
Query-Aware Knowledge Retrieval via Hyperbolic Structuring

Chuang Zhou1,2, Junnan Dong2,†, Yilin Xiao1, Shengyuan Chen1,
Su Dong1, Di Yin2, Xing Sun2, Zhaozhuo Xu3, Xiao Huang1,*

1The Hong Kong Polytechnic University, China; 2Tencent Youtu Lab, China;
3Stevens Institute of Technology, USA

1{chuang-qqzj.zhou, yilin.xiao, shengyuan.chen, su.dong} @connect.polyu.hk
2hansonjdong@tencent.com; xiaohuang@comp.polyu.edu.hk; 3zxu79@stevens.edu

Abstract

Retrieval-Augmented Generation (RAG) has
demonstrated significant potential in enhancing
large language models (LLMs) by supplement-
ing external knowledge. However, existing ap-
proaches focus primarily on retrieving isolated
factual knowledge entities while neglecting the
critical reasoning relationships. To address
this limitation, Graph-Augmented Generation
(GraphRAG) has emerged as an effective so-
lution, which explicitly integrates structured
knowledge graphs to support complex reason-
ing tasks. Although diverse graph construction
methods have been explored, they typically rely
on static, query-agnostic graphs constructed
via fixed heuristics. We are thereby motivated
to propose a query-centric retrieval framework
that adaptively constructs a graph tailored to
each query. However, it is challenging to accu-
rately identify these latent relationships from
queries to the corpus. Moreover, unifying mul-
tiple local-perspective connections into a glob-
ally coherent structured corpus introduces ad-
ditional complexity. To this end, we introduce
HyperRAG, a novel framework in the Hyper-
bolic space that captures both explicit entity-
based links and implicit query-aware connec-
tions. Extensive experiments on three bench-
mark datasets demonstrate that our framework
consistently outperforms existing baselines.

1 Introduction

Recent advances in retrieval-augmented genera-
tion (RAG) have demonstrated its importance by
integrating external knowledge to improve the
downstream performance of large language mod-
els (LLMs) (Gao et al., 2024; Lewis et al., 2020a).
While effective for fact-based queries, conventional
RAG systems only retrieve fragmented passages
without capturing the rich logical relations (Dong
et al., 2023; Liang et al., 2024). This limitation
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becomes particularly apparent in complex domains
requiring multi-hop reasoning (Zhou et al., 2024).

The emergence of graph-augmented generation
(GraphRAG) represents an effective solution, en-
hancing retrieval with structured knowledge rep-
resentations as a graph (Zhang et al., 2025; Xiao
et al., 2025; Yang et al., 2026). Current graph con-
struction methods in GraphRAG systems can gen-
erally be grouped into two paradigms. Hierarchi-
cal tree structures provide multi-scale organization
of textual corpora, but typically rely on relatively
rigid hierarchies (Sarthi et al., 2024). Knowledge
graph-based approaches, on the other hand, are ef-
fective at modeling explicit factual relations, yet of-
ten depend on predefined schemas or entity extrac-
tions (Edge et al., 2024; Luo et al., 2025). Despite
their strengths, both paradigms commonly adopt
static, query-independent graph construction strate-
gies, frequently based on heuristics such as entity
co-occurrence or clustering. As a result, the con-
structed graph primarily captures global knowledge
and may not fully reflect the specific reasoning
paths required by individual queries. As shown in
Figure 1, a typical graph built on a Disney-related
corpus often groups entities based on general cat-
egorical features (e.g., grouping animated films
by the topic). Such structures fail to answer query-
specific questions such as “Which film was released
right after the Disney Renaissance period by Dis-
ney?” since they do not capture latent relations.

Therefore, we aim to model latent relations
among concepts by adequately exploiting the
query-specific relations that guide graph construc-
tion. However, this remains challenging for two
major reasons. First, complex queries often involve
multiple implicit components, which complicates
grounding them in concrete knowledge. Second,
it is difficult to integrate locally induced query-
specific knowledge into a unified graph while main-
taining efficiency. To this end, we introduce Hy-
perRAG, a query-centric framework that dynami-
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Figure 1: An illustration of query-agnostic versus query-
centric graph construction. The former connects passages
based on shared themes, while the latter links passages guided
by the specific query. This demonstrates our motivation to
coherently fuse both relationship types.

cally constructs a graph tailored to each query. Our
method adopts a dual-stage strategy to first identify
explicit entity-level connections and then decom-
pose the query into fine-grained relational cues to
induce implicit connections. Each query-specific
graph is modeled as a minimal subtree, which is
subsequently integrated into a unified structure. To
preserve hierarchical properties during learning,
we embed the graph in hyperbolic space, which is
well-suited for representing tree-structured data.

Contributions are summarized as follows:
• We propose a novel query-centric graph construc-

tion paradigm that leverages both corpus-level
knowledge and implicit relations induced by the
query itself, enabling adaptive reasoning.

• Our framework adopts a hierarchical graph uni-
fication mechanism that integrates minimal sub-
trees into a global graph through localized train-
ing and conducts learning in hyperbolic space to
better capture hierarchical and logical structures.

• Extensive experiments show HyperRAG consis-
tently outperforms existing methods without in-
curring significant additional computational cost.

2 Preliminary

Let Q = q1, q2, . . . , qN denote the set of input
questions, and let C = p1, p2, . . . , pM represent the
corpus containing M textual passages. For each
question qi ∈ Q, we construct a query-specific
graph Gi = (Vi, Ei, Si), where Vi ⊆ C is the set of
relevant passages (nodes), Ei ⊆ Vi×Vi is the set of
undirected edges connecting semantically related
passages, and Si : Vi → T maps each node to its
corresponding textual content. A text encoder f :
T → Rd maps both passages and questions into a d-
dimensional embedding space. These embeddings
are further projected into a Poincaré ball hyperbolic
space Hd for downstream distance-based retrieval.

3 Methodology

Our primary goal is to construct a query-guided
graph over a textual corpus to enhance retrieval-
augmented generation performance. Instead of re-
lying on a predefined knowledge graph, our method
dynamically builds a graph that is tailored to each
input question. This allows the structure of the
graph to reflect the dependency relationships most
relevant to the query. Existing approaches based
on knowledge graphs often suffer from limited cov-
erage and irrelevant connections, where relation-
ships are predefined and typically represented in
the form of triples. They often result in informa-
tion loss by compressing rich textual content into
sparse symbolic facts. In contrast, our approach
preserves the full textual context. As shown in Fig-
ure 2, our hyperbolic-space framework provides a
flexible and expressive structure that supports both
query-centric and semantically-aware retrieval, en-
hancing the downstream question-answering tasks.

3.1 Graph Construction
HyperRAG constructs its reasoning graph through
three sequential operations: (1) extracting static,
corpus-derived explicit connections; (2) dynami-
cally building query-aware implicit edges via struc-
tured reasoning decomposition; and (3) fusing both
connection types into an integrated graph that is
prepared to be embedded in hyperbolic space.
Explicit Knowledge Connection. We incorporate
an explicit knowledge connection module that sim-
ulates the relational structure found in traditional
knowledge graphs. In knowledge graphs, entities
such as “Arthur Conan Doyle”, “Sherlock Holmes”,
and “Dr. Watson” are linked through well-defined
relations like writes, assistant of, and so on. While
symbolic triples (head, relation, tail) enable struc-
tured reasoning, they often rely on external rules.
For simplicity, we establish explicit edges between
passages based on pairwise entity co-occurrence.
For each passage pi, we extract a set of key terms
T (pi) using lightweight keyword extraction. An
explicit edge is created between pi and pj if they
share a significant proportion of key terms:

eij = I
[

|T (pi) ∩ T (pj)|
min(|T (pi)|, |T (pj)|)

≥ θ

]
,

where θ is a similarity threshold (set to 0.15 in
practice) and I[·] denotes the indicator function. To
avoid over-linking, each passage is restricted to
connect to at most five neighbors via such edges.



These connections form an entity-aware backbone
graph that captures static and corpus-level associa-
tions independent of any specific query.
Query-guided Implicit Connection. While ex-
plicit connections provide basic entity-level link-
age across the corpus, they remain independent of
any specific information need. To introduce query
relevance into the graph structure, we propose a
query-guided implicit connection mechanism. The
key idea is to leverage the reasoning capabilities of
LLMs to infer logical relationships between pas-
sages in the context of a specific question. Given
a query q, we first conceptualize it as a high-level
reasoning task that can be decomposed into a set
of atomic reasoning units Uq = {u1, u2, ..., un}.
Each unit ui represents a minimal reasoning oper-
ation and generates a precise retrieval directive to
fetch the corresponding evidence passages required
for its resolution. By resolving each unit with
its specifically retrieved evidence and propagating
these intermediate results, this module bridges the
gaps left by purely semantic retrieval, thereby com-
plementing explicit-edge approaches and implicitly
establishing query-oriented functional links.
Fusion of Explicit and Implicit Edges. To con-
struct a unified hierarchical structure that combines
both factual and query-specific relationships, we
propose a tree fusion mechanism that merges the
explicit and implicit connections into a single tree
structure. The explicit tree is derived from surface-
level cues, such as co-occurring entities or shared
keywords among corpus chunks, capturing prede-
fined and globally relevant knowledge relations. In
contrast, the implicit tree is constructed dynami-
cally for each query q by leveraging a language
model to identify semantically useful passages and
connect them based on their contextual relevance
to q. Given two sub-trees that exhibit explicit and
implicit dependency relationships between textual
segments, we perform fusion by first identifying
shared nodes across both trees, i.e., nodes that ref-
erence the same passage or contain the same key
entity. These shared nodes are unified into a single
node in the resulting graph G, and their respective
subtrees are recursively merged while preserving
the original parent-child directionality. To ensure
that the resulting structure remains a valid tree, we
prevent the formation of any cycles by discarding
redundant edges that introduce loops. The ultimate
tree thus integrates both global knowledge priors
and query-dependent reasoning chains, offering a
rich and hierarchically coherent structure suitable

for downstream retrieval tasks. This mechanism
enables the discovery of non-obvious semantic con-
nections by translating high-level reasoning steps
into concrete retrieval operations.

3.2 Learning Hyperbolic Representations

To faithfully encode the hierarchical and query-
sensitive structure of our fused graph G = (V, E),
a key design choice is how to define the distance
between nodes that capture both semantic and struc-
tural information. To this end, we introduce a hy-
perbolic embedding strategy specifically tailored
for Retrieval-Augmented Generation over struc-
tured corpora. We embed all nodes (i.e., passages)
into the Poincaré ball Bd = {x ∈ Rd : ∥x∥ < 1},
where distances increase exponentially with radius,
allowing for separation of semantically close ver-
sus distant nodes (Nickel and Kiela, 2017).
Motivation for Hyperbolic Distance. Common
Lp norms, each with distinct properties (Coghetto,
2016; Debeye and Van Riel, 1990), universally sat-
isfy the triangle inequality. As the number of hops
increases, passages with similar semantic embed-
dings have endpoints p0 and pk that remain close in
the metric space. As k increases, the global seman-
tic distance between distant nodes in the chain is un-
derestimated. This becomes a problem in reasoning
tasks where longer chains should reflect logical dif-
ference or inferential effort. For instance, passages
separated by multiple reasoning steps shouldn’t be
treated as nearly the same as directly connected
ones. Therefore, we choose hyperbolic geometry
due to its exponential expansion property.

D =

k−1∑
i=0

δ(pi, pi+1),

VolRn(r) =
πn/2

Γ(n/2 + 1)
rn,

VolHn(r) =

∫ r

0
sinhn−1(t)dt ∼ C · e(n−1)r.

Traditional Euclidean space’s linear growth can-
not accommodate all nodes in deep trees. As the
number of passages grows, embeddings of pas-
sages belonging to a long reasoning chain tend
to cluster closely together. This is problematic for
logical inference because a longer reasoning path
should reflect greater inferential effort or more log-
ical difference. For instance, passages separated
by several hops should not be nearly as similar as
those directly connected. In contrast, hyperbolic
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Figure 2: The overall framework of HyperRAG. We begin by preprocessing the corpus using keyword extraction
techniques to connect similar passages, often grouped by shared topics or entities. Then, for each question, we
identify the underlying logical connections among passages. These connections are embedded into a hyperbolic
space to reflect the hierarchical tree-structured nature. Finally, we retrieve the top-K items for question answering.

space exhibits exponential volume growth with ra-
dius. This property allows it to separate nodes
more aggressively as their distance from a concep-
tual root increases, thus preserving hierarchical
and multi-hop relational structures inherently
during graph learning. In our framework, direct
logical edges are encoded with short hyperbolic
distances, capturing immediate inferential relation-
ships. Please refer to Appendix A.1 for detailed
discussion and mathematical illustrations.
Semantic and Structural Learning. We ini-
tialize the Bert-based embeddings and optimize
them such that connected nodes in the graph are
mapped closer in hyperbolic space. The loss
function numerator minimizes the sum of pair-
wise Poincaré distances between adjacent nodes:∑

(u,v)∈E dB(xu, xv), where xu, xv ∈ Bd are the
hyperbolic embeddings of nodes u and v, and
dB(·, ·) denotes the Poincaré distance. Intuitively,
this distance measures how far apart two points are
in a curved hyperbolic space. It can be viewed as
a projection of a negatively curved space onto the
interior of a Euclidean ball. As points move closer
to the boundary, they become exponentially farther
away, which is shown below:

dB(x, y) = arcosh

(
1 +

2∥x− y∥2

(1− ∥x∥2)(1− ∥y∥2)

)
.

This loss encourages embeddings of connected
passages to move closer together while naturally
preserving the hierarchical structure due to the cur-
vature of the space. By jointly considering both
explicit and implicit edges, the model learns a uni-
fied geometric representation that captures not only
surface-level semantic similarity but also the deeper
logical structure through query-centric reasoning.

3.3 Hybrid Graph Update & Retrieval

To enable efficient and sustainable knowledge in-
tegration, we design a hybrid update strategy that
balances immediate adaptability with long-term
representational consistency. Our method operates
in two complementary phases: a lightweight in-
cremental fine-tuning phase for immediate knowl-
edge absorption, and a periodic global recalibra-
tion phase for maintaining geometric coherence.
Phase 1: Incremental Fine-tuning. For each
query qt arriving at time step t, let ∆Gt denote the
implicit sub-graph derived through query-centric
reasoning. Instead of retraining the entire em-
bedding matrix, we perform localized optimiza-
tion that focuses exclusively on the newly intro-
duced components. Specifically, we freeze the
embeddings of all nodes not incident to edges in
∆Gt, and update only the embeddings of nodes
V∆ = {v | (u, v) ∈ ∆Gt} and their immediate
neighbors N (V∆) within a one-hop radius. The
loss for this incremental step is defined as:

Linc(t) = −
∑

(u,v)∈∆Gt

log
e−dD(zu,zv)∑

v′∈N (u) e
−dD(zu,zv′ )

,

where N (u) denotes the set of negative samples
for node u. This localized update completes in
milliseconds, allowing the system to immediately
reflect new logical connections while preserving
the main part of the existing structure.
Phase 2: Periodic Global Recalibration. Since
repeated local updates can gradually introduce geo-
metric distortion throughout the embedding space.
we periodically perform full-graph retraining af-
ter a fixed number of queries (empirically every
100 queries) to preserve long-term coherence and



integrate knowledge holistically. In this stage, all
recently accumulated implicit subgraphs alongside
the original static graph are jointly re-embedded in
hyperbolic space. This global recalibration resets
the structural drift introduced by incremental up-
dates and reinforces the consistency of the overall
geometric representation. The process runs asyn-
chronously, ensuring that the real-time retrieval
system remains responsive while the knowledge
graph evolves in a stable and integrated manner.

This streaming paradigm adapts our model to
evolving real-world environments. We leverage the
learned geometry to retrieve relevant information
for question answering. Specifically, given a query
q, we first encode it into a hyperbolic embedding
zq ∈ Bd using the same sentence encoder followed
by projection into the Poincaré ball. The goal is
to identify leaf nodes in the graph, i.e., raw pas-
sages from the corpus that are closest to the query
in hyperbolic distance. At inference time, we com-
pute the hyperbolic distance between zq and all leaf
node embeddings {zi}, where each zi ∈ Bd rep-
resents a passage. According to the experimental
trials, we typically select three candidate passages
for retrieval and then feed these along with the
question into the language model in the form of
a prompt to generate the answer. By retrieving in
hyperbolic space, we benefit from the hierarchical
structure of the graph, which allows for efficient
identification of semantically and structurally rele-
vant content, even across multi-hop relationships.

4 Experiments

We conduct experiments on three publicly open-
source datasets: HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (Ho et al., 2020), and the
Musique (Trivedi et al., 2022) dataset. Each dataset
provides different query structures and reasoning
depths, enabling a comprehensive analysis of how
well our hyperbolic graph construction perform
across varying levels of complexity and domain
specificity. Our study aims to address the fol-
lowing questions: (1) How does HyperRAG com-
pare to existing state-of-the-art answer generation
pipelines in terms of performance? (2) How does
our method demonstrate its time and token-level ef-
ficiency compared to other baselines? (3) How do
different settings influence the performance of our
framework? (4) How can we intuitively distinguish
between hyperbolic and Euclidean distances, and
how are these patterns reflected in empirical data?

4.1 Experimental Settings

Datasets. We utilize three datasets for our exper-
iments, each comprising 1,000 questions sourced
from their respective domains. Each dataset’s cor-
pus contains approximately ten thousand indepen-
dent chunks of information, allowing for a diverse
range of queries and contexts. These datasets col-
lectively represent progressively complex reason-
ing scenarios, spanning diverse domains from basic
scientific terminology to humanities subjects, pro-
viding a comprehensive evaluation of our method’s
capability to handle various complexity levels in
knowledge-intensive tasks. To ensure the consis-
tency and fairness of the experiments, we strictly
maintain the same questions and corpus as utilized
in previous studies (Gutiérrez et al., 2024).
Implementation Details. Our experiments were
consistently conducted using GPT-4o-mini as the
language model. During the training stage of the
model within the hyperbolic space, we utilize the
Adam optimizer with an initial learning rate of 0.01.
The hyperparameters, such as the number of epochs
and retrieval items, are tuned through a grid search,
with the best values chosen for each dataset. We
also record the time and token consumption.
Baselines. To comprehensively evaluate the ef-
fectiveness of our proposed framework, we com-
pare it with a diverse set of baselines spanning
several paradigms. These methods are catego-
rized into three groups: the first includes direct
language model approaches that use pre-trained
models like GPT or Llama to answer questions
through zero-shot prompting without additional
retrieval mechanisms; the second group consists
of enhanced LM methods that incorporate auxil-
iary techniques such as similarity-based retrieval
and chain-of-thought prompting to improve reason-
ing capabilities; the third category involves graph-
based augmented generation approaches that lever-
age structured knowledge graphs, including meth-
ods based on common knowledge graphs and hier-
archical clustering strategies.
Evaluation Metrics. For evaluation metrics, exist-
ing methods primarily rely on string matching tech-
niques to assess answer accuracy. The most com-
monly adopted metrics include Exact Match, which
requires the predicted answer to exactly match
the ground truth string, and Answer Containment,
which checks whether the ground truth answer is
contained within the model’s prediction. How-
ever, the correctness of answers can sometimes



Table 1: The following main results table presents a comprehensive performance comparison between state-of-the-art
baselines and HyperRAG on three benchmark datasets in terms of both String-Match and GPT-evaluation Accuracy.

Model HotpotQA 2Wiki Musique

Match-Acc. GPT-Acc. Match-Acc. GPT-Acc. Match-Acc. GPT-Acc.

Direct Zero-shot LM Inference

Llama3 (8b) (Touvron et al., 2023) 10.8 11.6 12.4 9.2 3.9 4.8
Llama3 (13b) 10.6 11.7 13.1 10.6 4.7 5.4
GPT-3.5 28.3 39.8 27.3 31.6 13.2 17.9
GPT-4o-mini (Achiam et al., 2023) 30.4 32.1 31.0 33.9 12.5 18.3

Retrieval-augmented Variants

Retrieval (Top-1) 38.4 42.6 34.8 37.3 16.2 20.5
Retrieval (Top-3) 43.2 45.1 41.2 43.5 20.6 23.2
Retrieval (Top-5) 44.1 45.9 40.7 42.4 20.9 23.8

Graph-enhanced Generation Methods

KGP (Wang et al., 2024) 46.4 47.1 41.5 43.7 23.3 27.3
G-retriever (He et al., 2024) 41.3 40.9 26.7 25.7 14.1 15.6
LightRAG (Guo et al., 2024) 47.8 52.7 46.3 43.3 28.3 27.7
DALK (Li et al., 2024) 45.8 50.6 45.6 42.6 22.4 25.3
HippoRAG (Gutiérrez et al., 2024) 46.5 51.6 43.9 41.4 21.8 24.3
RAPTOR (Sarthi et al., 2024) 48.1 55.3 47.7 43.9 28.2 29.7
GFM-RAG (Luo et al., 2025) 55.1 56.2 49.1 48.1 31.3 32.6
HippoRAG2 (Gutiérrez et al., 2025) 53.7 55.6 49.7 50.8 32.0 33.8

HyperRAG 57.4 58.9 50.8 52.3 34.7 35.4

be overlooked if the phrasing differs, even when
the answer is correct. To address this, GPT-based
evaluation methods have gradually been adopted.
We utilize a dual evaluation strategy comprising
both string-matching and LLM-based judgment to
achieve a fair and clarifying comparison. This is
motivated by the need to overcome the limitations
of any single metric, balancing string-based strict-
ness with flexibility of semantic judgment.

4.2 Main Results

The overall comparison between HyperRAG and
other baselines is presented in Table 1. As men-
tioned above, the baselines are categorized into
three groups. From the zero-shot performance,
it is evident that advanced LLMs already pos-
sess considerable answering capability, reflecting
a strong storage of background knowledge. Ad-
ditionally, similarity-based retrieval and chain of
thought prompting significantly improve perfor-
mance, demonstrating that incorporating supple-
mentary information through multi-round interac-
tion effectively enhances answer quality. Thirdly,
overall, graph-based variants tend to outperform
purely semantic similarity-based methods. This im-
provement stems from the graph structure’s ability
to enhance reasoning capacity by explicitly mod-
eling relationships and dependencies. However,
not all graph RAG approaches are equally effec-

tive. Sometimes, they do not surpass direct re-
trieval methods. This highlights the importance
of how the graph is constructed: the quality and
relevance of the graph structure are crucial factors
that determine whether the graph-based approach
will yield better results. It can be observed that
our method consistently outperforms existing base-
lines, confirming the validity and effectiveness of
the constructed graph. The improvements can be
attributed to the combination of corpus-level knowl-
edge and query-centric connections. Empirical
results have shown that incorporating additional
information retrieved in hyperbolic space signif-
icantly improves the model’s performance, as it
provides richer, more relevant context that helps
the model better understand complex queries.

4.3 Efficiency Analysis

Our HyperRAG framework introduces two major
sources of computational cost. The first occurs
during query-aware graph construction, where we
reason over the relationships between the input
question and its retrieved candidate passages. For
a dataset of 1,000 queries and around ten thousand
passages, the complete graph can be constructed
in a few minutes. Besides, the inference phase
demonstrates significantly higher efficiency espe-
cially when employing a single-round approach.
Once the graph is constructed, the system only re-



Figure 3: (Left) Time and token consumption across different methods; (Right) Effect of hyperparameter settings.

quires a lightweight search within the hyperbolic
space, making it suitable for practical real-life use.
In this optimized setup, each query processing time
is reduced to approximately 1.5 seconds, encom-
passing both retrieval and answer generation. Since
the current implementation processes tasks itera-
tively, the framework can be further accelerated
through integrating multi-processing techniques.

For a more comprehensive evaluation, we com-
pare HyperRAG against a range of baselines, in-
cluding zero-shot LLM, similarity-based dense re-
trieval, and several graph-based retrieval variants
on the left of Figure 3. As expected, the zero-
shot method is the fastest since it bypasses re-
trieval entirely. Dense retrieval approaches, such as
BERT-based retrievers, offer a good tradeoff with
slightly higher latency but much better answer qual-
ity. GraphRAG models exhibit the most variability
in runtime due to differences in graph construc-
tion strategies, the number of retrieval hops, and
the multi-step inference. HyperRAG incurs only a
modest computational cost compared to simple re-
trieval while being efficient than other graph-based
counterparts. By leveraging a fast hyperbolic re-
trieval technique and capped-round reasoning, our
model achieves highly competitive efficiency.

4.4 Semantic & Structural Learning Impacts
In our framework, the ultimate passage represen-
tations result from a combination of initial seman-
tic embeddings and structural refinement through
hyperbolic space learning. We analyze how the
number of training epochs in hyperbolic represen-
tation learning affects performance on the right
of Figure 3. This process essentially controls the
tradeoff between semantic fidelity and structural
alignment. When the number of training epochs is
too small, the learned embeddings remain largely
similar to the initial BERT-based representations,

preserving strong semantic similarity but failing to
encode deeper relational structure across the rea-
soning graph. In contrast, when trained for too
many epochs, the representations become domi-
nated by the graph’s structural connections. Our
experiments show that setting the number of hyper-
bolic training epochs to 3 provides a good balance.
Another important factor affecting performance is
the number of retrieved passages during inference.
Interestingly, we observe that retrieving more can-
didates does not always help. When the number
of retrieved passages exceeds 5, the overall perfor-
mance tends to decrease. This suggests that adding
irrelevant content may hinder the model’s ability to
focus on the most useful evidence.

Method HotpotQA Wiki Musique

Semantic retrieval 45.1 43.5 23.2
Explicit edges 49.8 46.9 26.3
Implicit edges 55.2 50.0 31.9
HyperRAG 58.9 52.3 35.4

Table 2: Ablation study on effects of connection strate-
gies based on different components of our framework.

Besides, we also test how important the explicit
and implicit edges are by conducting an ablation
study. Based on the results shown in Table 2, we ob-
serve that explicit edges contribute to a modest per-
formance improvement across all datasets, while
implicit edges significantly enhance the model’s ef-
fectiveness. These results confirm that explicit and
implicit connections play distinct roles in the rea-
soning process. Explicit edges effectively capture
surface-level topical associations and structural re-
lationships, providing a foundational context. Con-
versely, implicit edges are crucial for tracing the
underlying logical pathways required to answer
complex questions, enabling deeper inference. an-
swer complex questions, enabling deeper inference.



4.5 Hyperbolic and Euclidean Analysis
To gain deeper insights into the properties of hy-
perbolic geometry in embedding spaces, we ran-
domly sampled queries from the dataset and sys-
tematically compared their distance distributions
to the corpus embeddings in both hyperbolic and
Euclidean spaces. The phenomenon of larger hy-
perbolic distance values can be explained by the
exponential expansion property of hyperbolic ge-
ometry. Under the same embedding dimensionality,
hyperbolic space provides a more expansive repre-
sentation space, enabling pushing unrelated entities
to greater distances. This distance distribution char-
acteristic offers two key advantages. Enhanced
Discriminative Power: The larger distance nu-
merical range provides richer gradient signals for
the model, facilitating learning of more precise
similarity decision boundaries. Improved Rank-
ing Stability: The amplification effect of distance
differences makes retrieval rankings more stable,
reducing sorting uncertainties in borderline cases.

Metric Hyperbolic Distance Euclidean Distance

Max Min Mean Max Min Mean

Top-1 2.22 1.59 1.87 1.11 0.29 0.71
Top-3 2.23 1.56 1.97 1.33 0.29 0.87
Top-10 2.29 1.45 2.10 1.44 0.27 1.06

Table 3: Statistical comparison of two distance metrics.

A critical challenge in high-dimensional Eu-
clidean space is the distance concentration phe-
nomenon (François et al., 2007). The squared Eu-
clidean distance asymptotically follows a normal
distribution. This leads to poor discrimination be-
tween the nearest and furthest neighbors. In con-
trast, the logarithmic growth of the arcosh function
for large arguments and the amplification of small
coordinate differences near the boundary induce a
heavy-tailed distance distribution. This distribution
is right-skewed, which maintains a high level of
relative variance and enhances the separation abil-
ity of hierarchical levels. By amplifying distinc-
tions between close and distant points, it facilitates
more effective retrieval and reasoning in hierarchi-
cal graph structures, as evidenced in Table 3.

5 Related Work

Retrieval-augmented generation (RAG) has be-
come a prominent paradigm for open-domain and
multi-hop question answering, where an external
corpus is indexed and queried to retrieve rele-

vant documents that are then fed into a generative
model (Lewis et al., 2020b). Early approaches such
as REALM (Guu et al., 2020) and DPR (Sachan
et al., 2021) focus on encoding large text corpora
into dense embeddings, enabling scalable and dif-
ferentiable retrieval. Subsequent work improved
retrieval-augmented generation by incorporating fu-
sion mechanisms or editable memory (Bajaj et al.,
2022; Hofstätter et al., 2023). To better capture
the semantic and logical relationships between pas-
sages, some studies explored graph-based struc-
tures that model paragraph connectivity through
co-reference, discourse, or logical links (Zhou
et al., 2025b; Chen et al., 2026; Zhou et al., 2025a).
Building on this intuition, GraphRAG approaches
explicitly incorporate graph structures to enrich
the retrieval process, offering additional reason-
ing paths or relational priors to assist genera-
tion (Edge et al., 2024; Dong et al., 2025; Zhou
et al., 2025c; Xiao et al., 2026). Among them,
HippoRAG (Gutiérrez et al., 2024) and GFM-
RAG (Luo et al., 2025) are examples of KG-based
methods. HippoRAG leverages external knowledge
graphs to enhance context understanding during re-
trieval and generation. GFM-RAG goes further
by constructing and completing knowledge graphs
from text, aiming to improve downstream genera-
tion through enhanced graph learning. In contrast,
RaptorRAG (Sarthi et al., 2024) avoids reliance on
external knowledge bases by applying hierarchical
clustering over the corpus. This yields a multi-level
document structure, allowing queries to navigate
the corpus in a coarse-to-fine manner. In summary,
most existing methods construct static graphs either
through predefined relations between passages.

6 Conclusion

We observe that knowledge passages are connected
not only through explicit relationships but also
through implicit logical relationships that emerge
only under specific questions. To this end, we intro-
duce a novel approach that fuses both perspectives
into a single graph, enabling a query-centric re-
trieval. Moreover, by recognizing the inherent tree-
like structure of multi-hop reasoning, we get rid of
traditional Euclidean representations and instead
learn embeddings in a hyperbolic space, which bet-
ter preserves hierarchical relationships and logical
distance. Compared with traditional models, our
method achieves superior performance, highlight-
ing its potential for deployment and future research.



Limitations

Although computing hyperbolic distances is not
inherently complex, unlike traditional norm-based
embeddings, it cannot directly leverage highly op-
timized search libraries such as FAISS. As a result,
retrieval efficiency is slightly lower. In future work,
we plan to address this limitation by incorporating
parallelization and multi-process search strategies
to accelerate hyperbolic distance computations.

Ethical Considerations

We strictly adhere to ACL’s ethical guidelines in
conducting this research. All datasets used in our
experiments are publicly available, and there is no
personally identifiable information included.
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A Appendix

A.1 Distance Choice for Graph Reasoning
After constructing a passage graph G = (V, E), a
key design choice is how to define the semantic
distance between nodes. Common metrics include
Lp norms, each with different characteristics (Kloft
et al., 2011). Let x, y ∈ Rn be embeddings of two
passages. The general Lp norm is defined as:

dp(x, y) =

(
n∑

i=1

|xi − yi|p
)1/p

. (1)

There are some popular variants of the gen-
eral Lp norm family, each offering a different
geometric intuition and sensitivity to feature di-
mensions. The L1 norm (Manhattan distance)
emphasizes coordinate-wise differences, the L2

norm (Euclidean distance) captures straight-line
distance in space, and the L∞ norm (Chebyshev
distance) reflects the maximum single-coordinate
deviation. These distances are commonly used for
computing similarity between item embeddings.
d1, d2, and d∞ denote the Manhattan, Euclidean,
and Chebyshev distances respectively (Rodrigues,
2018), which are presented in the following:

d1(x, y) =

n∑
i=1

|xi − yi|,

d2(x, y) =

(
n∑

i=1

(xi − yi)
2

) 1
2

,

d∞(x, y) = max
i

|xi − yi|.

(2)

While desirable in many metric spaces, these
metrics universally satisfy the triangle inequality.
As the number of hops increases (i.e., p1 → p2 →
· · · → pk ), passages with similar semantic embed-
dings have endpoints p0 and pk that remain close
in the metric space. As k increases, the global se-
mantic distance between distant nodes in the chain
is underestimated.

d(x, z) ≤ d(x, y) + d(y, z).

d(p0, pk) ≤
k−1∑
i=0

d(pi, pi+1).

This becomes a problem in reasoning tasks
where longer chains should reflect increased differ-
ence or inferential effort. For instance, passages
separated by multiple reasoning steps shouldn’t be

treated as nearly the same as directly connected
ones. Euclidean-like metrics end up "flattening"
the structure, losing sight of the underlying hierar-
chy or compositional relationships within the in-
formation. Besides, hyperbolic space enables a
large number of nodes per parent, reflecting the
branching nature of trees. Additionally, distances
in hyperbolic space show logarithmic growth with
respect to similarity, quantified by

d(u, v) ≈ − log(similarity(u, v)).

Furthermore, hyperbolic spaces can effectively
embed high-dimensional trees, where a tree with a
branching factor b and depth h contains

N =
bh+1 − 1

b− 1
≈ bh+1

b− 1
∼ O(bh)

nodes. The constant negative curvature of hy-
perbolic spaces facilitates the efficient packing of
nodes, allowing for more nodes in a given volume
while preserving hierarchical relationships. For in-
stance, the Poincaré disk model visually represents
these properties, illustrating how distances corre-
spond to relationships in a tree structure. Together,
these features underscore hyperbolic space’s suit-
ability for accurately capturing the complexity of
hierarchical tree structures.
Logically Aligned Proximity: In multi-hop
QA, we often reason over chains of passages
{p0, p1, . . . , pk}. Nodes in a parent-child logical
relation (e.g., pi → pi+1) can remain at small dis-
tances, while nodes far apart in reasoning hierarchy
(e.g., p0 → pk) can be naturally separated.

dH(p0, p1) ≈ dH(p1, p2) ≈ · · ·
≈ dH(pk−1, pk) ≪ dH(p0, pk).

Thus, logical edges are modeled with short hy-
perbolic distances, preserving the immediate in-
ferential relationship between supporting facts. In
contrast, nodes that are farther apart in the rea-
soning hierarchy, which may only share indirect
or topic-level connections, are naturally pushed
apart due to the exponential expansion of hyper-
bolic space. This creates a geometric alignment
between reasoning depth and embedding distance,
which is essential to logic-driven passages.

A.2 Hyperbolic Locality
The hybrid training strategy is motivated by the
intrinsic geometry of hyperbolic space (Kay, 1992).
Owing to its exponential volume growth, regions



that are sufficiently separated in the manifold ex-
hibit weak mutual influence. As a result, local mod-
ifications to embeddings primarily affect their im-
mediate neighborhood, while having negligible im-
pact on distant regionsa property which is referred
to as hyperbolic locality. This geometric character-
istic enables efficient incremental updates: query-
specific adjustments can be performed locally with-
out disrupting the global hierarchical structure. To
prevent the accumulation of drift over time, a peri-
odic global training phase is introduced, which acts
as a regularizer and restores consistent hierarchical
separation across the entire graph. Formally, for
any two nodes u and v with tree distance l in the
reasoning hierarchy, their hyperbolic distance after
T incremental updates satisfies

d
(T )
D (zu, zv) ≥ α · l − β · ϵ(T ),

where α, β > 0 are constants, and ϵ(T ) is a
bounded drift that is reset to zero after each global
retraining. This guarantees that the embedding
quality does not degrade indefinitely over time.

A.3 Hierarchical Properties
For each query, HyperRAG constructs a query-
specific subgraph by incrementally retrieving and
attaching relevant passages according to decom-
posed relational cues. Each newly introduced node
is connected to an existing node via a unique parent
relation, and no backward or cross-branch edges
are allowed during construction. As a result, every
query-specific subgraph is a tree rooted at the query,
ensuring acyclic and hierarchical organization.

When multiple query-specific subgraphs are
merged, the resulting unified graph is no longer
a strict tree. However, due to the localized nature
of query-driven expansion and the absence of ar-
bitrary global connections, the merged structure
largely preserves tree-like hierarchical properties.
To quantitatively assess how close the unified graph
remains to a tree, we evaluate several structural
metrics on randomly sampled subgraphs:

Excess Edge Ratio =
|E| − (|V | − c)

|V |
,

Cycle Ratio =
|E| − |V |+ c

|E|
,

Average Branching Factor =
1

|V |
∑
v∈V

deg+(v).

Across sampled merged graphs, we observe an
average excess edge ratio of 0.06 and the cycle
ratio remains below 0.05, indicating that only a
small fraction of edges deviate from an ideal tree
structure. We further analyze the average branch-
ing factor, defined as the mean out-degree across
nodes. The observed branching factor is 1.3 ±
0.4, suggesting a stable and shallow hierarchical
expansion rather than dense or flat connectivity.

B Experimental Details

B.1 Baseline Descriptions
Here we provide an overview of the baseline meth-
ods included in our experimental results.

• KGP: Builds a knowledge graph from text pas-
sages with the help of LLMs. During retrieval, an
LLM-driven agent navigates the graph to progres-
sively collect passages that support the answer.

• G-Retriever: Combines graph neural networks
with LLMs by formulating subgraph retrieval as
a Prize-Collecting Steiner Tree problem. This
method targets improved conversational QA over
textual graphs, aiming to reduce hallucinations.

• RAPTOR: Constructs a hierarchical tree over the
corpus via recursive clustering and abstractive
summarization, producing multi-level semantic
representations suitable for retrieval.

• DALK: Designed to tackle domain-specific
knowledge gaps, DALK dynamically integrates
LLMs with an evolving knowledge graph. LLMs
are used to construct KG from relevant literature
combined with a coarse-to-fine sampling.

• LightRAG: Implements a two-layer index-
ing scheme that integrates fine-grained entity-
relation graphs with coarse-grained thematic
structures, balancing precision and efficiency.

• HippoRAG: A training-free approach that uti-
lizes Personalized PageRank with query concepts
as seeds, enabling single-step or multi-hop re-
trieval over the document graph.

• GFM-RAG: Constructs document-level knowl-
edge graphs and uses a trained graph-aware re-
triever to locate relevant content efficiently.

• HippoRAG2: Improves performance on more
basic factual memory tasks on the basis of the
first version. It remains employing PPR algo-
rithm and enhance its integration ability.



C Case Study

C.1 Implicit Connection
As shown below, while passage #1 explicitly de-
fines the temporal boundary of the Disney Renais-
sance period (1989–1999), it does not itself men-
tion any subsequent films. However, passages #4,
#5, and #6 provide information about films and se-
ries released after this era. The connection between
passage #1 and these later passages is implicit, as
they are linked not by surface-level semantic simi-
larity but by a shared temporal and logical context,
i.e. the transition from the Disney Renaissance into
the post-Renaissance period. In particular, passage
#5 mentions The Emperor’s New Groove (2000),
which is directly situated after the time frame es-
tablished in passage 1, thus forming a reasoning
chain across the two. Similarly, passage #6 extends
this timeline further, showcasing the evolution of
Disney’s productions.

Query

Q: Which film was released right after the Dis-
ney Renaissance period by Disney?

Retrieved Passages

Round-1 Retrieval:

1. In the history of The Walt Disney Com-
pany, the Disney Renaissance refers to the
era from 1989 to 1999 during which Walt
Disney Feature Animation (renamed Walt
Disney Animation Studios in 2006) expe-
rienced a creative resurgence in producing
successful animated films based on well-
known stories, which restored public and
critical interest in The Walt Disney Com-
pany as a whole.

2. Disney’s The Little Mermaid is an Ameri-
can animated television series produced by
Walt Disney Television Animation based
on the 1989 Disney film of the same name.

3. Corso is a New York Foundation for the
Arts Poetry Fellow and Sherwood Ander-
son Fiction Award Winner, and is the au-
thor of "Death by Renaissance" (2004).

Query Decomposition

The first paragraph is relevant and it’s insuffi-
cient to answer the question. We need to know
which Walt Disney films were released after
1999.

Retrieved Passages

Round-2 Retrieval:

4. The Apple Dumpling Gang is a 1975
American comedy-western film produced
by Walt Disney Productions about a slick
gambler named Russell Donovan (Bill
Bixby) who is duped into taking care of
a group of orphans who eventually strike
gold during the California Gold Rush.

5. The Emperor’s New Groove is a 2000
American animated buddy comedy film
created by Walt Disney Feature Animation
and released by Walt Disney Pictures. It is
the 40th Disney animated feature film.

6. The Lion Guard is an American animated
television series developed by Ford Riley
based on Disney’s 1994 film "The Lion
King." The series was first broadcast with
a television movie, titled The Lion Guard:
Return of the Roar on Disney Channel on
November 22, 2015, and began airing as a
TV series on January 15, 2016, on Disney
Junior and Disney Channel.



C.2 Explicit Connection
Passages #4, #8, and #9 can be explicitly connected
as they all refer to the same work, The Apple
Dumpling Gang. Passage #4 introduces the original
film, while Passage #8 mentions a drama produced
by Walt Disney Productions, and Passage #9 refer-
ences the film’s composer. These connections are
straightforward and fact-based, forming an explicit
linkage through shared entities and production his-
tory. In our graph construction, such connections
form strong edges that preserve concrete semantic
relationships within the corpus.

Retrieved Passages through Keyword Ex-
traction

7. "Down in New Orleans" is a jazz song from
Disney’s 2009 animated film "The Princess and the
Frog", written by Randy Newman. Several versions
of the song were recorded for use in different
parts of the film and other materials. The song
was nominated for Best Original Song at the 82nd
Academy Awards but lost to "The Weary Kind" from
"Crazy Heart".

8. Gun Shy is an American sitcom that was shown on
CBS from March 15 to April 19, 1983. The series,
produced by Walt Disney Productions, was based
on its popular comedy-western films: "The Apple
Dumpling Gang" and "The Apple Dumpling Gang
Rides Again".

9. Norman Dale "Buddy" Baker (January 4, 1918
– July 26, 2002) was an American composer who,
together with Paul J. Smith, scored many Disney
films, such as "The Apple Dumpling Gang" in 1975.


	Introduction
	Preliminary
	Methodology
	Graph Construction
	Learning Hyperbolic Representations
	Hybrid Graph Update & Retrieval

	Experiments
	Experimental Settings
	Main Results
	Efficiency Analysis
	Semantic & Structural Learning Impacts
	Hyperbolic and Euclidean Analysis

	Related Work
	Conclusion
	Appendix
	Distance Choice for Graph Reasoning
	Hyperbolic Locality
	Hierarchical Properties

	Experimental Details
	Baseline Descriptions

	Case Study
	Implicit Connection
	Explicit Connection


