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Abstract

Open Domain Multi-hop Question Answering
faces a dual compositionality challenge: rea-
soning over complex query structures and in-
tegrating evidence scattered across contexts.
Despite recent advancements in Graph-based
Retrieval-Augmented Generation (GraphRAG),
persistent limitations in complex reasoning and
retrieval inaccuracies continue to constrain the
efficacy of multi-hop QA systems. We intro-
duce HiGraAgent, a framework that unifies
graph-based retrieval with adaptive reasoning.
It constructs a Hierarchical Knowledge Graph
(HiGra) with entity alignment, reducing redun-
dancy by 34.5% while preserving expressive-
ness; employs HiGraRetriever, a hybrid graph—
semantic retriever that consistently outperforms
the strongest graph-based method across bench-
marks; and integrates a dual-agent adaptive
reasoning protocol where a Seeker and a Li-
brarian dynamically coordinate retrieval and
reasoning. Together, these innovations enable
HiGraAgent to achieve 85.3% average accu-
racy on HotpotQA, 2WikiMultihopQA, and
MuSiQue, surpassing the strongest prior sys-
tem by 11.7%. Our results highlight the impor-
tance of reframing multi-hop QA as a problem
of adaptive reasoning, offering a more robust
and flexible paradigm for complex information
seeking.!

1 Introduction

Multi-hop Question Answering (QA) over open do-
main corpora extends traditional distractor-based
QA by requiring reasoning over multiple docu-
ments, thereby increasing both retrieval and answer-
generation complexity (Mavi et al., 2024). Classi-
cal Information Retrieval (IR) methods falter when
evidence is scattered across passages, especially
in the presence of high-similarity noise or implicit
keywords. Recent advances address this challenge

!Code and data are available at: https://github.com/
headinthecloud6453/higra_agent

through Graph-based Retrieval-Augmented Gener-
ation (GraphRAG), which represents textual infor-
mation via relational structures such as Knowledge
Graphs (KG), yielding notable improvements in re-
trieval quality (Gutiérrez et al., 2025a; Wang et al.,
2023). However, prior work (Press et al., 2023) has
revealed that the compositionality gap persists even
for Large Language Models, underscoring the ne-
cessity of advances in both retrieval and reasoning
for multi-hop QA.

While retrieval determines whether relevant ev-
idence can be identified, reasoning dictates how
such evidence is composed into an answer. On
the reasoning side, decomposing complex ques-
tions into smaller sub-questions and solving them
iteratively has emerged as a promising direc-
tion (Trivedi et al., 2023; Cheng et al., 2025). Yet,
the very notion of multi-hopness remains underex-
plored. We argue that multi-hopness is not inherent
to the question itself, but emerges from its interac-
tion with context: a question may appear multi-hop
only when its supporting evidence is fragmented.
As demonstrated in Table 1, the necessity for multi-
hop reasoning shifts with the structure of available
evidence. However, prevailing iterative reasoning
frameworks are predominantly constrained by a se-
quential reasoning flow. This rigidity makes them
ill-suited for problems requiring branching reason-
ing paths or parallel exploration, thereby limiting
the capacity for adaptive, context-dependent query
decomposition.

These limitations motivate a reframing of multi-
hop QA as an adaptive reasoning task rather than
a fixed pipeline. To this end, we introduce Hi-
GraAgent (Hierarchical Knowledge Graph Dual-
Agent Question Answering), a framework that
fuses a hierarchical KG with a dual-agent archi-
tecture. Drawing inspiration from the Hydra, Hi-
GraAgent can pursue multiple reasoning paths si-
multaneously, making it well-suited for fragmented
evidence across heterogeneous contexts. At its
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Question: Who fought the mythic serpent with nine heads?
Groundtruth: Heracles

Case 1: Compositional Question, Non-Compositional Subcontexts

What is the
mythic serpent with
nine heads?

Who fought the
Hydra?

Case 2: Compositional Question, Compositional Subcontexts

N|ne headed‘ ! Typhons \
Creature . ™ offspnng ,
Who fought the

Hydra?

What is the
mythic serpent with
nine heads?

Case 3: Compositional Question, Direct Non-Compositional Context

What is the
mythic serpent with
nine heads?

Who fought the
Hydra?

Who fought the
mythic serpent with
nine heads?

Case 4: Compositional Question, Multiple Paths

What is the
mythic serpent with
nine heads?

¢¢¢

Who fought Who Who fought
the Hydra? fought X|ang||u'7 the Naga?

OOO

Figure 1: Examples illustrating that multi-hop reasoning emerges from evidence fragmentation and multiple

reasoning paths.

core, HiGraAgent is designed to overcome two cen-
tral limitations in multi-hop QA: retrieving coher-
ent context and composing queries adaptively. To
achieve this, it unifies KG construction, hybrid re-
trieval, and adaptive reasoning into a single frame-
work. Our contributions are four-fold:

1. We propose a Hierarchical Knowledge
Graph (HiGra) construction pipeline with
an entity alignment step that reduces redun-
dant entities by 34.5%, yielding more compact
graphs for retrieval.

2. We design HiGraRetriever, a hybrid retriever
that integrates semantic and structural fea-
tures, surpassing the strongest graph-based
single-reasoning baseline on all benchmarks
with a 3.7% average accuracy gain, and even
exceeding the average accuracy of all iterative
reasoning baselines.

3. We introduce Dual-Agent Adaptive Reason-
ing, a Seeker—Librarian iterative reasoning
scheme that achieves 83.0% average accuracy
with simple retrieval, improves over strongest
baseline by 9.4%.

4. We develop the full system, HiGraAgent,
which achieves the best results across all
benchmarks with 85.3% average accuracy,

a substantial 11.7% improvement over the
second-best method.

2 Related Work

2.1 GraphRAG

GraphRAG systems involve two main steps: KG
construction and retrieval.

2.1.1 KG Construction

KG construction primarily relies on entity—relation
extraction. Systems such as HippoRAG (Gutiér-
rez et al, 2025a,b) use OpenlE-style meth-
ods, while more recent frameworks—including
GraphRAG (Edge et al., 2025), NodeRAG (Xu
et al., 2025), LeanRAG (Zhang et al., 2025),
and HiRAG (Huang et al., 2025)—employ large
language models (LLMs) to generate structured
graphs. Beyond extraction, summarization-based
construction is common: GraphRAG, NodeRAG,
LeanRAG, RAPTOR (Sarthi et al., 2024), and
HiRAG build hierarchical KGs by clustering pas-
sages or applying community detection. In con-
trast, HopRAG (Liu et al., 2025) structures graphs
around pseudo-questions to guide multi-hop rea-
soning. Despite these advances, entity redundancy
remains a challenge due to weak entity alignment,
and summarization-based abstraction risks incom-
pleteness by omitting non-entity-based answers.
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2.1.2 KG Retrieval

Retrieval approaches fall into two categories:
similarity-based and graph-based. Summarization-
driven systems primarily rely on semantic similar-
ity, while graph-based methods such as HippoRAG
and NodeRAG exploit graph structure using Per-
sonalized PageRank (PPR). However, purely struc-
tural algorithms like PPR fail to capture seman-
tic cues, particularly struggling with high-degree
nodes. This highlights the need for hybrid strate-
gies that combine semantic similarity with graph re-
lationships. Other variants such as T2ZRAG (Gong
et al., 2025), which focus exclusively on triplet sim-
ilarity, can reduce context noise but risk omitting
relevant evidence. Our framework addresses these
issues by retrieving both triplets and passages from
hierarchical knowledge levels, ensuring a better
balance between completeness and precision.

2.2 TIterative Reasoning for Multi-hop QA

Multi-hop QA, particularly inference-oriented
questions, often requires an iterative discovery pro-
cess. IRCoT (Trivedi et al., 2023) first demon-
strated the effectiveness of iterative fact gather-
ing, and subsequent extensions such as Dual-
RAG (Cheng et al., 2025) and HANRAG (Sun
et al., 2025) formalized this idea into sequential
reasoning pipelines. However, sequential flows
are inherently rigid: they cannot easily accom-
modate branching evidence paths, parallel explo-
ration, or context-dependent query decomposition.
Our framework instead models reasoning as a dy-
namic graph, enabling parallel exploration across
multiple paths and better capturing the adaptive
nature of multi-hop reasoning.

2.3 Planning for Multi-hop QA

Prior multi-hop QA systems follow two paradigms:
iterative retrieval-reasoning without explicit plan-
ning (e.g., IRCoT, HopRAG, DualRAG), and
explicit question decomposition before retrieval
(e.g., T2RAG, HANRAG). Beyond QA, decom-
position has also been explored in general LLM
reasoning (McDonald and Emami, 2024; Zhou
et al., 2023). Our approach combines lightweight,
grammar-aware decomposition with a dual-agent
reasoning protocol that supports dynamic branch-
ing and recovery.

3 Hierarchical Knowledge Graph
Construction

We propose HiGra, a bi-layer Hierarchical Knowl-
edge Graph consisting of an Entity Layer and a
Passage Layer. Instead of using summarization
to build hierarchies, HiGra focuses on entity dis-
ambiguation, which is more crucial for retrieval
performance. This design enables us to balance
coverage with precision while exploiting entity re-
lationships for improved knowledge access.

3.1 Phase 1: Entity and Relation Extraction

Coreference Resolution. Given a corpus of pas-
sages P, we first apply coreference resolution to
form P’. For each passage p; € P’, we perform en-
tity and relation extraction using a Large Language
Model (LLM), yielding a tuple (F;, R;), where E;
is the set of entities and R; is the set of relations
found in p;. The sets are then aggregated across
all passages to obtain the global sets of entities and
relations:

E=|JE ad R=|J R

p;EP’! piEP’

Entity-Relation Schema. Our approach to entity
and relation extraction focuses on creating a richer,
more descriptive schema than triplet-based meth-
ods. Each entity e in the set of all entities, &£, is
represented by a tuple e = (ide, Ne, A¢, De, Te),
where id,. is a unique identifier, N, is the Name,
A, is the set of Aliases, D, is a short Descrip-
tion, and 7. is a set of Types. This comprehensive
schema, particularly the inclusion of aliases and
types, is crucial for the downstream Alignment and
Retrieval phases, which relies on these attributes
for robust entity disambiguation. Similarly, each
relation 7 in the set of all relations, R, is defined by
the tuple » = (ids, N, id¢), which links a source
entity (ids) to a target entity (id;) with a specific
relation label (N,.).

3.2 Phase 2: Entity Merging

This phase performs entity alignment to merge du-
plicate entities in £ that refer to the same real-world
referent.

Exact-Match Merging. We first perform exact-
match merging. Two entities e;, e; € £ are merged
if they share a common name or alias and at least
one common type. Let S, = {N.} U A, be the
set of all names and aliases for an entity e. The
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Figure 2: HiGraAgent overall architecture

merging condition is formally expressed as:

(Se; N Se; # @) N (Te, NTe; # D)

Semantic Merging. We conduct semantic merg-
ing to address entities with non-identical names
or aliases, such as "Stephen Curry" and "Steph
Curry," and to resolve ambiguous names that re-
quire context, like "New York" (city vs. state).
We first cluster entities using an embedding-based
approach: C' = Cluster(&, ¢, 7), where ¢ is an
embedding function and 7 is the cluster radius. For
each cluster ¢ € C, an LLM is prompted to identify
merges within the cluster. The LLM’s decision is
based on a prompt that includes the entities’ names,
aliases, types, and descriptions.

3.3 Phase 3: Entity-Entity Linking

The relations extracted in the previous phase are
often contextually-constrained, meaning they only
exist if a passage explicitly mentions them. This
can lead to a sparse knowledge graph, especially
between entities that are semantically similar but
never co-occur in the same document. For exam-
ple, while separate passages might mention "Apple
Inc." and "Apple Store," a relation between them
may not be captured. This phase addresses that
limitation by inferring missing relations, using a

process similar to semantic merging where we first
cluster the refined entities and then use an LLM to
predict new, high-confidence relations.

3.4 Phase 4: Entity-Passage Linking

While initial entity-passage links are established
during extraction, we create a more comprehen-
sive mapping by finding additional links. This is
because entity identification is often tied to the
discovery of relations between two entities. Con-
sequently, entities that are not part of any explicit
relationship may not be identified during the initial
pass, even if they are mentioned in a passage. This
phase addresses that gap by searching for occur-
rences of each refined entity’s name and aliases in
all passages, subject to a set of constraints. We only
create a link L(e, p) if the number of occurrences
of N, in the entire corpus is below a threshold
and V. is not in the set of top K most common
words Wiepk. This ensures a more precise mapping
by preventing the creation of noisy links for overly
common concepts like "Country” or "Of".

4 HiGra Retrieval

The HiGraRetriever algorithm operates in a sequen-
tial pipeline to identify and rank the most relevant
graph relations and passages for a given query gq.
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The process uses a hybrid scoring mechanism that
combines graph structure and semantic relevance.

4.1 Phase 1: Similarity Ranking

Prior to graph traversal, we obtain initial seman-
tic ranks for relevant components using a hybrid
retrieval (e.g., combining sparse and dense retriev-
ers).

« Entity Ranks (Rank{i™): Ranks all entities
£ based on the entity’s Name N, Aliases A,
and Types Te.

¢ Relation Ranks (Ranksfi{m): Ranks all re-
lations R based on the triplet components
(Source Entity Name V., Relation Label V.,
Target Entity Name N, ).

* Passage Ranks (Rank%m): Ranks all pas-
sages P based on the passage text P.

4.2 Phase 2: Context-Aware Entity
Recognition

We identify a refined set of seed entities S that
serve as precise entry points for graph traversal.
Unlike traditional methods that rely solely on enti-
ties explicitly mentioned in the query, our approach
is context-aware, supporting a wider range of entity
forms, including novel or abbreviated names. This
process first filters the top-k candidates based on
the Rankiém, then use an LLM to select a precise
set S for graph-based retrieval.

4.3 Phase 3: Subgraph Extraction

For a fixed radius r (e.g., r = 1), we extract a
local subgraph Gg = (FEg, Rg) centered around
the seed entities S. This subgraph includes all
entities within a distance r from any seed node,
where the distance dg(e, s) is the shortest path
length on the Entity Layer.

Es={ec&|3seS, dgle,s) <r}
RSZ{TER|id5 EES,ithEs}

4.4 Phase 4: Structural Ranking

We use Personalized PageRank (PPR) to deter-
mine the structural importance of entities, rela-
tions, and passages within the relevant subgraph
Gg. This phase calculates a structural score and
rank (RankPP") for every component based on its
connectivity to the initial S.

The PPR calculation begins with a personal-
ization vector 7, which biases the random walk

towards the seed nodes: 7(e) = I%\ ife € S, and

0 otherwise.

The stationary probability vector p (representing
the structural scores for each node) is calculated
iteratively at step ¢ as:

Dy = aMTpt_l +(1—a)r

where M is the row-normalized adjacency matrix
of Gg, and « is the damping factor.

Relation Structural Rank. The PPR scores are
directly applied to the entities. To score rela-
tions, we average the entity scores. Each relation
r = (ids,id;) € Rg is scored by averaging the
PPR probabilities of its connected source and tar-
get entities:

_ p(ids) + p(ide)
p(T’) - f

This score is then used to derive the PPR-based
rank, Rank®" (r), for relations.

Passage Structural Rank. To score passages,
we augment the subgraph Gg into a Gyyg. This
involves extending the graph to include all passage
nodes P and the links £ connecting them to entities
in E's. We then run PPR again on this augmented
graph G4 using the same personalization vector
7. The resulting passage node scores p(p) are used
to derive the PPR-based rank, Rank}" (p), for
each passage p.

4.5 Phase 5: Hybrid Ranking

The final ranking is achieved by fusing the struc-
tural ranks (RankPP") from Phase 4 with the initial
semantic ranks (Rank*™) from Phase 1 using Re-
ciprocal Rank Fusion (RRF).

The RRF score for any component c (relation r
or passage p) is calculated as:

1 1
f(c) = -
mt(e) k + RankPP(c) * k + Rank*™(c)

For relations (¢ = r), Rank‘l’{’r and Rank}i{m
are fused to yield Rgyq. For passages (¢ = p),
RankP" and Rank%m are fused, resulting in
Rank. The constant k stabilizes the fusion pro-
cess.

4.6 Phase 6: Final Retrieved Context

The final output of the retrieval process consists of
the top-ranked graph relations and passages.
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We define the final set of ranked passages,
Rankflijnal, by combining the top- K passages from
the RRF ranking and the top-K passages from the
initial semantic ranking (Rank%m).

Ranki = TopK(Rank) U TopK(Rank{™)

The final retrieved context is then defined as the
tuple of the top- K ranked relations from RRF and
this combined set of passages:

Context = (TopK(Rank} ), Rankp™)

The design separates Phase 5 (Hybrid Ranking)
from Phase 6 (Final Retrieved Context) to address
complementary retrieval scenarios: Phase 5 prior-
itizes passages connected to seed nodes or their
neighbors, while Phase 6 recovers highly similar
yet unconnected passages, resulting in more stable
performance than relying on seed-node connections
alone.

5 Dual-Agent Adaptive Reasoning

Our approach, Dual-Agent Adaptive Reasoning, is
a collaborative and highly transparent framework
designed for complex, multi-hop QA. It operates
through the dynamic interaction of two distinct
LLM-based agents: the Seeker and the Librarian.
The architecture specifically aims to address the
compositional challenge of complex queries: the
Seeker manages the composition of the query (de-
composition and orchestration), while the Librarian
manages the composition of the context (retrieval
and local synthesis). This dynamic collaboration
ensures a robust reasoning process, as the Seeker
handles the global reasoning flow, the Librarian
manages local reasoning contexts.

5.1 Agent Roles and Responsibilities

The Seeker. The Seeker is the primary LLM-
based reasoning agent responsible for orchestrating
the overall plan, breaking down the complex query,
and executing actions based on the information it
gathers.

The Librarian. A specialized LLLM agent for re-
trieval and local synthesis. Given sub-questions,
it extracts relevant contexts and drafts targeted an-
swers. Operating statelessly, it relies on the Seeker
to supply context, ensuring outputs are grounded
in provided evidence and converting raw text into
actionable knowledge.

Question Clarification. If a question does not
begin with a question word, we apply a rewrite
procedure using an LLM to explicitly clarify its
objective and intent.

Question Decomposition. The clarified question
is then decomposed into an initial reasoning plan
by an LLM, enriched with dependency information
between sub-questions. Further implementation
details are provided in Appendix P.

5.2 The Adaptive Reasoning Protocol

The core of our methodology is the Adaptive Rea-
soning Protocol, an iterative loop that adaptively
refines the problem decomposition and gathers in-
formation until a final, evidence-backed answer is
formulated. The entire process is summarized in
Algorithm 1.

Algorithm 1 Dynamic Reasoning Protocol

1: procedure INVOKE(question)

2 history < []

3 turn < 0; done < False

4:

5: clarified_question <— CLARIFY(question)
6 sub_q < DECOMPOSE(clarified_question)
7

8 init_result <— LIBRARIAN(sub_q)

9: history <— UPDATE(init_result)
10:
11: while not done and turn < max_turns do
12: context < history, sub_q, question
13: action < SEEKER(context)
14: result < EXECUTE(action)
15: done < (action is “answer”)
16: history <— UPDATE(result)
17: turn < turn + 1
18: end while
19: return result, history

20: end procedure

This Adaptive Reasoning Protocol offers three
key advantages over sequential methods. First, the
Librarian component handles independent sub-
questions in parallel (Line 8), optimizing initial
evidence gathering time. Second, separating plan-
ning and execution allows the Seeker to dynam-
ically decide the next action (Line 13), enabling
handling of complex scenarios like branching rea-
soning paths or multiple valid answers. Finally,
this dynamic loop provides robustness against fail-
ure: if an action yields no result, the Seeker can
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adapt the strategy (e.g., rephrase or try a new path)
instead of terminating.

6 HiGraAgent

While HiGraRetriever and Dual-Agent can each
serve as stand-alone retrieval and reasoning mod-
ules, we propose HiGraAgent, which integrates the
two into a unified adaptive reasoning RAG frame-
work over structured knowledge. The overall archi-
tecture and workflow of all HiGraAgent modules
are illustrated in Figure 2.

7 Experimental Setup

7.1 Datasets

We evaluate HiGraRetriever, Dual-Agent, and Hi-
GraAgent in an open domain setting on three
multi-hop QA benchmarks: HotpotQA (Yang
et al., 2018), 2WikiMultihopQA (Ho et al., 2020),
and MuSiQue (answerable subset) (Trivedi et al.,
2022). Following HippoRAG, we sample 1,000
questions from the dev split and merge all para-
graphs (including distractors) into a single retrieval
corpus per dataset. This setup simulates a realistic
open domain retrieval scenario.

7.2 Baselines

We compare our method against the following base-
lines:

e Simple Methods: Parametric, which uses
only the base LLM without retrieval, and
NaiveRAG, which applies BM25, Dense Re-
triever, or Hybrid Retriever as basic ap-
proaches.

* Single-Step Reasoning with Graph-based
Retrieval: HippoRAG2 (Gutiérrez et al.,
2025b), NodeRAG (Xu et al., 2025), and Hi-
RAG (Huang et al., 2025), representing recent
advancements in graph-based retrieval meth-
ods.

 Iterative Reasoning Methods: IR-
CoT (Trivedi et al., 2023), HopRAG,
T2RAG (Gong et al.,, 2025), and Dual-
RAG (Cheng et al., 2025), representing recent
methods for iterative reasoning.

7.3 Metrics

While F1 and EM are standard QA metrics, they
often misrepresent performance by overestimat-
ing correctness (surface overlap) or underesti-

mating it (format mismatches, multiple valid an-
swers) (Schuff et al., 2020). We therefore adopt an
LLM-as-a-Judge protocol (Gu et al., 2025), which
more robustly evaluates both correctness and rea-
soning quality. F1 and EM scores are reported in
Appendix I for completeness.

7.4 Implementation Details

We use GPT-40-mini as the only language model
for all tasks that require LLM-based reasoning.
For dense retrieval, we adopt the widely used
model sentence-transformers/all-MiniLM-L6-v2
from HuggingFace, applying it uniformly across
all evaluated methods to ensure fairness. For Hi-
GraRetriever, we employ only the Librarian agent
to conduct single-step reasoning. In contrast, for
Dual-Agent methods, we rely on the Hybrid Re-
triever to provide the retrieval backbone.

8 Results and Analysis

Overall Performance. Table 1 summarizes the
accuracy of our models and baselines across
three datasets. All three of our proposed meth-
ods—HiGraRetriever, Dual-Agent, and HiGraA-
gent—achieve the highest average accuracy com-
pared to baselines, with mean scores of 77.3%,
83.0%, and 85.3% respectively. The closest base-
line, HiRAG, reaches 73.6% on average, resulting
in a clear performance gap of 3.7%-11.7%.

HiGraRetriever. Our graph-based single-step
reasoning module, HiGraRetriever, achieves 93.5%
on HotpotQA, 81.5% on 2Wiki, and 57.0% on
MuSiQue. It outperforms all other methods with
single-step reasoning and demonstrates competi-
tive performance compared to iterative methods.
Further ablation results on retrieval item effects
and ranking parameter robustness are provided in
Appendix L and M.

Dual-Agent. Dual-Agent, which combines dual-
agent iterative reasoning with simple unstructured
retrieval, shows substantial gains on HotpotQA
(92.0%) and MuSiQue (77.2%), and remains com-
petitive on 2Wiki (79.8%), comparable to the best
iterative baseline, DualRAG.

HiGraAgent. The full framework, HiGraAgent,
consistently outperforms all baselines on each
dataset, achieving 93.1% on HotpotQA, 85.1% on
2Wiki, and 77.8% on MuSiQue, resulting in the
highest average accuracy of 85.3%. Compared to
the strongest baseline on each dataset, HiGraAgent
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Method Reasoning Retrieval HotpotQA 2Wiki MuSiQue Avg
Parametric Single None 54.7 39.0 22.5 38.7
‘NaiveRAG (BM25) | Single | Unstructured | 856 | 605 | 301 | 587
NaiveRAG (Dense) Single Unstructured 76.1 29.6 329 46.2
NaiveRAG (Hybrid) Single Unstructured 87.3 49.8 344 57.2
‘HippoRAG2 | Single | Graphbased | 845 | 694 | 488 | 676
NodeRAG Single Graph-based 84.4 43.8 46.0 58.1
HiRAG Single Graph-based 90.2 74.5 56.0 73.6
RCoT | lterative | Unstructured | 902 | 664 | 343 | e 636
HopRAG Iterative Graph-based 86.2 59.0 41.7 62.3
T2RAG Iterative Graph-based 47.6 38.5 32.8 39.6
DualRAG Iterative Unstructured 59.4 81.8 72.6 71.3
'HiGraRetriever (Qurs) | Single | Graphbased | 935 | 8.5 | 570 | 73
Dual-Agent (Ours) Iterative Unstructured 92.0 79.8 77.2 83.0
HiGraAgent (Ours) Iterative Graph-based 93.1 85.1 77.8 85.3

Table 1: Accuracy (%) comparison across datasets. Best (1st) highlighted in bold, 2nd underlined, 3rd italic. Avg is
the mean of HotpotQA, 2WikiMultihopQA, and MuSiQue.

Method HotpotQA 2Wiki MuSiQue Avg. Relative Size
(HiGra/Method)
HippoRAG2 94,516 51,655 98,584 69.1%
NodeRAG 103,131 55,734 111,338 62.9%
HiRAG 92,022 40,208 74,793 83.7%
T2RAG 96,944 50,296 101,782 68.4%
'HiGra (Before Alignment) | 98,790 | 53,719 [ 106627 | 655%
HiGra 63,659 36,779 67,741 100.0%

Table 2: Total number of entity nodes across datasets. We report the relative size of the HiGra with respect to each

baseline (smaller is better).

surpasses HIRAG by 2.9% on HotpotQA (93.1%
vs. 90.2%), DualRAG by 3.3% on 2Wiki (85.1%
vs. 81.8%), and DualRAG by 5.2% on MuSiQue
(77.8% vs. 72.6%), demonstrating a substantial
performance gap across all benchmarks.

Entities Size Reduction. As shown in Table 2,
our alignment step yields a substantial 34.5% re-
duction in graph size compared to HiGra before
alignment. Moreover, HiGra (After Alignment)
consistently produces more compact graphs than
all baseline methods, with relative sizes ranging
from 62.9% (vs. NodeRAG) to 83.7% (vs. Hi-
RAG). Further ablation studies on the impact of
reduced graph size on performance are provided in
Appendix N.

9 Discussion

Dataset-specific challenges. The three bench-
marks exhibit distinct characteristics. Hot-
potQA requires limited multi-hop reasoning (Min
et al., 2019), allowing even parametric and sim-
ple retrieval-based methods (e.g., NaiveRAG)
to achieve high accuracy. 2Wiki is entity-
centric (Gutiérrez et al., 2025a), favoring graph-
based single-step reasoning methods such as Hi-
GraRetriever and HiRAG, though these methods
struggle on MuSiQue. MuSiQue contains complex
reasoning with multiple paths and answers, where
iterative methods like HiGraAgent, Dual-Agent,
and DualRAG surpass 72% accuracy. These re-
sults suggest that many baselines lack generaliz-
ability, which HiGraAgent successfully addresses.
Moreover, we observe that iterative reasoning is not
the most effective approach for HotpotQA, as evi-
denced by the poor performance of T2RAG and Du-
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alRAG, while HiGraRetriever achieves the highest
accuracy. These dataset-specific patterns motivate
a closer examination of how graph-based retrieval
contributes to robust reasoning across benchmarks.

Graph-based Retrieval Role. HiGraAgent is de-
signed to address a dual compositionality challenge:
query composition, which methods such as Dual-
Agent handle effectively, and context composition,
where supporting evidence is distributed across
multiple, weakly related facts that cannot be reli-
ably retrieved through similarity alone. In such set-
tings, effective reasoning requires explicitly mod-
eling relationships among retrieved entities rather
than treating retrieval steps independently. Empiri-
cally, entity-centric benchmarks such as 2WikiMul-
tiHopQA benefit substantially from graph-based
context composition, where HiGraAgent achieves
a 5.3% absolute improvement over the non-graph
Dual-Agent baseline. Moreover, the single-step
graph-based retriever (HiGraRetriever) can outper-
form the iterative retrieval strategy used in Dual-
Agent, further reinforcing the importance of struc-
tured graph retrieval in entity-heavy reasoning sce-
narios.

Performance—Efficiency trade-off. Our frame-
work exposes a flexible trade-off between accuracy
and inference cost. HiGraRetriever achieves strong
performance with low overhead, using only 4,107
tokens per query with substantially lower inference
time, while outperforming all iterative reasoning
baselines on entity-centric datasets. Dual-Agent
improves robustness on compositionally challeng-
ing queries without requiring full graph construc-
tion, allowing slower inference only when needed.
HiGraAgent attains the highest overall accuracy
(85.3% average accuracy) among all methods, with
its closest competitors being HIRAG and Dual-
RAG. While HiGraAgent incurs higher inference
time (26.1s/query) and token usage (25,119 tokens/-
query), it remains more token-efficient than HIRAG
(26,399 tokens/query) and DualRAG (32,342 to-
kens/query). Notably, this efficiency comes along-
side a substantial performance improvement over
both baselines, demonstrating that HiGraAgent
achieves a large accuracy gain while maintaining
more effective token utilization. Rather than op-
timizing a single operating point, our design pro-
vides a spectrum of retrieval and reasoning strate-
gies, enabling practitioners to balance performance
and efficiency based on dataset characteristics. De-
tailed cost and latency breakdowns are provided in

Appendix J and Appendix K.

10 Conclusion

We present HiGraAgent, a modular framework for
multi-hop QA that integrates hierarchical knowl-
edge graphs and adaptive dual-agent reasoning. Ex-
periments demonstrate that HiGraRetriever, Dual-
Agent, and the full HiGraAgent system achieve
state-of-the-art performance across diverse bench-
marks. HiGraAgent consistently outperforms
strong baselines while producing more compact
knowledge graphs, validating both its efficiency
and robustness. The modular design allows flexible
deployment: single-step retrieval for entity-centric
tasks and iterative reasoning for complex queries.
Our work illustrates the benefits of combining struc-
tured knowledge and adaptive reasoning in open
domain multi-hop QA.
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Limitations

Despite the promising results, several limitations
remain in our current approach:

Backbone Sensitivity. A systematic study of dif-
ferent LLM and embedding backbones is an impor-
tant next step, which we leave for future work due
to current resource constraints.

Time and Token Efficiency. Agentic methods,
including ours, inherently require more reasoning
steps and LLM calls, leading to increased infer-
ence time and token usage. While this trade-off
enables more sophisticated reasoning, optimizing
for efficiency is an important direction for future
work.

Generalization Across Tasks and Domains.
Our evaluation is limited to the multi-hop QA set-
ting. Validating the versatility of our approach re-
quires further experiments across different reason-
ing tasks and knowledge-intensive domains (e.g.,
biomedical, legal).

Ethical Considerations

Our method only works with public datasets and
does not involve training or data collection. There-
fore, it poses no potential risks related to data pri-
vacy and others
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A Baseline Methods

For completeness, we briefly summarize the base-
line methods considered in our experiments. These
approaches cover both single-step and iterative rea-
soning, and include unstructured as well as graph-
based retrieval.

HippoRAG2. HippoRAG2 (Gutiérrez et al.,
2025b) enhances the original HippoRAG frame-
work by extracting triplets and connecting syn-
onyms through semantic similarity. Relevant pas-
sages and triplets are used to seed Personalized
PageRank (PPR), enabling more effective multi-
hop passage retrieval.

NodeRAG. NodeRAG (Xu et al., 2025) con-
structs a heterogeneous graph with semantic units,
entities, relationships, attributes, and chunks. Re-
trieval combines exact matching on title nodes with
vector search on rich information nodes, further
refined by HNSW and shallow PPR.

HiRAG. HiRAG (Huang et al., 2025) introduces
hierarchical indexing (Hilndex), where higher-level
summary entities generated via clustering and
LLMs connect semantically related entities across
layers. Its retrieval (HiRetrieval) integrates local de-
scriptions, global community reports, and shortest-
path reasoning to improve evidence aggregation.

IRCoT. IRCoT (Trivedi et al., 2023) alternates
between reasoning and retrieval: given an initial
set of documents, the model iteratively generates
chain-of-thought (CoT) steps and issues new re-
trieval queries. The process stops once an answer
is generated or a maximum step limit is reached.

HopRAG. HopRAG (Liu et al., 2025) con-
structs a passage-level graph by simulating
pseudo-queries and merging edges.  Its re-
trieval-reason—prune pipeline combines similarity-
based retrieval, reasoning-augmented traversal, and
a novel “Helpfulness” metric for pruning irrelevant
passages.

T2RAG. T2RAG (Gong et al., 2025) transforms
the corpus into a knowledge base of canonical
triplets and indexes their verbalized forms. Iterative
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retrieval is driven by structured triplet queries with
placeholders, allowing adaptive and fine-grained
multi-hop evidence acquisition.

DualRAG. DualRAG (Cheng et al., 2025) in-
tegrates Reasoning-augmented Querying (RaQ)
with Progressive Knowledge Aggregation (pKA),
maintaining a dynamic “Knowledge Outline.” This
closed-loop process enables iterative refinement of
reasoning and retrieval for multi-hop QA.

B Artifact Documentation

We use three publicly available datasets in
our work: HotpotQA, 2WikiMultihopQA, and
MuSiQue.

B.1 Citation of Artifact Creators

* HotpotQA (Yang et al., 2018) — accessed
from https://hotpotga.github.io/, Ili-
censed under CC BY-SA 4.0.

¢ 2WikiMultihopQA (Ho et al.,, 2020) -
accessed from  https://github.com/
Alab-NII/2wikimultihop, licensed under
Apache License 2.0.

¢ MuSiQue (Trivedi et al., 2022) — accessed via
Hugging Face at https://huggingface.co/
datasets/dgslibisey/MuSiQue, licensed
under CC BY 4.0.

B.2 Dataset Characteristic

‘We summarize basic characteristics of each dataset:

* HotpotQA: English language, Wikipedia do-
main, multi-hop questions with supporting
sentences.

» 2WikiMultihopQA: English language, based
on reasoning over Wikidata triples.

* MuSiQue: English language, derived from
diverse web sources with fine-grained multi-
hop QA construction.

Further documentation and dataset cards are avail-
able via the original dataset repositories.

B.3 Dataset Sampling

Dataset 2-hop 3-hop 4-hop 5+ hop
HotpotQA 550 300 121 29
2WikiMultihop 500 2 496 2
MuSiQue 550 350 100 0

Table 3: Distribution of sampled questions by hop count
for each dataset.

We strategically select evaluation samples from
each dataset’s development set to construct a max-
imally diverse test set. Our sampling procedure
follows two key criteria: (1) we exclude questions
with repeated answers (excluding binary yes/no
cases) to avoid redundancy and better evaluate
cross-model consistency; and (2) we stratify sam-
ples by hop count, defined as the number of gold
passages required to answer a question in the origi-
nal dataset.

Due to distributional imbalances introduced by
criterion (1), the number of selected samples at
each hop count is constrained by the remaining
available questions. Table 3 summarizes the result-
ing hop count distribution across datasets. Note
that MuSiQue includes up to 4-hop questions, with
no instances beyond that.

B.4 Intended Use

Our use of each dataset adheres to the original
intended research purposes. The datasets are used
solely for academic research. No models trained
on these datasets are deployed in production or
used commercially. Any derived models or outputs
remain within a research scope and comply with
the access terms of the original datasets.

B.5 Privacy and Anonymization

The datasets are publicly released for research and
do not contain personally identifiable information.
We reviewed a representative sample from each
dataset and did not find offensive or sensitive con-
tent requiring redaction. No additional anonymiza-
tion steps were necessary. No new data was col-
lected.

C Computational Experiments Report

C.1 Computational Budget

All methods, including ours, were executed with-
out GPU computation. This is because the pri-
mary language model used across all methods is
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GPT-40-mini, which relies on API calls rather than
local computation. The total estimated cost for de-
velopment, baseline runs, and final experiments is
approximately $990.

C.2 Hyperparameter Tuning

We adopted an iterative approach to optimize de-
velopment costs using progressively larger subsets
of the training data from each benchmark. The
final evaluation on the complete open domain test
corpus was conducted only once, without any hy-
perparameter tuning.

Table 4: Hyperparameter configuration for HiGraAgent

HiGraRetriever Value
Ontology top-k 20
Entity—passage top-k 10
Similarity—passage top-k 5
Prune top-k 10
PPR « 0.85
RRF semantic constant 10
RRF PPR constant 10
Passage top-k (Hybrid Retrieval) 20
LLM Client Value
Model name gpt-40-mini
Batch size (parallel limit) 200

D Implementation Details

This section outlines the software dependencies
and libraries utilized in our implementation.

Coreference resolution. Coreference resolution
is implemented using fastcoref? library.

Semantic clustering. We leverage
scikit-learn DBSCAN® implementations to
cluster word embeddings into candidates pool.

Question Decomposition. For linguistic extrac-
tion, we use the spaCy* model for dependency pars-
ing.

BM25 Retrieval. The rank_bm25° library is
used as the main implementation for the sparse
retrieval module.

E Evaluation Fairness Discussion

Comparing multi-hop retrieval-augmented gener-
ation (RAG) systems developed under different

2https://github.com/shon-otmazgin/fastcoref
Shttps://scikit-learn.org/stable/modules/
generated/sklearn.cluster.DBSCAN.html
4https://spacy. io
Shttps://github.com/dorianbrown/rank_bm25

experimental settings poses challenges for fair eval-
uation. We take several steps to ensure that our
comparisons are consistent and faithful to the orig-
inal methods.

For each baseline, we verify our implementa-
tions against the originally reported results. The
reproduced performance is generally close to the
original numbers, indicating faithful reproduction.
In some cases, higher performance is observed,
which we attribute to improvements in the under-
lying language models rather than changes to the
retrieval or reasoning logic.

Some baselines rely on proprietary language
models that are no longer publicly available. In
particular, IRCoT was originally built on GPT-3;
we therefore re-implement it using GPT-40-mini
to maintain a unified backbone across all methods.
For all baselines, we use the authors’ released code
without modifying their core algorithmic compo-
nents. These methods are largely model-agnostic
and implemented using standard libraries, allow-
ing the language model to be substituted without
affecting overall methodology.

While exact replication of historical environ-
ments is not always possible, standardizing the
backbone model and preserving the original al-
gorithmic structure ensures a fair and meaningful
comparison across all evaluated baselines.

F Retrieval Metrics Discussion

While retrieval-specific metrics such as recall@k
are often informative, applying them consistently
across prior work is challenging due to substan-
tial differences in retrieval granularity. Existing
baselines retrieve heterogeneous units, including
passages, entities, summaries, community- or path-
level descriptions, and structured triplets, for which
no shared gold-standard retrieval target exists. Our
method similarly retrieves mixed units (passages
and triplets), further complicating direct compar-
ison. Consequently, we focus on end-to-end QA
performance, which provides a more faithful and
comparable evaluation across structurally diverse
retrieval paradigms.

G Qualitative Analysis

To demonstrate the effectiveness of the HiGraA-
gent framework, we analyze several real examples.
Figures 3, 4 and 5 illustrate complex reasoning
paths from the 2WikiMultihopQA and MuSiQue
benchmarks. By enabling parallel question pro-
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Case: Parallel Processing
Question: Who is older, Ryan Tubridy or Mauro Massironi?
Answer: Ryan Tubridy

Seeker [When was Ryan Tubridy born?J [ When was Mauro Massironi born? ]

Librarian 28 May 1973

11 November 1979

Seeker

Ryan Tubridy

Figure 3: Dual-Agent Adaptive Reasoning Example 1: Parallel Processing

cessing and maintaining separate dialogue histories
for the Seeker and Librarian, our framework can
effectively manage intricate reasoning graphs.

Figure 3 shows a parallel processing case: “Who
is older, Ryan Tubridy or Mauro Massironi?” Hi-
GraAgent decomposes this into independent birth-
date queries, resolves them concurrently via the
Librarian, and integrates the results at the Seeker to
derive the correct answer (“Ryan Tubridy”). This
highlights the framework’s ability to exploit paral-
lelism for efficiency while maintaining reasoning
accuracy.

Figure 4 shows a question where a single
sub-question leads to multiple possible reasoning
branches. Instead of committing early, HiGraA-
gent explores all candidate paths concurrently, en-
suring that no potentially relevant evidence is over-
looked before converging on the correct answer
(“Dathan”).

Figure 5 demonstrates adaptiveness at the an-
swer stage: the query admits multiple valid final
answers. HiGraAgent systematically explores and
verifies these alternatives, ultimately producing a
more complete answer set (“Lani Hall”), which
better aligns with user expectations.

Together, these examples highlight HiGraA-
gent’s ability to adapt its reasoning strategy to the
structure of the problem—branching when interme-
diate ambiguity arises and expanding when multi-
ple answers are plausible—Ileading to more reliable

and user-centered outcomes.
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Case: Multiple Paths
Question: Who did the cast member of The Woman in the Window play in the Ten Commandments?

Answer: Dathan

Who is the cast member of

Seeker [ The Woman in the Window? ]

. . Edward Raymond
Librarian G. Robinson Joan Bennett ¢ Massey

Seeker What character did What character did What character did What character did

Edward G. Robinson Joan Bennett Dan Duryea Raymond Massey
play in Ten Commandments?| |play in Ten Commandments?) play in Ten Commandments?| |play in Ten Commandments?
Librarian
Did not play Did not play Did not play

Figure 4: Dual-Agent Adaptive Reasoning Example 2: Multiple Reasoning Paths

Case: Multiple Paths + Multiple Answers
Question: Who is the spouse of the performer of song Mae (Riz Ortolani Song)?

Answer: Lani Hall

Who is the performer of the song
Seeker [ Mae (Riz Ortolani Song)? ]
Librarian Ella Fitzgerald Herb Alpert Pete Fountain
Seeker Who is the spouse of Who is the spouse of Who is the spouse of
Ella Fitzgerald? Herb Alpert? Pete Fountain?
|
Librarian KBenny Ray Brown
ornegay

Figure 5: Dual-Agent Adaptive Reasoning Example 3: Multiple Reasoning Paths + Multiple Possible Answers
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H Performance by Hop-counts Analysis

We further analyze model performance across dif-
ferent hop counts. Tables 5, 6, and 7 report ac-
curacies by hop level for HotpotQA, 2WikiMulti-
hopQA, and MuSiQue, respectively. Following the
sample distribution in Table 3, we only consider
hop counts with more than 50 instances to ensure a
reliable evaluation basis.

Our methods deliver strong performance across
different hop counts. On HotpotQA, HiGraAgent
achieves 94.5% on 2-hop and sustains 90.1% on
4-hop, clearly ahead of NodeRAG (81.0%) and
competitive against HopRAG (90.9%). On 2Wiki-
MultihopQA, HiGraAgent reaches 88.2% (2-hop)
and 82.5% (4-hop), outperforming HIRAG (73.6%
/ 75.8%). On MuSiQue, where baselines often
collapse below 40% on higher hops, Dual-Agent
and HiGraAgent maintain around 70% on 3-hop
and above 50% on 4-hop, surpassing the strongest
baseline DualRAG (64.9% / 52.0%).

These results show that our methods not only
excel on easier 2-hop cases but also sustain high
accuracy on challenging 3—4 hop reasoning, prov-
ing their robustness and effectiveness for multi-hop

QA.

Method 2-hop 3-hop 4-hop
Parametric 57.8 51.7 51.2
NaiveRAG(BM?25) 85.1 85.7 88.4
NaiveRAG(Dense) 78.0 74.0 77.7
NaiveRAG(HyBrid)  88.0 87.0 87.6
HippoRAG?2 85.6 82.7 82.6
NodeRAG 85.6 80.3 81.0
HiRAG 91.3 90.0 89.3
IRCoT 84.7 87.3 86.8
HopRAG 86.0 85.0 90.9
T2RAG 504  47.0 38.8
DualRAG 64.2 52.7 55.4
HiGraRetriever 940 883 942
Dual-Agent 922 93.0 933
HiGraAgent 94.5 91.7 90.1

Table 5: HotpotQA accuracy by hop count.

Method 2-hop 4-hop
Parametric 35.2 429
NaiveRAG(BM?25) 58.4 63.1
NaiveRAG(Dense) 42.0 17.3
NaiveRAG(HyBrid) 59.2  40.7
HippoRAG2 724 66.7
NodeRAG 52.2 35.7
HiRAG 73.6 75.8
IRCoT 64.6 66.9
HopRAG 59.2 59.1
T2RAG 304  46.8
DualRAG 79.8 84.3
HiGraRetriever 782  76.6
Dual-Agent 87.8 72.5
HiGraAgent 88.2 82.5

Table 6: 2WikiMultihopQA accuracy by hop count.

Method 2-hop 3-hop 4-hop
Parametric 24.5 22.0 10.0
NaiveRAG(BM25) 37.1 22.6 18.0
NaiveRAG(Dense) 39.1 254 25.0
NaiveRAG(HyBrid) 43.3 24.0 22.0
HippoRAG?2 58.4 39.7 28.0
NodeRAG 52.5 354 35.0
HiRAG 66.7 45.7 33.0
IRCoT 37.8 24.9 22.0
HopRAG 46.7 35.7 35.0
T2RAG 35.8 30.3 25.0
DualRAG 81.3 64.9 52.0
HiGraRetriever 685 463  30.0
Dual-Agent 86.4 70.6 52.1
HiGraAgent 87.1 70.6 52.0

Table 7: MuSiQue accuracy by hop count.
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I F1 and EM Evaluation

For completeness, we additionally report F1
and EM metrics (Tables 8, 9). Following Hi-
RAG (Huang et al., 2025), we extract the short-
form answer from the final predicted answer across
all methods, which provides a consistent basis for
F1 and EM evaluation.

The results show trends broadly consistent with
overall accuracy: our proposed HiGraRetriever,
Dual-Agent, and HiGraAgent achieve the strongest
average performance across datasets. While ab-
solute values are sometimes lower than accuracy,
this mainly arises from cases with multiple valid
answer expressions. In such cases, predictions are
considered correct in accuracy but may not receive
full credit under F1 or EM, which rely on exact or
token-level overlap.

J Speed

We further analyze inference time, measured in
seconds per question (Table 10).

For single-step reasoning methods, our Hi-
GraRetriever requires on average 14.0s, which is
slower than HiIRAG (8.7s), NodeRAG (5.5s) and
HippoRAG?2 (2.6s). This trade-off arises because
HiGraRetriever uses two LLM calls (entity recog-
nition + final answering), whereas HiRAG relies
on a heavier graph expansion process with a single
answering step. Importantly, HiGraRetriever still
achieves exceptional accuracy while maintaining a
moderate runtime.

For iterative reasoning methods, our Dual-Agent
(22.8s) and HiGraAgent (26.1s) are substantially
faster than other strong baselines such as DualRAG
(36.3s) and HopRAG (36.4s), while also delivering
better overall performance (see Tables 1, 8 and 9).
Although IRCoT (2.4s) and T2RAG (10.7s) run
faster, their performance is significantly weaker
across all benchmarks, reflecting the limited rea-
soning depth of their design.

K Tokens Consumption

We also compare the total prompt tokens consumed
per question (Table 11).

For single-step reasoning methods, our Hi-
GraRetriever uses on average 4,107.0 tokens,
which is slightly higher than HippoRAG2 (1,356.7)
and NodeRAG (2,367.7), due to the combination
of graph structure and additional passage context.
However, it is still an order of magnitude lower than
HiRAG (26,399.5), showing that HiGraRetriever
achieves strong accuracy with a far more efficient
token budget.

For iterative reasoning methods, the trend mir-
rors the speed analysis. Our Dual-Agent (19,953.0)
and HiGraAgent (25,119.1) consume substan-
tially fewer tokens than DualRAG (32,342.8) and
HopRAG (31,260.8), while being higher than
lightweight but less effective approaches such as
IRCoT (4,776.2) and T2RAG (2,620.8).

These results suggest that our designs balance
reasoning strength with token efficiency, avoiding
the prohibitive costs of heavy graph expansion (Hi-
RAG, HopRAG, DualRAG) while still outperform-
ing fast but weak baselines (IRCoT, T2RAG).
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Method Reasoning Retrieval HotpotQA 2Wiki MusSiQue Avg
Parametric Single None 42.6 37.6 12.9 31.0
‘NaiveRAG (BM25) | Single | Unstructured | 730 | 596 | 245 | s 524
NaiveRAG (Dense) Single Unstructured 65.2 31.6 26.1 40.9
NaiveRAG (Hybrid) Single Unstructured 73.7 50.4 28.0 50.7
‘HippoRAG2 | Single | Graph-based | 709 | 664 | 418 | 597
NodeRAG Single Graph-based 69.3 45.6 354 50.1
HiRAG Single Graph-based 73.6 73.7 44.0 63.8
RCOT | lierative | Unstructured | 741 | 664 | 265 | 556
HopRAG Iterative Graph-based 74.7 58.6 38.0 57.1
T2RAG Iterative Graph-based 43.0 39.5 29.6 374
DualRAG Iterative Unstructured 48.7 78.1 56.8 61.2
‘HiGraRetriever (Ours) |  Single | Graph-based | 744 | 714 | 403 | ¢ 620
Dual-Agent (Ours) Iterative Unstructured 75.1 75.4 56.1 68.9
HiGraAgent (Ours) Iterative Graph-based 74.8 80.4 58.0 71.1

Table 8: F1 comparison across datasets

. Average column is the mean of HotpotQA, 2WikiMultihopQA, and

MuSiQue.
Method Reasoning Retrieval HotpotQA 2Wiki ‘ MuSiQue ‘ Avg
Parametric Single None 27.9 31.7 2.7 20.8
‘NaiveRAG (BM25) | Single | Unstructured | 566 | 554 | 48 | 023
NaiveRAG (Dense) Single Unstructured 50.7 28.5 18.2 32.5
NaiveRAG (Hybrid) Single Unstructured 57.5 47.6 18.6 41.2
‘HippoRAG2 | Single | Graph-based | 524 | 594 | 48 | 455
NodeRAG Single Graph-based 52.0 40.8 19.9 37.6
HiRAG Single Graph-based 553 65.7 26.8 49.3
RCoT | lierative | Unstructured | 501 | 626 | 67 | 831
HopRAG Iterative Graph-based 58.6 55.0 27.3 47.0
T2RAG Iterative Graph-based 31.0 36.4 18.6 28.7
DualRAG Iterative Unstructured 34.6 71.7 39.8 48.7
‘HiGraRetriever (Ours) |  Single | Graphbased | 584 | 642 | 263 | 496
Dual-Agent (Ours) Iterative Unstructured 58.8 69.0 38.9 55.6
HiGraAgent (Ours) Iterative Graph-based 57.4 73.6 39.0 56.7

Table 9: EM comparison across datasets. Average column is the mean of HotpotQA, 2WikiMultihopQA, and
MuSiQue.

1210



Method Reasoning Retrieval HotpotQA 2Wiki MuSiQue Avg
Parametric Single None 0.9 0.9 0.9 0.9
‘NaiveRAG (BM25) | Single | Unstructured | 1.6 | 4 | e | s
NaiveRAG (Dense) Single Unstructured 1.6 1.3 1.1 1.3
NaiveRAG (Hybrid) Single Unstructured 2.5 1.3 1.1 1.6
‘HippoRAG2 | Single | Graphbased | 24 | 28 | 27 | 26
NodeRAG Single Graph-based 54 53 5.7 5.5
HiRAG Single Graph-based 7.6 6.4 12.0 8.7
RCoT | lerative | Unstructured | 22 | 25 | 24 | 24
HopRAG Iterative Graph-based 28.5 35.6 45.2 36.4
T2RAG Iterative Graph-based 10.1 124 9.6 10.7
DualRAG Iterative Unstructured 38.6 29.1 41.3 36.3
‘HiGraRetriever (Ours) |  Single | Graphbased | 157 | 116 | 146 | 140
Dual-Agent (Ours) Iterative Unstructured 23.4 19.9 25.0 22.8
HiGraAgent (Ours) Iterative Graph-based 24.7 22.7 31.0 26.1
Table 10: Speed comparison across datasets (seconds per question).

Method Reasoning Retrieval ‘ HotpotQA ‘ 2Wiki ‘ MuSiQue ‘ Avg
Parametric Single None 56.9 522 55.0 54.7
‘NaiveRAG (BM25) | Single | Unstructured | 2,909.7 | 35862 | 29097 | 31352
NaiveRAG (Dense) Single Unstructured 3,409.6 3,101.5 3,046.4 3,185.8
NaiveRAG (Hybrid) Single Unstructured 3,499.2 3,538.3 3,213.7 3,417.1
‘HippoRAG2 | Single | Graph-based | 13362 | 13602 | 13737 | 13567
NodeRAG Single Graph-based 2,402.4 2,399.9 2,300.7 2,367.7
HiRAG Single Graph-based 26,793.4 26,972.1 25,433.1 26,399.5
RCOT | lterative | Unstructured | 3,838.01 | 61215 | 43691 | 47762
HopRAG Iterative Graph-based 25,857.7 31,743.1 36,181.6 31,260.8
T2RAG Iterative Graph-based 2,564.3 2,861.2 2,436.9 2,620.8
DualRAG Iterative Unstructured 21,528.8 31,4453 44,054.2 32,342.8
‘HiGraRetriever (Ours) |  Single | Graph-based | 3,873.9 | 44915 | 39555 | 41070
Dual-Agent (Ours) Iterative Unstructured 18,394.0 21,202.4 20,262.7 19,953.0
HiGraAgent (Ours) Iterative Graph-based 22,3389 27,447.7 25,570.8 25,119.1

Table 11: Total prompt tokens per question comparison across datasets. Average column is the mean of HotpotQA,
2WikiMultihopQA, and MuSiQue.
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L. Ablation Study: Effect of Retrieval
Items

Method / Setting | HotpotQA | 2Wiki | MuSiQue

HiGraRetriever
Graph + Passage 93.5 81.5 57.0
Passage Only 92.2 77.1 56.9
HiGraAgent
Graph + Passage 93.1 85.1 77.8
Passage Only 91.2 85.0 71.5

Table 12: Ablation study comparing Graph + Passage
vs Passage Only retrieval.

To assess the effectiveness of combining both
graph and passage context, we conduct an abla-
tion study on HiGraRetriever and HiGraAgent (Ta-
ble 12).

For HiGraRetriever, removing graph information
and relying only on passages leads to a notable
performance drop (e.g., 81.5% — 77.1% on 2Wiki),
highlighting the importance of structural signals in
retrieval.

For HiGraAgent, the performance gap between
the two settings is narrower. The main difference
appears in HotpotQA (93.1% vs. 91.2%), while
results on 2Wiki and MuSiQue remain comparable.
This can be attributed to the adaptive reasoning
design of HiGraAgent, where the Seeker can flexi-
bly explore alternative reasoning paths even when
graph context is absent.

Overall, these results confirm that graph infor-
mation is especially beneficial for retrieval-focused
settings, while adaptive multi-step reasoning can
mitigate its absence to some extent.

M Ablation Study: Ranking Combination
Robustness

Our ranking combination integrates multiple graph-
derived signals, including PageRank-based connec-
tivity (PPR) and relevance scores from semantic
and structural components (RFF). The design goal
is to balance these factors such that neither graph
connectivity nor semantic relevance dominates, en-
abling robust retrieval across datasets.

To evaluate the sensitivity of this design, we
conduct an ablation study varying three key hyper-
parameters: (1) the Personalized PageRank restart
probability «, which controls random walk per-
sistence; (2) the weight assigned to the semantic

relevance component in RFF; and (3) the weight as-
signed to graph-based signals. We report accuracy
under different configurations in Table 13.

Setting Hotpot 2Wiki MuSiQue
HiGraRetriever
Default 93.5 81.5 57.0
PPR a=0.7 91.8 82.1 58.4
PPR a=0.5 94.5 82.7 58.3
RFF semantic=1  93.2 79.5 57.2
RFF graph =1 93.9 84.3 56.6

Table 13: Ablation study on ranking combination hyper-
parameters for HiGraRetriever.

As shown in Table 13, performance remains sta-
ble under moderate variations of all hyperparam-
eters. Lowering the PPR continuation probability
does not substantially affect retrieval accuracy, and
adjusting the balance between semantic and graph-
based relevance results in only minor fluctuations
across datasets. No configuration leads to a signifi-
cant performance degradation relative to the default
setting.

These results support the robustness of our rank-
ing combination design, demonstrating that it effec-
tively balances multiple retrieval signals and main-
tains stable performance across different graph and
semantic weighting strategies.

N Ablation Study: Effect of Graph
Refinement

This ablation study examines the role of graph
refinement in our graph-based retrieval pipeline.
The refinement procedure is not intended to reduce
inference-time latency directly, but to improve the
quality and usability of the constructed knowledge
graph for downstream retrieval and reasoning.

Our work differs from prior GraphRAG ap-
proaches that rely on retrieval-based seed selection
and intermediate summarization. Instead, we in-
vestigate whether a detection-based seed selection
strategy combined with a purely graph-structured
context (without summarization) can be effective.
In this setting, raw graphs exhibit severe entity re-
dundancy, which substantially degrades both seed
detection and graph traversal. Graph refinement
mitigates this issue by merging redundant entities
and producing a more coherent structure.

To isolate the effect of refinement, we evaluate
HiGraRetriever with and without graph refinement.
As shown in Table 14, removing refinement leads
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to consistent performance degradation across all
datasets, with particularly large drops on 2Wiki and
MuSiQue. This indicates that the primary benefit
of refinement lies in improving graph quality rather
than computational efficiency.

Dataset Original With Refinement
HotpotQA 92.1 93.5
2Wiki 66.3 81.5
MusSiQue 46.3 57.0

Table 14: Accuracy of HiGraRetriever with and without
graph refinement.

In addition to performance gains, refinement sub-
stantially reduces graph fragmentation. Table 15
reports the number of connected components be-
fore and after refinement, showing an order-of-
magnitude reduction across datasets. This produces
denser and more coherent graphs, which are more
suitable for graph-based retrieval.

Dataset Original With Refinement
HotpotQA 11,595 1,123
2Wiki 7,478 1,146
MuSiQue 14,737 1,818

Table 15: Number of connected components with and
without graph refinement.

While graph size reduction alone does not
directly translate to faster inference, it signifi-
cantly improves retrieval effectiveness and graph
coherence. Compared to summarization-heavy
GraphRAG pipelines, our refinement process is
also computationally lightweight, as it operates on
short entity representations. These results highlight
the importance of entity refinement for effective
graph-based retrieval and suggest potential bene-
fits for broader graph reasoning and knowledge
construction tasks.

O HiGra Statistics

Dataset ‘ Entities ‘ Relations | Passages

HotpotQA | 63,659 90,062 9,773
2Wiki 36,779 47,584 6,595
MuSiQue | 67,741 96,208 11,185

Table 16: HiGra graph size statistics.

Dataset ‘ Entitiy Degree (min / avg / max)
HotpotQA 0/2.8/514
2Wiki 0/2.6/180
MuSiQue 0/2.8/905

Table 17: Entity degree distribution in HiGra graphs.

Dataset ‘ Passages per Entity (min / avg / max)
HotpotQA 1/2.11/542
2Wiki 1/1.8/189
MuSiQue 1/2.1/824

Table 18: Mapping of passages to entities in HiGra
graphs.

To better understand the structural properties
of HiGra across datasets, we report statistics of
entity graphs in Tables 16—18. In terms of scale,
MuSiQue yields the largest graph with 67K entities
and 96K relations, while 2Wiki is the smallest with
37K entities and 48K relations.

Regarding connectivity, the average entity de-
gree remains consistent across datasets (~2.6-2.8),
but maximum degrees vary significantly: MuSiQue
reaches 905 due to highly central nodes such as
United States, while HotpotQA peaks at 514 and
2Wiki at 180.

Finally, the passage mapping shows each entity
is grounded in multiple contexts. On average, enti-
ties appear in 1.8-2.1 passages, with extreme cases
such as United States linked to 542 passages in Hot-
potQA and 824 passages in MuSiQue. These statis-
tics highlight the heterogeneous nature of multi-
hop benchmarks and motivate the need for robust
retrieval strategies in HiGra.

P Additional Algorithm Details

P.1 Question Clarification.

In open domain QA, natural language queries
are often underspecified or expressed in ambigu-
ous forms that complicate downstream reasoning.
To address this, we employ a clarification proto-
col (Algorithm 2) that ensures questions are cast
into a canonical form. Specifically, the procedure
first verifies whether the input begins with a wh-
question word; if not, it invokes a language model
to rephrase the input into an explicit interrogative.
This step improves the reliability of decomposi-
tion and reasoning modules. Example is illustrated
below:
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Algorithm 2 Clarify Question Protocol

Algorithm 4 Execute Action Protocol

1: procedure CLARIFY(q)

2: qd < q

3: if not STARTWITHQUESTIONWORD(q)
then

4: q + LLM(q)

5: end if

6 return ¢’

7. end procedure

Original: Brendon Urie wrote new perspective
after firing which bassist?

Clarified: Which bassist did Brendon Urie fire
after writing New Perspective?

P.2 Question Decomposition

To enable multi-step reasoning, complex queries
are decomposed into smaller sub-questions. As
shown in Figure 6, the process first extracts linguis-
tic features (e.g., relative clauses, “of ’-structures,
possessive constructions), which guide the lan-
guage model in generating a structured decompo-
sition plan. This allows the reasoning agent to
resolve intermediate entities step by step.

Algorithm 3 Question Decomposition Protocol

1: procedure DECOMPOSE(Q)

2 features <— GETFEATURES(q)

3: decomposed_q <+ LLM(q, features)
4 return decomposed_q

5. end procedure

Q Seeker Action Execution

The Seeker serves as the controller that executes
reasoning actions based on the current reasoning
state. As shown in Algorithm 4, each action is
either directed to the Librarian (for retrieval and
synthesis) or finalized as an answer with supporting
evidence.

R Librarian Parallel Processing

The Librarian handles retrieval and synthesis in
parallel. As described in Algorithm 5, given a
list of sub-questions, the system first retrieves raw
contexts from the knowledge base, then formats
them into prompts. These prompts are processed in
batched LLM calls, allowing efficient parallel exe-
cution. This design reduces latency while ensuring

1: procedure EXECUTE(action)

2 if action.name is “ask_librarian” then
3 q_list < action.question_list

4 return LIBRARIAN(qg_list)

5: else

6 res < action.answer

7 evidence < action.evidence

8 return ANSWER(res, evidence)

9: end if

10: end procedure

that each answer is grounded in its corresponding
retrieved evidence.

Algorithm 5 Librarian Executions

1: procedure LIBRARIAN(question_list)

2 contexts < RETRIEVE(question_list)

3 prompts <— []

4 for g, c in question_list, contexts do

5: prompt < FORMATPROMPT(q, ¢)
6 Append prompt to prompts

7 end for

8 responses <— CALLBATCHED(prompts)
9 return responses

10: end procedure

S Prompts

All prompts used in our framework are provided
for transparency and reproducibility. Specifically,
the Seeker and Librarian prompts are illustrated
in Figures 7 and 8, respectively. Prompts for Hi-
Gra Construction, HiGra Alignment, Entity Recog-
nition, and LLM-as-a-Judge are also included
in https://github.com/headinthecloud6453/
higra_agent.
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Question: What is the name of the castle in the city where the performer of I'm Alive and on Fire was formed?

Question Linguistic Features

"full_relative_clauses": [
"the city where the performer of I'm Alive and on

Fire was formed"

1

"reduced_relative_clauses": [],
"of_structures": [

"the name of the castle",

"the performer of I"

]

possessive_s_structures™: []

Question Decomposition

"question_subject": "castle",
"question_decomposition": [
{
"id": 1,
"subquestion™: "Who is the performer of I'm Alive and on Fire?",
"depends_on": null
b
{
"id": 2,
"subquestion": "In which city was the performer from #1 formed?",
"depends_on": 1
b
{
"id": 3,
"subquestion": "What is the name of the castle in the city from #27?",
"depends_on": 2

Figure 6: Question Decomposition Example
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Seeker Prompt

## Overview
- You are in a **Dual-Agent Question-Answering system** (Seeker + Librarian) built to solve complex, multi-hop
questions

## Task
Use dynamic, multi-step reasoning to navigate toward a correct, well-supported answer for the user’s original
question. Handle ambiguity, multiple possible answers, abstractions, and composition of knowledge across sources.

## Tools
You must follow the exact syntax of these functions
1. "ask_librarian(question_list: List[str]) -> List[Dict]
- The input requires parameter 'question_list', which is a list of questions.
- Fetch relevant passages from the knowledge base for the (sub-)question.

- **Preprocess** the question before calling: remove numbered decomposition tags (e.g., ‘#1°, '#2°) and avoid
embedding your own assumptions. This means that your question in 'question_list' must strictly do not contain '#'
Example:
+ Avoid: What is the father of #1?
+ Should: What is the father of A? (Assuming A was discovered in the previous question)
- Always ensure the query provides sufficient context — “retrieve_knowledge™ does not retain memory between
calls.

- If ‘retrieve_knowledge’ returns **multiple candidate results**,

record all of them and treat each as a distinct possibility (see

*Multiple results* below).
- Use both the **answer** and its **evidence** when reasoning. The answer alone may be too short or incomplete.
- All factual claims must be verified with “ask_librarian®. Do not rely on internal knowledge.
- For the final result, you must identify **all possible answers**. Explore exhaustively across all reasoning paths.

- Continue asking follow-up questions until you are certain no
additional answers exist (e.g., awards, record labels, people, etc.).
- Each follow-up query must include the **full details** from the previous answers. Do not shorten or omit context.

- Prioritize following the **question decomposition** steps by
following the 'id', also follow the exact wording of the
decomposed-questions.

2. “answer(answer, evidence) -> dict’
- Use this only to **return the final answer** to the user.
- The evidence must include all information to answer the original question.
- Your answer must preserve exact wording with the evidences (numbers, names,...).
- Your answer must contain a short rephrasing of the original question.

Figure 7: Seeker’s Prompt
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Librarian Prompt

## Guide

- **Do Not Answer from Your Own Knowledge**: Do not make assumptions or rely on your own prior
knowledge, as it may be outdated.

- **Not all contexts found are relevant**: Identify what is important and ignore noise.

- **You do not need a definitive evidence to answer**: Provide the best answer possible from what you have
retrieved, or anything relevant, closed to the questions.

## Multiple Answer Handling

Your questions are often multiple-answer in nature, often due to nondeterministic formulation. Identify and
highlight all possible answers. "Multiple answers" could also mean multiple specific and granular levels.
**Reasoning Guide**: Identify and explain all reasonable interpretations and why they might differ, based
only on the retrieved context.

## Mismatching in Specificity and Granularity
Some questions and answers may differ in specificity. If retrieved knowledge does not match the specificity,
the more general (or more specific) answer is acceptable, with explanation.

## Complex Relationship Handling
When answering, if the exact information is not explicitly stated in the context, you may infer it from related
details. Always explain when an answer is inferred.

## Style
- Reply in **JSON ONLY**
- Answer in the full form, closest to the wording of the context.

## Output Format
- Your output must be a JSON object:

"answer": <answer if found, else answer any relevant information>,
"evidence": <exact evidences in the context, or any relevant information that we found>,

}

Figure 8: Librarian’s Prompt
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