documents while maintaining paragraph-level semantic integrity is key to enhancing RAG
systems’ ability to process complex documents.

3.3. Optimization of Retrieval Mechanisms and Strategies

Retrieval mechanisms directly determine the quality of information provided to the
generation model. Retrieval optimization primarily focuses on query processing, retrieval
strategies, and result optimization.

3.3.1. Query Optimization and Decomposition

Query optimization studies how to improve user input to enhance retrieval quality.
Various approaches have emerged to address this challenge. The HyDE method [22] gener-
ates hypothetical documents for retrieval, while query rewriting strategies like BEQUE [23]
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focus on enhancing sparse queries in specialized domains. Several researchers [24–26]
have developed systems that identify user intent through specialized models and route
queries to appropriate retrieval methods, significantly improving performance in contexts
ranging from multi-agent QA systems to geographic question answering and military
applications. For complex queries, advanced frameworks [27–29] employ techniques such
as query decomposition, unified reading comprehension, and chain-of-thought reasoning
with recursive retrieval, allowing systems to break down complex questions and retrieve
information iteratively as needed.

3.3.2. Hybrid Retrieval and Dynamic Strategies

Hybrid retrieval combines methods such as BM25, dense vector retrieval, and sparse
encoders, leveraging their complementary strengths for both keyword matching and seman-
tic understanding. Multiple researchers [30–32] have validated hybrid retrieval approaches
in professional domains including power knowledge bases, industrial knowledge man-
agement, and building engineering. These systems typically combine traditional search
methods with embedding processing and specialized ranking mechanisms.

Domain-specific applications have further enhanced these approaches through special-
ized frameworks [33,34] that incorporate dynamic fine-grained methods and query rewrit-
ing techniques. Recent advances in adaptive retrieval strategies [35–37] have demonstrated
promising results in specialized domains ranging from multi-objective math problems to
dialogue state correction and equipment maintenance, often incorporating chain-of-thought
reasoning or block-based retrieval. These approaches highlight the growing importance
of domain-adaptive retrieval strategies that can dynamically determine when and how to
retrieve external knowledge based on content quality and user needs.

3.3.3. Retrieval Result Re-Ranking

Re-ranking plays a crucial role in improving retrieval accuracy. The Re2G framework
by Glass et al. [38] merges results from multiple retrieval methods and applies neural
re-ranking to optimize initial retrieval results, greatly enhancing final generation quality.
The RankRAG method by Yu et al. [39] uses instruction tuning to enable a single LLM to
perform both context ranking and answer generation, reducing reliance on separate ranking
models. Ren et al. [40] introduced an adaptive two-stage retrieval augmented fine-tuning
method for interpreting research policy, combining a two-stage retrieval mechanism with
adaptive hard negative sampling. Xu et al. [41] proposed a two-stage consistency learning
approach for retrieval information compression in RALMs to enhance performance while
maintaining semantic alignment with the teacher model’s intent. These approaches focus
on improving the quality and relevance of retrieval results, providing a stronger knowledge
foundation for the generation stage.

Research on optimizing retrieval mechanisms demonstrates diverse technical ap-
proaches, from query improvement, to hybrid retrieval, and result re-ranking, all con-
tributing to advances in RAG retrieval. Query optimization enhances systems’ ability to
understand user intent through rewriting and decomposition; hybrid retrieval combines
the advantages of different methods to improve overall retrieval; re-ranking further refines
results to enhance the quality of information provided to the generation model. However,
most existing methods still use fixed retrieval quantities, lacking dynamic adjustment
capabilities and struggling to adapt to varying query information needs.

In summary, existing indexing methods struggle to simultaneously preserve docu-
ment hierarchical structure and paragraph-level semantic integrity. They also lack effective
mechanisms to represent and utilize hierarchical semantic information. Most methods use
fixed top-k retrieval strategies, which cannot dynamically adjust to query characteristics
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and document distribution, resulting in insufficient knowledge coverage or redundant
information. The HiSem-RAG method proposed in this paper constructs a hierarchi-
cal semantic index structure to preserve the natural hierarchy and semantic integrity of
documents, and introduces a distribution-aware adaptive threshold mechanism to dy-
namically adjust the retrieval range, balancing the breadth and precision of knowledge
coverage. By organically integrating chunking strategies, index structures, and retrieval
mechanisms, HiSem-RAG provides a new solution for QA tasks involving structurally
complex documents.

4. Method
This section provides a detailed introduction to the core components and technical

details of the HiSem-RAG method. As shown in Figure 2, the central idea of HiSem-RAG
is to construct an indexing system that preserves the hierarchical structure of documents
while supporting intelligent retrieval. The entire method consists of two main parts: the
construction of a hierarchical semantic index structure and a distribution-aware adaptive
threshold retrieval mechanism based on this structure. This design fully leverages the
inherent hierarchical characteristics of documents, providing efficient and precise retrieval
services while maintaining semantic integrity.

Markdown
Documents

⚙

Parsing

Hierarchical
Chunks

Rich Semantic
Node

T Title Path

C Content

S Summary

K Keywords

# Index & IDs

INDEX CONSTRUCTION

Bidirectional Semantic Enhancement

↓
Title

Tpath

S,
K

↑
Summary

Hierarchical Index

?
User Query

Embedding

Vector

Cosine Similarity

vs

Sim(q, Tpath+S+K)
Hierarchical
Search

Adaptive
Threshold

Retrieved
Nodes

Title Content Index

Context Assembly LLM

A
Answer

RETRIEVAL & GENERATION

θ

Figure 2. The framework of the HiSem-RAG method.

4.1. Hierarchical Semantic Index Structure
4.1.1. Hierarchical Document Parsing

Hierarchical document parsing is the foundational step of the HiSem-RAG method. Its
main goal is to preserve the natural structure of documents, converting original linear text
into a tree structure with hierarchical semantic relationships. This process mainly involves
three stages: hierarchical title recognition to clarify structural boundaries; tree structure con-
struction to organize documents into multi-level node representations; recursive splitting
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of lengthy segments at each level to control retrieval granularity and context length. Essen-
tially, this is a hybrid approach that combines hierarchical modeling and semantic chunking,
preserving semantic integrity while providing a structured foundation suitable for long-
document processing, which supports subsequent efficient retrieval and generation.

Unlike traditional fixed-length chunking, we parse the multi-level title structure of
documents to transform them into tree structures with hierarchical relationships. Formally,
given a document d with hierarchical structure, we parse it into a tree T = {n1, n2, . . . , nm},
where node ni represents a semantic unit in the document, such as a section, subsection, or
other title-based content fragment. This structure reflects the document’s natural hierarchy.
Each node can be a content carrier or a container for other nodes, and each node ni contains
the following information:

• Node identifier id: the unique identifier of the node;
• Parent node identifier parent_id: pointer to the parent node;
• Multi-level title path Tpath: concatenated path from the root to the current node;
• Index: the sequence number after recursive splitting;
• Core knowledge points K: the knowledge points in the node content;
• Content summary S: a concise summary of the node’s content;
• Original content: the raw content of the node (empty for non-leaf nodes);
• Children: a list of IDs for all child nodes (empty for leaf nodes).

To handle potentially overlong node content, we employ a recursive character-splitting
strategy, using sentence and paragraph boundaries to ensure that segmented content fits
model input constraints while preserving semantic integrity as much as possible. For any
node ni with content longer than the preset threshold Lmax, we recursively split the content,
treat the resulting segments as child nodes, and use the index to preserve the original order,
ensuring semantic coherence.

4.1.2. Bidirectional Semantic Enhancement

To further improve the expressiveness of semantic units, we design a bidirectional se-
mantic enhancement mechanism. Based on the hierarchical structure, this mechanism
models information flow from both directions: top-down to provide structural con-
text and positional awareness; bottom-up to aggregate content summaries and enhance
semantic abstraction.

(1) Semantic Block Compression and Key Knowledge Extraction

First, we use a large language model to compress and reconstruct each node’s content,
extracting knowledge points K and generating summaries S:

(K, S) = LLM(P, content), (1)

where P is the prompt, with specific designs shown in Table 1 (first row). This step
effectively filters redundant content, retains important information, and improves the
compactness and usability of semantic representations.
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Table 1. Overview of prompt design.

Function Example

Key point and summary extraction

You are a tool for extracting key points and
summaries from document paragraphs.
Given a text, extract its key points (a set of
words separated by commas) and a summary
(a paragraph describing the main content).
Content: {node.page_content}

Knowledge and summary aggregation

As a document analysis expert, please
integrate the key points and summaries of the
following subsections to generate the
integrated knowledge points and summary
for the current section. Current section:
{node.title} Current content:
{node.page_content} Subsection key points
and summaries: {child_summaries} Please
generate: 1. Core knowledge points
(comma-separated keywords or phrases); 2.
Summary (comprehensive summary content).
Output format: Key points: [keyword1],
[keyword2], . . . Summary: [summary content]

Fill-in-the-blank question evaluation

As an objective and fair expert evaluator,
please judge whether the following
fill-in-the-blank answer is correct. Question:
{question_text} Standard answer:
{standard_answer} Answer: {rag_answer}
Consider: 1. Semantic consistency; 2.
Keyword matching; 3. Terminology accuracy.
Only answer “correct” or “incorrect”.

(2) Top-Down Semantic Flow

To enhance the structural positioning ability of each node, we construct a multi-level
title path Tpath, which reflects the node’s context within the document and aids in structural-
aware retrieval. Suppose the path from the root to the current node consists of k nodes
n1, n2, . . . , nk, where n1 is the root and nk the current node, and title(ni) is the title of node
ni. The full title path Tpath is defined as

Tpath =

title(n1), if k = 1,

title(n1) → title(n2) → · · · → title(nk), if k > 1,
(2)

As illustrated in the motivating example (Figure 1), this mechanism explicitly embeds
the path “Main Transformer” into the semantic representation of the subsection, effectively
distinguishing it from the “Neutral Point” section despite their identical subtitles.

(3) Bottom-Up Semantic Aggregation

To strengthen higher-level nodes’ grasp of their subordinate content, we aggregate the
knowledge points and summaries of all child nodes:

(Kagg, Sagg) = LLM(Pagg, {(titlei, Ki, Si)}i∈Children), (3)

where Kagg and Sagg are the aggregated knowledge points and summary for the parent node,
and Pagg is a specially designed aggregation prompt (see Table 1, second row). This structure
enables higher-level nodes to summarize the core semantics of subordinate nodes, while lower-
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level nodes contain detailed information, forming a full semantic hierarchy from abstract to
concrete. Referring back to Figure 1, this corresponds to the blue “Summary” box, which
aggregates key details from the 23 child items, enabling the parent node to act as a semantic
anchor for retrieval. The specific algorithm for hierarchical semantic index construction is
shown as Algorithm 1.

Algorithm 1 Build Hierarchical Index

Require: Document collection D, maximum chunk size Lmax
Ensure: Hierarchical semantic index I

1: I ⇐ ∅ ▷ Initialize index
2: for all d ∈ D do
3: N ⇐ PARSESTRUCTURE(d) ▷ Extract hierarchical nodes
4: r ⇐ N [d.id] ▷ Get root node
5: for all n ∈ N do
6: if |n.content| > Lmax then
7: C ⇐ SEMANTICSPLIT(n.content, Lmax)
8: n.content ⇐ ϵ ▷ Clear parent content
9: for all c ∈ C do

10: nc ⇐ CREATECHILD(n, c)
11: N ⇐ N ∪ {nc}
12: end for
13: end if
14: end for
15: BUILDTITLEPATHS(r,N ) ▷ Top-down enhancement
16: GENERATESUMMARIES(N ) ▷ Extract knowledge points
17: AGGREGATEKNOWLEDGE(r,N ) ▷ Bottom-up aggregation
18: I [d.id] ⇐ {r,N}
19: end for
20: return I

4.2. Distribution-Aware Adaptive Threshold Retrieval

Based on the hierarchical semantic index, we design a distribution-aware adaptive
threshold retrieval mechanism that fully exploits hierarchical document features for intelli-
gent retrieval. Traditional retrieval systems usually use a fixed top-k strategy, returning
a fixed number of most similar results regardless of the similarity distribution. This ap-
proach has clear limitations: when multiple semantic units are highly relevant to the query,
important information might be missed; when most units have low relevance, noise may
be introduced.

Our hierarchical recursive retrieval algorithm starts from the root node and explores
relevant nodes level by level. For a user query q, we compute the similarity between its
vector representation and the semantic-enhanced representations of nodes at the current
level, i.e., using “multi-level title path + knowledge points + summary” as the similarity
computation object:

sim(q, ni) = cosine
(

Embed(q), Embed(Tpath(ni) + Ki + Si)
)

, (4)

where cosine is the cosine similarity function, Embed(q) is the query vector, Tpath(ni) the
title path, Ki the knowledge points, and Si the summary of node ni. This gives a similarity
array reflecting the query’s relevance to each semantic-enhanced node.

For these similarity distributions, we propose a distribution-aware adaptive threshold
mechanism, which dynamically adjusts the threshold at each level based on statistical
characteristics of the similarity distribution. Only nodes with similarity greater than
or equal to the threshold are selected as candidate nodes for the next level, continuing
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recursively to the leaves. This directly addresses the fragmentation issue shown in Figure 1:
instead of a fixed k = 3 that would truncate the list, our adaptive threshold detects the
high semantic density of the cluster and automatically expands the scope to retrieve all
23 relevant standards as a coherent unit. The threshold is computed as

θraw = β · smax − (1 − γ · CV) · (smax − µ). (5)

where

• θraw: the original dynamic threshold based on similarity distribution;
• smax: the maximum similarity at the current level;
• µ: the average similarity at the current level;
• σ: the standard deviation of similarities at the current level;
• CV = σ/µ: the coefficient of variation, measuring distribution dispersion;
• β: base retention coefficient (0.8 ≤ β ≤ 1), controlling the base threshold ratio;
• γ: distribution sensitivity coefficient (0.8 ≤ γ ≤ 1), controlling sensitivity to similarity

distribution.

This mechanism sets the initial threshold based on the maximum similarity. When the
similarity distribution is more dispersed (large CV), the system adopts a looser filtering
criterion; when the distribution is concentrated (small CV), a stricter criterion is used.
Intuitively, in a highly concentrated distribution (e.g., CV < 0.1), the threshold approaches
β · smax, resulting in precision-oriented filtering that retains the highly cohesive cluster;
conversely, in a highly dispersed distribution (e.g., CV > 0.5), the threshold drops more
aggressively below smax, allowing a broader set of potentially relevant context nodes to
pass through.

However, extreme cases may occur in practice, e.g., all node similarities are low,
causing the raw threshold to be too low and selecting too many weakly relevant nodes,
which may exceed the model’s input limit. To address this, the algorithm incorporates
safety mechanisms for computing the final threshold θ:

• Minimum similarity threshold θmin to avoid selecting nodes with excessively low
similarity;

• Minimum node count per level kmin to prevent over-filtering of potentially relevant
nodes;

• Maximum node count per level kmax to avoid introducing too much noise;
• Overall maximum result count to control retrieval scale.

After retrieval, HiSem-RAG proceeds to the generation stage, integrating the user
query and retrieval results into structured context for the large language model to generate
answers. Unlike the retrieval stage, the generation stage uses “multi-level title path + index
+ original content” as context elements.

Through this distribution-aware recursive retrieval mechanism, the system exhibits
significant intelligent adaptability: when the query is highly relevant to certain nodes,
the system automatically raises the threshold to retain only highly relevant nodes; when
all nodes have similarly high relevance, the system appropriately lowers the threshold
to keep more potentially relevant information, dynamically balancing retrieval precision
and resource consumption in different query scenarios. The specific algorithm is shown as
Algorithm 2.

https://doi.org/10.3390/app16020903

https://doi.org/10.3390/app16020903


Appl. Sci. 2026, 16, 903 12 of 24

Algorithm 2 Distribution-Aware Adaptive Threshold Retrieval

Require: Query q, hierarchical index I = {r,N}, parameters β, γ, θmin, kmax
Ensure: Retrieved node set R

1: eq ⇐ EMBED(q) ▷ Query embedding
2: R ⇐ ∅; V ⇐ ∅ ▷ Results and visited sets
3: SEARCHLEVEL({r}, 0)
4: return R

5: function SEARCHLEVEL(Nℓ, ℓ)
6: if ℓ > ℓmax or Nℓ = ∅ then
7: return
8: end if
9: S ⇐ ∅ ▷ Similarity scores at level ℓ

10: for all n ∈ Nℓ \ V do
11: sn ⇐ COSINE(eq, en)
12: S ⇐ S ∪ {(n, sn)}
13: end for
14: if S ̸= ∅ then
15: θ ⇐ ADAPTIVETHRESHOLD(S , β, γ, θmin) ▷ Equation (5)
16: for all (n, sn) ∈ S where sn ≥ θ do
17: V ⇐ V ∪ {n}
18: if n is leaf then
19: R ⇐ R∪ {(n, sn)}
20: else
21: SEARCHLEVEL(CHILDREN(n), ℓ+ 1 )
22: end if
23: end for
24: end if
25: end function

By organically combining the hierarchical semantic index structure and the distribution-
aware adaptive threshold retrieval mechanism, HiSem-RAG provides a complete solution
for processing professional documents with complex hierarchical structures, balancing
retrieval comprehensiveness and precision, and offering high-quality context to large
language models.

5. Experimental Setup
5.1. Datasets

To verify the effectiveness of the HiSem-RAG method, we evaluate various bench-
marks on the public power domain expert dataset EleQA [42] and a self-constructed
long-form question answering dataset (LongQA).

EleQA is a publicly available, high-quality dataset in the field of electrical engineering,
covering core expert knowledge such as power system operation, equipment maintenance,
and safety regulations. This dataset contains 32,610 professional specification clauses and
19,560 QA pairs, with a well-balanced distribution of question types and broad coverage.
It features a high degree of professionalism and structuring, making it an important
benchmark for assessing models’ capabilities in vertical domain knowledge understanding
and application.

LongQA focuses on long-form document QA tasks, aiming to test RAG systems’ com-
prehensive ability to handle lengthy texts, multi-level structures, and complex semantic
relationships. Based on preset screening criteria, we selected 27 representative long docu-
ments from technical manuals and e-books, with average length reaching 480,000 characters
per document. These documents are highly hierarchical and structurally complex, covering
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multiple professional knowledge domains, and are well-suited for thoroughly evaluating
models’ abilities in cross-paragraph reasoning and information integration.

For QA pair construction, we adopted a three-stage process: human annotation, large
language model-assisted generation, and expert review. First, human annotators designed
questions covering different hierarchical levels and information spans to ensure diver-
sity. Then, large language models were used to compress document content and generate
preliminary answers. Finally, annotators with domain expertise reviewed each answer, sup-
plementing or correcting model-generated fragments to ensure accuracy and completeness.

In total, we constructed 279 high-quality QA pairs, with an average QA length of
511.23 characters. The main challenges of the LongQA dataset are large document spans,
complex semantic relationships between paragraphs, requirements for multi-step reasoning,
and cross-level information integration, making it suitable for research on advanced long-
text processing.

These two datasets are complementary in scale, structure, knowledge domain, and
evaluation focus, together forming a comprehensive experimental foundation for evaluat-
ing HiSem-RAG. Table 2 presents their key statistics and comparison dimensions.

Table 2. Statistics of the experimental datasets.

Dataset Documents
Count

QA
Pairs

Avg. Doc.
Length (Chars)

Question Type Distribution
& Avg. QA Length (Chars)

EleQA 32,610 19,560 12,159.20

Single Choice: 6150;
Fill-in-the-Blank: 6590;
Judgement: 6820
Avg. QA Length: 55.35 chars

LongQA 27 279 478,982.93 QA type: 279
Avg. QA Length: 511.23 chars

5.2. Experimental Design

Three groups of systematic experiments are designed in this study: baseline com-
parison, resource consumption comparison, and ablation study, to evaluate the overall
performance, resource consumption, and component contributions of the HiSem-RAG
method, respectively.

5.2.1. Baseline Model Comparison

The baseline comparison experiment aims to comprehensively evaluate the advantages
of HiSem-RAG over existing RAG methods. We select five representative RAG methods as
baselines, covering both traditional retrieval models and advanced RAG techniques.

For traditional retrieval, we select BM25 and DPR as benchmarks. BM25 calculates
relevance based on TF-IDF statistics without relying on neural networks; DPR uses a
dual-tower neural encoder to map queries and documents into a shared vector space for
similarity computation.

For advanced RAG methods, we select three state-of-the-art approaches: HyDE
generates hypothetical documents as retrieval proxies using large language models to
enhance query representation; Meta-Chunking adopts an adaptive chunking strategy,
combining perplexity and boundary signals to optimize text segmentation; RAPTOR
builds document trees via recursive abstraction for multi-level information integration and
hierarchical retrieval.

All experiments use the same base model configuration: GLM-4-flash [43] as the large
language model and BGE-M3 [44] as the text embedding model.
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5.2.2. Resource Consumption Comparison

The resource consumption comparison experiment aims to evaluate the effect of the
distribution-aware adaptive threshold mechanism on retrieval efficiency and computational
cost. To verify its effectiveness, we design resource consumption comparisons under
different retrieval strategies and analyze the trade-off between retrieval quantity and
model performance.

In the experiment, we change the fixed retrieval number (topk = 5) of DPR and HyDE
to dynamic retrieval based on the adaptive threshold (range 1–7), and also replace HiSem-
RAG’s adaptive threshold with fixed per-layer retrievals (topk = 2, 3). We then compare
the resource consumption differences between fixed and adaptive threshold strategies.

5.2.3. Ablation Study

The ablation study analyzes the independent contribution and synergy of each HiSem-
RAG component, validating the rationality of the system’s design. We systematically
remove or replace key modules and observe changes in system performance to evaluate
their importance.

Specifically, we construct three simplified variants: (1) removing the hierarchical
index module and using traditional fixed-window chunking; (2) removing the semantic
enhancement module, i.e., not using title information propagation and knowledge point
extraction; (3) removing the distribution-aware adaptive threshold module and using a
fixed retrieval quantity strategy. By comparing the performance of these variants and
the full HiSem-RAG on both datasets, we can quantitatively assess the impact of each
component on different tasks and gain deeper insight into their mechanisms.

5.3. Evaluation Metrics

For different question types, we design differentiated evaluation metrics for com-
prehensive and accurate performance assessment. For single-choice, judgement, and
fill-in-the-blank questions, we use Accuracy as the main metric, reflecting the model’s
ability to answer questions correctly. Accuracy is defined as the ratio of correctly answered
questions to the total number of questions:

Accuracy =
Number of Correct Answers
Total Number of Questions

. (6)

Evaluation standards differ by question type: single-choice and judgement questions
are evaluated by strict matching, while fill-in-the-blank questions use semantic judgment,
combining large language model and expert review. The prompt for fill-in-the-blank
evaluation is shown in Table 1 (third row).

For QA questions, we use BERTScore, ROUGE-L, and MRR@K as evaluation metrics.
BERTScore [45] is a semantic similarity-based metric; it compares the generated and ref-
erence answers in semantic space, capturing semantically similar but textually different
responses. It focuses on deep semantic understanding and is suitable for open-ended QA.
The calculation is as follows:

BERTP =
1

|BERTC| ∑
xi∈BERTC

max
yj∈BERTRe f

sim(xi, yj), (7)

BERTR =
1

|BERTRe f | ∑
yj∈BERTRe f

max
xi∈BERTC

sim(xi, yj), (8)

BERTF1 = 2 × BERTP × BERTR
BERTP + BERTR

. (9)
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where BERTC is the set of tokens in the candidate answer, |BERTC| is its size, BERTRe f is
the set of tokens in the reference answer, |BERTRe f | is its size, BERTP is precision, BERTR

is recall, and sim(xi, yj) is the cosine similarity between candidate token xi and reference
token yj.

ROUGE-L is a sequence-matching metric that computes the longest common subse-
quence between generated and reference texts, assessing whether the generated answer
accurately covers core information and maintains reasonable word order. Compared to
n-gram exact matches, ROUGE-L focuses more on structural similarity and can tolerate
local word order changes. The calculation is as follows:

ROUGER =
LCS(ROUGEX , ROUGEY)

len(ROUGEY)
, (10)

ROUGEP =
LCS(ROUGEX , ROUGEY)

len(ROUGEX)
, (11)

ROUGEL =
(1 + β2)× ROUGER × ROUGEP

ROUGER + β2 × ROUGEP
. (12)

where ROUGEX is the reference answer, ROUGEY is the generated answer, LCS is the
longest common subsequence, ROUGER is recall, ROUGEP is precision, and we set the
balance factor β = 1 to balance precision and recall.

Mean Reciprocal Rank (MRR) is an important metric for evaluating the ranking quality
of retrieval systems, focusing on the rank position of the correct answer in retrieval results.
It gives higher weight to correct answers ranked higher. MRR@K only considers the top K
results, and is defined as

MRR@K =
1
|Q|

|Q|

∑
i=1

1
ranki

· I(ranki ≤ K). (13)

where |Q| is the total number of queries, ranki is the rank of the correct answer for the i-th
query, and I(·) is the indicator function to include only answers ranked within K.

5.4. Experimental Environment and Parameter Settings
5.4.1. Hardware Environment

All experiments are conducted on a server equipped with an Intel(R) Xeon(R) Platinum
8375C CPU @2.90 GHz and an NVIDIA A800 80 GB graphics processor.

5.4.2. Parameter Settings

In the HiSem-RAG method, the parameters are configured based on the statistical prop-
erties of semantic similarity distributions and hardware constraints, serving as architectural
constants rather than sensitive hyperparameters requiring dataset-specific tuning.

• Adaptive Threshold Coefficients (β = 0.9, γ = 0.8): The base retention coefficient β

is set to 0.9 to ensure that only chunks with high relative similarity to the top result
are retained. The distribution sensitivity coefficient γ = 0.8 allows the threshold
to adapt to the variance of similarity scores. These values are selected as robust
statistical heuristics to capture the semantically cohesive “head” of the distribution
across different contexts.

• Safety Bounds ( θmin = 0.3, kmax = 7): The absolute minimum similarity threshold
θmin is set to 0.3 to filter out clearly irrelevant noise. The maximum per-layer node
count kmax is limited to 7. This upper bound is determined primarily by the context
window limits of the LLM to prevent context overflow, functioning as an engineering
safeguard rather than a retrieval variable.
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• Global Constraints: The overall maximum number of retrieved results is set to 15,
and the chunk length threshold is 1024 tokens. These settings are defined to balance
information completeness with the processing capacity of the underlying model (GLM-
4-flash).

6. Experimental Results and Analysis
6.1. Main Results
6.1.1. Baseline Model Comparison Analysis

The results of the baseline model comparison experiment are shown in Tables 3 and 4.

Table 3. Experimental results of baseline model comparison (EleQA).

Method Single Choice
Acc.

Judgment
Acc.

Fill-in-the-Blank
Acc.

Overall
Acc.

BM25 71.28% 24.77% 41.46% 45.16%
DPR 72.35% 67.98% 67.67% 69.27%

HyDE 80.19% 75.42% 75.48% 76.96%
Meta-Chunking 79.01% 73.42% 72.62% 74.93%

RAPTOR 82.18% 78.02% 74.10% 78.02%
HiSem-RAG 83.12% 88.62% 74.13% 82.00%

Best results highlighted in bold.

Table 4. Experimental results of baseline model comparison (LongQA).

Method ROUGE-L BERT_P BERT_R BERT_F1 MRR@1 MRR@3 MRR@5

BM25 - - - - - - -
DPR 0.437 0.805 0.828 0.815 0.311 0.412 0.438

HyDE 0.460 0.811 0.831 0.819 0.333 0.443 0.466
Meta-Chunking 0.508 0.821 0.843 0.831 0.379 0.455 0.469

RAPTOR 0.463 0.812 0.831 0.820 0.372 0.480 0.509
HiSem-RAG 0.599 0.837 0.843 0.839 0.458 0.585 0.587

Best results highlighted in bold.

The experimental results show that the HiSem-RAG method achieves superior perfor-
mance across multiple evaluation dimensions. On the EleQA dataset, HiSem-RAG achieves
an overall accuracy of 82.00%, outperforming other baseline methods. Analysis by question
type shows that HiSem-RAG performs well in both single-choice and judgment tasks,
mainly due to the synergy of its three core mechanisms: the hierarchical semantic index
helps preserve the integrity of semantic boundaries between paragraphs; the bidirectional
semantic enhancement transmits context information via title paths and knowledge point
summaries; the adaptive threshold effectively adjusts the retrieval strategy. Notably, in
fill-in-the-blank tasks, HyDE slightly outperforms HiSem-RAG and RAPTOR, possibly
due to its use of hypothetical document generation as a retrieval proxy, which offers an
advantage in precisely locating information fragments. This highlights the need to optimize
retrieval strategies for different task types.

In the LongQA QA evaluation, HiSem-RAG not only demonstrates strong performance
in generation quality metrics (with a ROUGE-L of 0.599, significantly higher than other
methods) but also shows an advantage in semantic similarity (BERT_F1 of 0.839). These
results indicate that hierarchical semantic indexing and dynamic similarity thresholding are
beneficial for long-document processing. When dealing with documents averaging nearly
480,000 characters, HiSem-RAG preserves document structure well and adjusts retrieval
granularity according to query characteristics, alleviating the information fragmentation
problem faced by traditional methods.
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Analysis of retrieval ranking quality further supports these observations. For MRR@1,
HiSem-RAG reaches 0.458, about 8 percentage points higher than the second-best, Meta-
Chunking, indicating stronger ability to rank relevant documents at the top. The close
values of HiSem-RAG’s MRR@3 and MRR@5 suggest its retrieval results are concentrated
in the top three, helping reduce retrieval noise. By comparison, RAPTOR’s MRR increases
more with K, indicating a more dispersed distribution of relevant results.

Through the organic combination of hierarchical semantic indexing, bidirectional
semantic enhancement, and distribution-aware adaptive thresholding, HiSem-RAG flexibly
adjusts retrieval strategies while maintaining overall document structure. This leads to
significant advantages in most tasks, especially long-document processing, making it
practically valuable for complex QA and document understanding tasks. Of course, there is
still room for improvement in specific tasks such as fill-in-the-blank, pointing to directions
for future research.

6.1.2. Resource Consumption Analysis

To validate the effectiveness of the distribution-aware adaptive threshold mechanism,
we conducted resource consumption comparison experiments. We applied adaptive thresh-
olds to existing RAG methods and analyzed their impact on HiSem-RAG performance.
Specifically, we replaced the fixed retrieval number (topk = 5) of DPR and HyDE with
adaptive threshold-based dynamic retrieval (range 1–7), and also replaced HiSem-RAG’s
adaptive threshold with fixed per-layer retrieval (topk = 2, 3). Experimental results are
shown in Figure 3.
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Figure 3. Experimental results on accuracy and resource consumption.

The results show that the adaptive threshold mechanism effectively balances retrieval
quality and resource consumption. Applying this mechanism to traditional RAG methods
reduces resource consumption while maintaining nearly unchanged accuracy. For example,
when DPR uses adaptive thresholds, accuracy drops by just 0.06%, but token consumption
decreases by 5.46%. For HyDE, accuracy slightly increases with a 5.75% reduction in token
usage. This demonstrates that adaptive thresholds can intelligently adjust retrieval quantity
based on query characteristics, avoiding retrieval of excessive irrelevant content.
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Analysis of different HiSem-RAG configurations further illustrates this point. With
a fixed retrieval of 2 document blocks per layer, token consumption is minimized
(32.1 million), but accuracy is limited (73.63%) due to insufficient retrieval. With 3 per
layer, accuracy rises to 76.62% but token consumption surges to 59.2 million, indicating
clear redundancy. Crucially, even with higher resource use, fixed-3 retrieval’s accuracy
is still significantly lower than the adaptive threshold scheme (82.00%). This is because
a fixed top-k not only introduces redundancy but also restricts the flexibility of retrieval:
some layers require more blocks for key information, while others need only 1–2.

Adaptive thresholding in HiSem-RAG allows dynamic adjustment of retrieval range
per layer and query, expanding it when needed (up to 7 blocks) or narrowing it when
information is concentrated, thus saving about 11% computation resources while im-
proving accuracy. This mechanism enables the model to break free from fixed window
constraints and explore key regions more extensively, avoiding missing important but not
absolutely top-ranked documents. These results demonstrate the limitations of fixed top-k
retrieval: too small k leads to insufficient information, too large k introduces redundancy
and extra computation. The adaptive threshold mechanism dynamically determines the
optimal retrieval quantity, ensuring both quality and coverage while avoiding unnecessary
resource waste.

6.2. Ablation Study

To assess the effectiveness of each HiSem-RAG component, we conducted system-
atic ablation experiments, removing the three core modules (hierarchical index, semantic
enhancement, and adaptive threshold) in turn. Results are shown in Tables 5 and 6.

Table 5. Ablation study results (EleQA).

Method Single Choice
Acc.

Judgment
Acc.

Fill-in-the-Blank
Acc.

Overall
Acc.

without Hierarchical Index 78.98% 73.69% 73.74% 75.39%
without Semantic Enhancement 77.58% 74.63% 73.22% 75.08%

without Adaptive Threshold 80.32% 86.55% 62.90% 76.62%
HiSem-RAG 83.12% 88.62% 74.13% 82.00%

Table 6. Ablation study results (LongQA).

Method ROUGE-L BERT_P BERT_R BERT_F1 MRR@1 MRR@3 MRR@5

without Hierarchical Index 0.459 0.809 0.830 0.818 0.333 0.443 0.466
without Semantic Enhancement 0.346 0.768 0.775 0.770 0.147 0.292 0.334

without Adaptive Threshold 0.501 0.799 0.798 0.797 0.383 0.494 0.499
HiSem-RAG 0.599 0.837 0.843 0.839 0.458 0.585 0.587

The ablation results highlight the contributions of each HiSem-RAG component across
different datasets. All three core modules play significant roles in both tasks, but their
impact and mechanisms vary.

The hierarchical index module is foundational for both datasets. On EleQA, removing
it reduces overall accuracy by 6.61%; on LongQA, ROUGE-L drops by 23.4% and MRR@1
by 27.3%. This reflects the limitations of traditional fixed-window chunking, which easily
disrupts semantic integrity. Hierarchical indexing preserves natural paragraph boundaries
and semantic coherence, enabling the model to better grasp document logic. This is
especially important for long documents, where multi-level semantic structure is common
and maintaining integrity helps the retrieval system understand organization.
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The semantic enhancement module has the most pronounced impact. Its removal
causes a 6.92% drop in overall EleQA accuracy, a 42.2% decrease in ROUGE-L, and a 67.9%
decrease in MRR@1 on LongQA. This indicates that semantic enhancement is crucial for
connecting document fragments and supplementing context: title propagation restores lost
semantic links during chunking, while knowledge extraction and summarization filter out
irrelevant content. Lack of semantic ties severely impacts retrieval quality, especially in
long documents where fragments often need more context for accurate understanding.

The adaptive threshold module shows differentiated effects across task types. On
EleQA, its effect is most marked on fill-in-the-blank questions: removing it drops accuracy
from 74.13% to 62.90%. On LongQA, MRR@1 drops from 0.458 to 0.383. This validates
the limitations of fixed-retrieval-number strategies, while adaptive thresholding can dy-
namically widen or narrow the retrieval scope within hierarchical structures according
to query characteristics. This flexibility is especially important for fill-in-the-blank tasks
needing precise information localization, as key information may be in non-topmost but
relevant areas. For long documents, the mechanism balances retrieval breadth and depth,
improving quality while reducing redundancy.

In summary, the ablation study demonstrates the complementary roles of the three
core modules. The hierarchical index provides semantically complete base units, semantic
enhancement supplements context and deepens understanding, and adaptive threshold-
ing optimizes retrieval strategy to expand relevant coverage. This combination enables
HiSem-RAG to adapt to various QA tasks, delivering high performance with reduced
computational cost.

6.3. Qualitative Case Study: Retrieval Completeness Analysis

To intuitively demonstrate how HiSem-RAG improves contextual completeness com-
pared to traditional methods, we present a detailed step-by-step analysis of a real-world
query from the LongQA dataset: “What are the process standards for main transformer
installation? ” (Refer to the visualized comparison in Figure 1).

Scenario Setup: The source document contains structural ambiguity, where the subsec-
tion “2. Process Standards” recurs across **multiple chapters** (including Main Transformer
System, Neutral Point System, etc.) with identical naming but distinct contexts. The user’s
intent specifically targets the standards within the “Main Transformer” chapter.

Step 1: Baseline Retrieval (Traditional RAG) As shown in Figure 1B, traditional flat
retrieval relies heavily on keyword matching and fixed truncation strategies.

• False Positive: The chunk from the Neutral Point System (Chunk 7) achieves the
highest similarity score (0.83) because its content heavily overlaps with the query
terms, despite being semantically irrelevant to the requested equipment.

• Context Fragmentation: The subsequent relevant chunk (Chunk 4), which contains
critical installation details like “relay protection,” yields a significantly lower similarity
score (0.62) because it lacks direct keyword overlap with the query. Consequently, it is
excluded by standard top-k or threshold filtering. Furthermore, even if Chunk 4 were
retrieved, it would lack the necessary hierarchical context (i.e., belonging to “Main
Transformer”), making it difficult for the LLM to interpret correctly.

• Outcome: The generated answer would likely hallucinate by mixing specifications
from the wrong system or provide an incomplete response due to missing details.

Step 2: HiSem-RAG Retrieval (Ours) As shown in Figure 1C, our method employs
structural encoding and adaptive thresholding.

• Path-Aware Scoring: By incorporating the title path “Ch.1 > Main Transformer”, the
similarity score of the correct Chunk 3 is boosted to 0.91. Conversely, the distractor
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(Chunk 7) is penalized due to the path mismatch (“Neutral Point” vs. “Main Trans-
former”), dropping its score significantly to 0.45.

• Adaptive Expansion: Based on the similarity distribution of the retrieved candidates,
the system calculates a dynamic threshold θ = 0.80.

• Outcome: The system successfully includes the entire cluster of relevant chunks (Chunks
3, 4–8, all scores > 0.88) while rigorously filtering out the distractor (0.45 < θ). This ensures
the LLM receives the complete, non-fragmented procedure for the correct equipment.

This case study confirms that HiSem-RAG effectively utilizes structural semantics
to resolve ambiguity and employs adaptive thresholds to guarantee contextual integrity,
addressing the limitations observed in baselines.

7. Discussion
This section interprets the results regarding our research questions, compares HiSem-

RAG with related work, and discusses practical implications.

7.1. Answering Research Questions

Regarding RQ1 (Structure Preservation): Results confirm that preserving natural
hierarchical boundaries minimizes information fragmentation. Ablation studies (Table 5)
show that removing the hierarchical index drops overall EleQA accuracy by 6.61%. This
aligns with the “structural ambiguity” issue in Figure 1, where traditional flat chunking
fails to distinguish identical subtitles in different chapters. HiSem-RAG eliminates this
ambiguity by enforcing physical document structure.

Regarding RQ2 (Semantic Enhancement): The bidirectional enhancement mechanism is
critical for long-context understanding. On LongQA (Table 6), removing this module caused a
42.2% drop in ROUGE-L and a 67.9% drop in MRR@1. This answers RQ2: explicitly injecting
title paths (Top-Down) and aggregating summaries (Bottom-Up) effectively bridges the semantic
gap between distant layers, ensuring retrieved fragments carry full context.

Regarding RQ3 (Adaptive Retrieval): Resource consumption experiments (Figure 3) ad-
dress RQ3, showing that dynamic retrieval outperforms fixed strategies. The distribution-aware
threshold reduced token consumption by approximately 11% while maintaining high accuracy
(82.00%). This confirms that the optimal retrieval scope is a dynamic variable determined by
semantic density, effectively solving the “fragmentation vs. redundancy” dilemma.

7.2. Comparison with Related Work

Unlike DPR [2] and BM25, which treat documents as flat bags of words, HiSem-RAG
explicitly encodes structural signals. This significantly reduces hallucinations caused by
overlapping keywords in different sections.

Compared to RAPTOR [6], which builds hierarchy via bottom-up clustering, HiSem-
RAG utilizes the explicit document structure. While RAPTOR excels with unstructured
text, our method shows superior performance (4% higher accuracy on EleQA) for domain-
specific documents where the table of contents provides a logical backbone. This suggests
that “following the author’s logic” is often more effective and computationally cheaper
than “rediscovering logic via clustering” for professional manuals.

HiSem-RAG also outperforms HyDE [22] in precise constraint checking on LongQA.
HyDE relies on LLM hallucinations, which can be unstable; HiSem-RAG grounds retrieval
in the actual document structure, ensuring higher faithfulness in high-stakes domains.
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7.3. Parameter Robustness Analysis

A key motivation for adaptive thresholding is eliminating the dependency on the
rigid top-k hyperparameter. Unlike top-k, our parameters (β, γ) operate on the statistical
properties of similarity scores.

• Robustness of β and γ: β defines the tolerance range relative to the best match. Setting
β ≈ 0.9 ensures only chunks with similarity scores close to the top result are retained.
γ adjusts this based on variance (CV). Theoretical analysis suggests that as long as β

is in a high confidence range (e.g., 0.85∼0.95), the retrieved set remains stable.
• Role of kmax: kmax acts solely as an engineering upper bound to protect the LLM

context window, not as a primary retrieval logic parameter.

Thus, these parameters act as architectural constants rather than sensitive hyperpa-
rameters, allowing HiSem-RAG to generalize across datasets without fine-tuning. We note
that preliminary experiments across both EleQA and LongQA datasets confirmed stable
performance when β and γ varied within [0.8, 1.0]; detailed sensitivity curves are omitted
for brevity, as the observed variance in accuracy was less than 1%.

7.4. Applicability to Unstructured Environments

While HiSem-RAG excels with structured documents, it currently relies on explicit
markers (e.g., headings). In scenarios with implicit or noisy structures, performance may
degrade. However, as noted in future work, this can be mitigated via an “Implicit Structure
Induction” pipeline. Semantic segmentation algorithms can identify logical boundaries
in unstructured text, and LLMs can generate synthetic hierarchical titles, transforming
implicit semantics into the explicit structure HiSem-RAG requires.

7.5. Implications

Theoretical: This study shifts the RAG indexing perspective from “text-based” to
“structure–semantic coupled,” highlighting document structure as a dense semantic signal
essential for precision.

Practical: For industrial applications like maintenance and engineering, HiSem-RAG
offers a “safe” retrieval mechanism. By retrieving complete context clusters, it minimizes
the risk of missing safety-critical constraints—a common failure in fixed top-k systems.
Additionally, reduced token usage lowers API costs and latency.

8. Conclusions
This paper proposed HiSem-RAG, a method designed to enhance retrieval accuracy in

complex, hierarchical documents. By constructing a hierarchical semantic index, employing
bidirectional semantic enhancement, and introducing a distribution-aware adaptive threshold,
HiSem-RAG effectively resolves issues of structural ambiguity and information fragmenta-
tion. Experimental results on EleQA and LongQA datasets demonstrate that our method
outperforms state-of-the-art baselines in both accuracy and computational efficiency.

Future Work: Future research will focus on three directions: (1) Unstructured Text
Adaptation: Developing implicit structure recognition algorithms to apply HiSem-RAG to
texts without explicit headings (e.g., chat logs or flat reports). (2) Multimodal Integration:
Extending the hierarchical index to include images and tables, which are prevalent in
technical manuals. (3) Lightweight Enhancement: Investigating the use of smaller, distilled
models for the semantic enhancement step to further reduce the offline indexing cost.
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