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Abstract

Graph-based RAG (GraphRAG) leverages en-
tity—relation graphs to support multi-hop rea-
soning, but most systems still rely on static
retrieval. When crucial evidence, especially
bridge documents that connect disjoint entities,
is absent, reasoning collapses and hallucina-
tions persist. Iterative retrieval, which performs
multiple rounds of evidence selection, has
emerged as a promising alternative, yet its role
within GraphRAG remains poorly understood.
We present the first systematic study of iterative
retrieval in GraphRAG by analyzing how differ-
ent strategies interact with graph-based back-
bones and investigating when they are effective.
Our findings reveal both opportunities and pit-
falls which together highlight a central bottle-
neck, namely that GraphRAG’s effectiveness
depends not only on recall but also on whether
bridge evidence is consistently promoted into
leading positions where it can support reason-
ing chains. To address this limitation, we pro-
pose Bridge-Guided Dual-Thought-based Re-
trieval (BDTR), a simple yet effective frame-
work that generates complementary thoughts
and leverages reasoning chains to recalibrate
rankings and bring bridge evidence into lead-
ing positions. BDTR achieves consistent im-
provements across diverse GraphRAG settings
and provides guidance for the design of future
GraphRAG systems. Our code is available at
https://github.com/KaiGuo20/BDTR.

1 Introduction

In recent years, retrieval-augmented generation
(RAG) has become a core paradigm for enhanc-
ing large language models (LLMs) on knowledge-
intensive question answering (Xia et al., 2025;
Lewis et al., 2020; Gao et al., 2023; Fan et al.,
2024). By grounding generation in external ev-
idence, RAG is able to effectively mitigate hal-
lucination (Ayala and Béchard, 2024; Niu et al.,
2024). Despite its tremendous success, standard

RAG systems often struggle with multi-hop reason-
ing, where multiple pieces of evidence are required
to be linked across retrieval and inference (Tang
and Yang, 2024; Saleh et al., 2024; Han et al.,
2026).

To address this challenge, graph-based retrieval-
augmented generation (GraphRAG) has emerged
as a promising extension (Edge et al., 2024; Han
et al., 2024; He et al., 2024; Wu et al., 2025; Jiang
et al., 2024). By integrating entity—relation knowl-
edge graphs into the retrieval pipeline, GraphRAG
supports structured reasoning over multi-hop paths
and has achieved strong performance on multi-
hop QA tasks (Zou et al., 2025; Jimenez Gutier-
rez et al., 2024; Gutiérrez et al., 2025; Mavroma-
tis and Karypis, 2025). However, most existing
GraphRAG systems rely on single-shot static re-
trieval. If crucial evidence is absent from the se-
lected candidates, the reasoning process collapses,
and hallucinations persist (Luo et al., 2025; Guo
et al., 2025).

Meanwhile, iterative retrieval has gained grow-
ing attention in the broader RAG literature (Trivedi
et al., 2023; Jiang et al., 2025; Lee et al., 2025).
Instead of committing to one retrieval step, iter-
ative methods allow models to perform multiple
retrieval rounds during reasoning, progressively re-
fining or expanding the evidence set (Shao et al.,
2023). This dynamic process can improve cov-
erage, reduce hallucination, and has shown bene-
fits in chain-of-thought and self-ask style frame-
works (Trivedi et al., 2023). Recent systems
such as GFM-RAG (Luo et al., 2026) and Hip-
poRAG (Jimenez Gutierrez et al., 2024) include cer-
tain explorations using iterative retrieval. However,
their analyses remain unsystematic, leaving open
a fundamental question: Can iterative retrieval
reliably improve GraphRAG, and under what con-
ditions is it effective?

In this work, we present the first comprehensive
study of iterative retrieval in GraphRAG. We inte-
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grate various representative GraphRAG backbones
with iterative retrieval strategies and evaluate them
systematically across multi-hop QA benchmarks.
Our analysis uncovers both opportunities and pit-
falls:

e Opportunities. (1) Iterative retrieval sub-
stantially improves complex multi-hop ques-
tions, especially those requiring bridge docu-
ments—intermediate facts that connect otherwise
disjoint entities. (2) Different iterative strategies
exhibit complementary strengths, indicating po-
tential for combination. (3) Iteration can act as an
implicit re-ranking mechanism: by repeatedly up-
dating scores, gold documents are progressively
promoted into the leading positions, which leads
to a sharp improvement in recall in the top ranks.

« Pitfalls. (1) Simply expanding the number of re-
trieved documents is not always beneficial: while
recall may increase, the additional noise often
dilutes precision and undermines QA accuracy.
(2) For single-hop or simple comparison ques-
tions, iterative retrieval offers little to no bene-
fit, and may even harm performance. (3) Even
when gold bridge documents are retrieved, many
remain buried beyond the leading positions, mak-
ing them effectively unusable for reasoning.

Together, these findings highlight a central bot-
tleneck: GraphRAG’s success depends not only
on overall recall coverage, but on whether bridge-
bearing evidence is consistently promoted into the
leading positions where it can be used to complete
reasoning chains. This perspective explains our
observations: performance improves significantly
on bridge-type questions once the required inter-
mediate evidence is made available in the leading
ranks.

Building on this insight, we propose Bridge-
Guided Dual-Thought-based Retrieval (BDTR), a
simple yet effective iterative framework that explic-
itly targets this bottleneck. BDTR generates dual
thoughts at each reasoning step to broaden cov-
erage with complementary retrieval prompt, and
leverages reasoning chains to recalibrate rankings
and promote bridge evidence into the leading po-
sitions. This design consistently improves multi-
hop QA across diverse GraphRAG backbones and
datasets, offering practical guidance for future
GraphRAG systems.

2 Related Work

Due to space limitations, this section provides only
a brief summary of related work. A more compre-
hensive version is presented in the Appendix A.1.

GraphRAG. GraphRAG improves multi-hop
QA by grounding reasoning in structured graphs.
Existing methods integrate graph structure in differ-
ent ways, including personalized PageRank (Hip-
poRAG?2 (Gutiérrez et al., 2025)), hierarchical sum-
marization (RAPTOR (Sarthi et al., 2024)), graph
neural networks (GFM-RAG (Luo et al., 2026)),
and community detection (MS-GraphRAG (Edge
et al., 2024)).

Iterative Retrieval. Iterative retrieval improves
RAG through multi-round retrieval and reasoning.
Representative methods include IRCOT (Trivedi
et al., 2023), IRGS (Shao et al., 2023), TOG (Sun
et al., 2024), and GCOT (Jin et al., 2024). While
these methods have shown strong benefits in stan-
dard RAG, iterative retrieval remains underex-
plored in GraphRAG, where current systems only
use it in a limited manner.

3 Preliminary Studies

To probe the effectiveness of iterative retrieval in
GraphRAG, we begin by asking a question: does
iterative retrieval always improve performance, es-
pecially on multi-hop questions where GraphRAG
is expected to shine? To answer this, we conduct
experiments across multiple datasets to establish
the overall effectiveness. However, rather than stop-
ping at the observation that iterative retrieval works,
we seek to unpack the underlying mechanisms.
Specifically, we investigate: (i) Which question
types benefit most, and which do not? (ii) From a
retrieval perspective, how does recall explain these
improvements? (iii) How many rounds are neces-
sary before the benefits saturate? (iv) Do different
iterative strategies exhibit distinct behaviors?

These guiding questions structure our prelim-
inary studies. By addressing them, we not only
validate the effectiveness of iterative retrieval for
GraphRAG, but also develop deeper intuitions that
motivate the principled framework proposed in this
work.

3.1 Experimental Settings

We begin by establishing the experimental setup,
specifying the backbone model, iterative module,
and evaluation datasets, so that subsequent analyses
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Figure 1: EM Comparison on Multi-hop QA Datasets.
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Figure 2: EM Comparison by Question Type with the RAPTOR Backbone.

can be interpreted under a consistent framework.
Specifically, we adopt HippoRAG2, RAPTOR, and
Microsoft’s GraphRAG (MS-GraphRAG) as back-
bone models, and integrate the iterative method
IRCOT (Trivedi et al., 2023). Experiments are
carried out on three widely used multi-hop QA
datasets: HotpotQA, 2WikiMultiHopQA (abbre-
viated as 2Wiki), and MuSiQue. Following prior
work (Gutiérrez et al., 2025), we use Exact Match
(EM) and F1 as the evaluation metrics. This setup
allows us to isolate the effect of iterative retrieval
while controlling for other modeling factors.

3.2 Overall Effectiveness

We first verify whether iterative retrieval yields
consistent gains in overall accuracy across datasets,
providing a high-level validation of its effectiveness
before delving into finer-grained analyses. Figure 1
shows that incorporating IRCOT consistently im-
proves the EM performance of HippoRAG2, RAP-
TOR, and MS-GraphRAG across all three datasets.
The corresponding F1 results are presented in Fig-
ure 17 in the Appendix. These results confirm
that iterative retrieval is particularly valuable in
settings that demand complex reasoning chains, as
additional retrieval rounds help surface supporting
evidence that static retrieval often overlooks. This

suggests that the current design of GraphRAG un-
derutilizes its potential: while the graph structure
provides a powerful foundation, its effectiveness
is limited by the quality of retrieved evidence for
multi-hop QA.

3.3 Question-Type Analysis

Beyond overall performance, it is crucial to iden-
tify which types of questions benefit most from
iterative retrieval, since multi-hop reasoning de-
mands vary across query categories. We therefore
break down the results by question type to reveal
when iterative retrieval is most beneficial. Hot-
potQA includes two types of questions: Bridge
and Comparison. 2WikiMultiHopQA contains four
types: Bridge+Comparison, Comparison, Compo-
sitional, and Inference. MuSiQue includes three
types: 2-hop, 3-hop and 4-hop. Due to space limi-
tations, we report the results for HippoRAG2 and
MS-GraphRAG in Figures 19 and 20 in the Ap-
pendix.

From Figure 2, a clear pattern emerges: itera-
tive retrieval yields the greatest benefit on Bridge
and other multi-hop questions that require linking
disparate pieces of evidence. These questions re-
quire identifying intermediate bridge entities that
are rarely stated explicitly in the query, making
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Retrieval Recall@K comparison on HippoRAG?2. (c) Retrieval Recall @K comparison on RAPTOR.

them particularly challenging for static retrieval.
An illustrative example is provided in Figure 8 in
the Appendix. In contrast, iterative retrieval offers
little to no improvement on simple Comparison
questions, and can even lead to slight performance
drops due to over-retrieval and noise accumulation.

3.4 Understanding Improvements through
Recall

The analysis of question types in Section 3.3 shows
that iterative retrieval yields the largest gains on
Bridge-style questions, which require identifying
intermediate entities to connect disjoint evidence.
This observation highlights a core challenge in
GraphRAG: whether bridge-bearing documents
can be ranked early enough to be effectively used
for reasoning.

To better understand this issue, we analyze re-
trieval behavior through Recall@K. While high
recall at large K indicates good coverage, coverage
alone is insufficient for multi-hop QA. In practice,
models operate under limited context budgets and
primarily rely on top-ranked documents. Increas-
ing K improves coverage but also introduces noise
and can degrade performance, as shown in Fig-
ure 3a.

Iterative retrieval improves retrieval accuracy by
progressively refining the query through interac-
tion, thereby increasing the likelihood that rele-
vant evidence is surfaced earlier. As shown in
Figure 3b, HippoRAG?2 already achieves high cov-
erage at large K (Recall@100 ~ 0.95), and it-
erative retrieval further improves recall at small
K (e.g., Recall@5 and Recall @10), which aligns
with the observed gains on bridge-type questions.
However, this improvement remains limited. As
illustrated in Figure 3c, even when most gold doc-
uments—including bridge documents—can even-

tually be retrieved, many still fail to appear in the
leading positions, particularly for RAPTOR.

Taken together, these results clarify the central
message of this work: the primary bottleneck in
GraphRAG is not insufficient coverage or recall
at large K, but the difficulty of reliably ranking
important evidence within the leading positions
under a constrained retrieval budget.

3.5 Complementarity of Iterative Methods

Another question is whether different iterative
strategies capture distinct aspects of the evidence
space. In that case, combining them could extend
coverage and improve robustness. To investigate
this, we compare two representative strategies: IR-
COT (Trivedi et al., 2023) and GCOT (Jin et al.,
2024).

As illustrated
in Figure 4, each
method  succeeds
on a different
subset of ques-
tions,  indicating
that they uncover
complementary
evidence. This
complementarity
suggests that no
single iterative
method is univer-
sally optimal. Instead, combining strategies—or
adaptively selecting among them depending on
the query—has the potential to achieve broader
coverage and more reliable performance than
any individual approach. The corresponding EM
comparison and the complementarity analysis
between IRGS and IRCOT are presented in the
Figure 18 in the Appendix. In addition, we

Musique - F1 (GCOT vs IRCOT)

GCOT Correct

IRCOT Wrong

GCOT Correct

IRCOT Wrong

Figure 4: Complementary
Study.

43252



Graph
Fast thought  getrieval

0
g Fast thought Ri::::al 09
b P ) Vi
/2 B B
0,
l Dual-Thought-based =
A Retrieval (DTR) N o D —
B = —>[5 -

Initial

Bridge-Guided
Graph Retrieval

" Evidence
Y mh  Calibration (BGEC)
s B

Graph
Slow thought Retrieval

Slow thought _Graph
Retrieval

Reasoning Chain

Ly

the 2nd iteration

the 1st iteration

Figure 5: An illustration of our framework BDTR,
shown with two iterations as an example. In each rea-
soning step, the model generates two thoughts to drive
retrieval and constructs a reasoning chain that encodes
intermediate bridge cues. The retrieved documents from
the two thoughts provide diverse and complementary
evidence, while the bridge-guided calibration module
adjusts their ranking to ensure that critical bridge facts
appear in leading position for reasoning.

explore the effect of iteration rounds. Due to
space limitations, the details are provided in
Appendix A.S.

Finally, we summarize our observations,
with a more detailed discussion provided in Ap-
pendix A.2 due to space limitations.

4 Method

Based on our analysis, we design a new method
guided by two key insights: (1) Opportu-
nity: Different iterative methods exhibit com-
plementary strengths. (2) Pitfall: While gold
documents—particularly those containing bridge
facts—can be retrieved, not all are ranked in the
leading positions necessary for effective reasoning.

These insights motivate two core components:
Dual-Thought-based Retrieval (DTR) and Bridge-
Guided Evidence Calibration (BGEC). First, in-
stead of relying on a single reasoning path, each
step produces two thoughts with complementary.
This design broadens coverage by combining dis-
tinct retrieval signals, ensuring that more gold evi-
dence is captured. Second, we introduce a bridge-
aware reranking mechanism that uses cues from the
evolving reasoning chain to elevate bridge-bearing
documents into the top ranks, where they can be
effectively used. Together, these components im-
prove both coverage and ranking quality, address-
ing the main bottlenecks identified in our prelimi-
nary analysis.

An overview of our framework, Bridge-
Guided Dual-Thought-based Retrieval (BDTR),

is shown in Figure 5. BDTR consists of two func-
tional modules: Dual-Thought-based Retrieval
(DTR) expands coverage by generating two re-
trieval signals per step, capturing evidence that a
single strategy might miss. Bridge-Guided Ev-
idence Calibration (BGEC) improves usability
by promoting documents likely to contain bridge
facts into the top ranks. These two modules operate
jointly, first expanding evidence coverage and then
filtering to prioritize the most relevant evidence.

4.1 Dual-Thought-based Retrieval (DTR)

Our analysis indicates that different iterative strate-
gies capture complementary evidence. To exploit
this property, each reasoning step generates two
thoughts: one biased toward direct-answering pas-
sages and the other toward bridge-seeking relations.
Each thought is issued as an independent query to
the backbone graph retriever.

Initialization. Let ) denote the original ques-
tion, fe; the backbone graph retriever, and d € D
a candidate document from the corpus D. In the
first round, the retriever is applied to () to obtain an
initial set of documents Dy = ft(Q), where each
document d € Dy is associated with a retrieval
score $(d | Q). These scores are produced by
GraphRAG backbones; and we take HippoRAG?2
as a representative example and describe its scor-
ing mechanism in Appendix A.13. The retrieved
documents and their scores together form the initial
candidate pool F.

Iterative dual-thought retrieval. At iteration
t > 1, two complementary thoughts are generated,
each conditioned on the retrieved pool from the
previous step, with Py used for the first iteration
and P;_; for subsequent ones. We denote them
by ¢fT and ¢PT. Specifically, ¢f'T corresponds to
the fast thought (FT), whereas thT corresponds to
the slow thought (ST), as illustrated in Figure 14
in the Appendix. FT generates a focused query to
find the next missing node in the reasoning chain,
guiding the model to extend the path step by step
rather than merely rephrasing the question. ST
constructs a complete thought through graph-style
neighborhood expansion. These thoughts are pro-
duced using distinct prompts to capture comple-
mentary facts, and are independently submitted to
the retriever, yielding two sets of documents:

DET = fret<qu)a DtST = fret(QtST)~ (1)
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Pool update and sorting. The candidate pool is
expanded as

P,=P_,UDTU DT, (2)

and the score of each document is updated by

si(d)  max(si-i(d), 5(d | g)5(d | 7)),

Vd € P,.

3)
where s;(d) is the updated score of document d at
iteration ¢ and §(d | ¢) is the score assigned by the
retriever to document d given query ¢q. By taking
the maximum in (3), each document is able to pre-
serve its highest score. Afterward, all documents in
P, are re-sorted according to the updated scores.

In practice, combining the two trajectories en-
larges the evidence frontier across iterations. By
repeating this process, DTR improves the likeli-
hood that gold documents are covered and retained
with strong scores, paving the way for subsequent
ranking calibration.

4.2 Bridge-Guided Evidence Calibration
(BGEC)

Answering complex questions typically relies on
bridge documents that provide the necessary con-
nections between facts. However, such evidence is
hard to surface, as it may not be explicitly reflected
in the query. Furthermore, even if it is retrieved,
it often appears far down in the ranking where it
cannot be used. Without these bridge documents,
the reasoning chain breaks, making it impossible to
answer the question even if other supporting facts
are present. This motivates a bridge-guided cali-
bration step that explicitly identifies and promotes
such overlooked documents.

Bridge-aware selection. In the final iteration, be-
sides generating dual thoughts, the model also pro-
duces a reasoning chain (RC) that encodes poten-
tial bridging cues, as illustrated in Figure 14. We
denote the pool of candidate documents after the
last iteration as Pr . The pool Pg together with
RC'is sent to an LLM verifier. The verifier does
not assign scores but directly selects documents
that align with the reasoning chain:

G = {d € Pg | Verifier(d, RC) =1}, (4)

where Verifier(d, RC') = 1 indicates that the doc-
ument d is judged to support RC. The concrete

prompt of verifier is shown in Figure 9 in Appendix.
The selected documents G are then promoted to
the top of Pg, ensuring that bridge-supporting evi-
dence is made accessible to reasoning.

Final selection. After calibration, we further fil-
ter the pool to produce a compact and reliable con-
text for QA. Let i and o be the mean and standard
deviation of their scores. We define the final set as

Dfinat = {d € Pr| s(d) > p+o},  (5)

with the safeguard that at least 5 documents are
always retained. This criterion guarantees that
enough strong evidence remains to support the rea-
soning chain.

4.3 Routing Mechanism

Our method is mainly designed to address the
bridge-evidence issue, and is therefore particularly
beneficial for bridge-type questions. At the same
time, since BDTR introduces two thought paths
together with an additional verifier, it incurs higher
token cost than standard iterative retrieval. To bet-
ter balance effectiveness and efficiency, we adopt a
lightweight routing strategy. Specifically, a model
(e.g., GPT-40-mini) first predicts whether a ques-
tion is bridge-type. If so, the full BDTR procedure
is applied; otherwise, only a single iteration is exe-
cuted. This design allows us to concentrate the full
reasoning budget on questions that are more likely
to benefit from bridge-aware retrieval, while re-
ducing unnecessary token overhead on other cases.
The routing prompt is provided in Figure 16 in the
Appendix, and the token cost analysis is reported
in Appendix A.7. The algorithm description of our
BDTR is shown in Appendix A.3.

4.4 Discussion: Graph-Guided Reasoning in
BDTR

Although BDTR is expressed in natural language,
its reasoning process is not free-form. Instead, it is
grounded in the structured retrieval space induced
by the GraphRAG framework, where the query and
retrieved passages form an implicit local entity—
relation graph. Within this space, we adopt a graph-
guided reasoning process: RC enforces an explicit
multi-hop entity—relation chain, FT targets the next
missing node or fact along the current path, and
ST justifies the necessity of a bridge entity and its
connection to the answer. Therefore, while BDTR
does not directly manipulate an explicit graph struc-
ture during generation, it still leverages structure to
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Method HotpotQA 2Wiki MuSiQue
RAPTOR

Original 0.563 0.511 0.296
IRCOT 0.580 0.599 0.355
GCOT 0.588 0.586 0.358
TOG 0.560 0.535 0.297
IRGS 0.581 0.592 0.352
Our 0.602 0.661 0.390
GFM-RAG

Original 0.546 0.672 0.279
IRCOT 0.562 0.697 0.320
GCOT 0.556 0.690 0.329
TOG 0.558 0.697 0.321
IRGS 0.560 0.693 0.307
Our 0.587 0.728 0.369
MS-GraphRAG

Original 0.552 0.506 0.276
IRCOT 0.581 0.645 0.362
GCOT 0.560 0.652 0.349
TOG 0.561 0.541 0.303
IRGS 0.566 0.580 0.324
Our 0.596 0.661 0.379
HippoRAG2

Original 0.581 0.607 0.355
IRCOT 0.595 0.668 0.403
GCOT 0.597 0.662 0.410
TOG 0.590 0.630 0.374
IRGS 0.593 0.652 0.404
Our 0.608 0.679 0.422
Ave. Improvement 2.90% 4.32% 7.18%

Table 1: EM performance across multi-hop QA datasets.
Highlighted are the results ranked first and second
across all backbones. Within each backbone, the best
and second-best results are indicated by boldface and
underline, respectively.

guide relational path exploration, bridge validation,
and evidence refinement.

5 Experiments

In our experiments, we aim to answer the follow-
ing research questions: RQ1: How effective is
the proposed BDTR framework when applied to
state-of-the-art GraphRAG backbones for multi-
hop QA? RQ2: How does BDTR compare with
other iterative retrieval approaches? RQ3: What
is the impact of the two core modules, DTR and
BGEC, on overall performance?

5.1 Experimental Settings

Datasets. We evaluate on three multi-hop
QA datasets—HotpotQA (Yang et al., 2018),
2WikiMultiHopQA, and MuSiQue (Trivedi et al.,
2022)—sampling 1,000 queries from each follow-
ing HippoRAG (Jimenez Gutierrez et al., 2024).
To assess performance in the single-hop set-
ting, we additionally sample 1,000 queries from
PopQA (Mallen et al., 2023) using the same De-
cember 2021 Wikipedia corpus; results are reported
in Appendix A.8.

GraphRAG Backbones. We integrate our
method with four representative GraphRAG vari-
ants: HippoRAG?2 (Gutiérrez et al., 2025), RAP-
TOR (Sarthi et al., 2024), GFM-RAG (Luo et al.,
2026), and MS-GraphRAG (Edge et al., 2024).

Iterative Baselines. We compare against IR-
COT (Trivedi et al., 2023), IRGS (Shao et al.,
2023), TOG (Sun et al., 2024), and GCOT (Jin
et al., 2024). Prompt templates are shown in
figs. 10 to 13.

Implementation and Metrics. All methods use
GPT-40-mini for iterative reasoning, verification,
and answer generation. We report EM and F1, and
set the number of iterations to 2 for all experiments.
Due to space limitations, we present the detailed
experimental settings in Appendix A.4.

5.2 Main Results

In this section, we evaluate the performance
of our proposed BDTR framework with various
GraphRAG backbones and compare it against iter-
ative retrieval baselines.

RQ1: QA Performance Comparison. We ap-
ply BDTR to different GraphRAG variants, includ-
ing HippoRAG2, RAPTOR, GFM-RAG, and MS-
GraphRAG. The results in Table 1 show that BDTR
consistently improves performance across all back-
bones. Due to space limitations, the detailed re-
sults, particularly the F1 scores, are reported in
Table 16 in the Appendix. On average, our method
achieves an improvement of 11.8% in EM over
HippoRAG2, 22.7% in EM over RAPTOR, and
15.93% in EM over GFM-RAG across three multi-
hop QA datasets. These consistent gains demon-
strate that BDTR is broadly effective across differ-
ent retrieval paradigms, reinforcing its adaptability
to diverse reasoning strategies in multi-hop QA.
RQ2: Comparison with other iterative meth-
ods. We further compare BDTR with other state-
of-the-art iterative retrieval strategies, including
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Figure 6: EM comparison on multi-hop QA datasets with different question type using the RAPTOR backbone.

IRCOT, IRGS, TOG, and GCOT. As shown in Ta-
ble 1, BDTR consistently outperforms all baselines
across datasets and backbones. For instance, com-
pared to baselines, our method achieves an aver-
age improvement of 2.90% in EM on HotpotQA.
Against baselines, BDTR improves by 4.32% in
EM on 2WikiMultiHopQA and BDTR improves
by 7.18% in EM on MuSiQue. These results high-
light that BDTR not only inherits the benefits of
iterative retrieval but also addresses its limitations
through bridge-guided calibration, yielding more
robust and reliable improvements.

Methods Recall@2 Recall@5
HippoRAG2 w/ IRCOT  0.8300 0.9725
HippoRAG?2 w/ Our 0.8925 0.9815

Table 2: Retrieval performance on HotpotQA

In addition, we analyze performance across dif-
ferent question types. As shown in Figure 6, with
the RAPTOR backbone, our method achieves the
largest gains on bridge-type questions and consis-
tently improves performance across diverse multi-
hop question types. Moreover, it alleviates the
failure of standard iterative retrieval on compari-
son questions. The corresponding results with the
HippoRAG?2 backbone are reported in Figure 21 in
the Appendix. Furthermore, we report the retrieval
performance on HotpotQA in Table 2, while the
results on 2WikiMultiHopQA and MuSiQue are
provided in Tables 4 and 5 in the Appendix. The
results show that our method achieves higher Re-
call@?2 and Recall @5, demonstrating its ability to
rank gold documents in the leading positions.

Remark. We postpone more results in Appendix
as follows. The efficiency analysis is provided in
Appendix A.7. Results on the single-hop dataset
are reported in Appendix A.8. We additionally con-

duct experiments on a broader range of datasets,
with results reported in Appendix A.9. To fur-
ther validate the effectiveness of our approach, we
additionally evaluate it using stronger models, in-
cluding DeepSeek-V3.1 and GPT-5.2, beyond the
GPT-40-mini model. The corresponding results are
presented in Appendix A.11. Moreover, we pro-
vide a deeper analysis of the differences between
GraphRAG and standard RAG in Appendix A.12.
We also present a case study in Figure 15. In addi-
tion, we report a sensitivity analysis of the y + o
threshold in Appendix A.14 and an analysis of the
verifier’s precision and recall in Appendix A.15.

5.3 Ablation Study

Methods EM F1

RAPTOR 0.296 0418
RAPTOR w/ DTR 0.361 0.485
RAPTOR w/ BGEC 0.384 0.516
RAPTOR w/ BDTR 0.390 0.530

Table 3: Ablation Study.

To understand the contribution of each com-
ponent and address RQ3, we conduct an abla-
tion study on the two core modules of BDTR:
Dual-Thought-based Retrieval (DTR) and Bridge-
Guided Evidence Calibration (BGEC). The results
are summarized in Table 3, showing that all com-
ponents contribute to the overall performance, with
detailed analyses provided in the Appendix A.6.

6 Conclusion

In this work, we presented the first systematic
study of iterative retrieval in GraphRAG. Our anal-
ysis shows that iteration can promote bridge ev-
idence and improve multi-hop reasoning, but it
still leaves some gold documents buried too deep
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to be effectively used. To overcome this bottle-
neck, we proposed Bridge-Guided Dual-Thought-
based Retrieval (BDTR), which consistently im-
proves performance and provides guidance for fu-
ture GraphRAG systems.

Limitations

While our method demonstrates strong perfor-
mance across multiple benchmarks, several lim-
itations remain. First, our approach relies on the
quality of the underlying retrieval and reasoning
backbone; errors in earlier stages may affect down-
stream performance. Second, how large language
models internally utilize intermediate reasoning
signals during iterative retrieval is still not fully
understood. Moreover, our evaluation focuses on
benchmark datasets, and assessing robustness un-
der noisy or dynamically evolving corpora is an
important direction for future research.
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A Appendix

A.1 Related work

GraphRAG. Graph-based retrieval-augmented
generation (GraphRAG) has emerged as a promis-
ing paradigm for improving large language mod-
els on multi-hop question answering by grounding
reasoning in structured entity—relation graphs. A
variety of methods have been proposed to integrate
graph structure into retrieval. HippoRAG2 (Gutiér-
rez et al., 2025) adopts personalized PageRank
(PPR) to expand retrieval around entity mentions
and uncover distant yet relevant nodes. RAP-
TOR (Sarthi et al., 2024) introduces a tree-based
hierarchical organization that recursively summa-
rizes evidence at different levels, balancing ef-
ficiency with global context coverage. GFM-
RAG (Luo et al., 2026) leverages graph neural
networks (GNNs) to encode structural dependen-
cies and propagate information across neighbors,
thereby capturing higher-order relations that are
crucial for multi-hop reasoning. Meanwhile, MS-
GraphRAG (Edge et al., 2024) applies community
detection to partition large knowledge graphs into
semantically coherent clusters, reducing noise and
emphasizing connections among related entities.
Iterative Retrieval. Iterative retrieval has been
widely explored as a means to enhance RAG by
dynamically refining the evidence set in multiple
rounds of reasoning and retrieval. IRCOT (Trivedi
et al., 2023) interleaves retrieval with chain-of-
thought reasoning, allowing the model to iteratively
issue new queries guided by intermediate reason-
ing steps. IRGS (Shao et al., 2023) emphasizes the
synergy between retrieval and generation, where
iterative refinement of both components leads to
stronger evidence grounding. TOG (Sun et al.,
2024) extends iterative retrieval to the graph set-
ting, enabling LLMs to progressively navigate and
reason over knowledge graphs. GCOT (Jin et al.,
2024) integrates graph structures into the chain-
of-thought process, combining step-by-step rea-
soning with structured retrieval to capture multi-
hop dependencies more effectively. Collectively,
these approaches demonstrate the importance of
iterative retrieval as a general strategy to mitigate
missing evidence and strengthen multi-step rea-
soning in complex QA tasks. Recent systems

such as GFM-RAG (Luo et al., 2026) and Hip-
poRAG (Jimenez Gutierrez et al., 2024) incorpo-
rate only limited use of iterative retrieval. Never-
theless, how iterative retrieval strategies function
within the GraphRAG framework remains largely
unexplored.

A.2 Summary of Observations

Our preliminary studies reveal both the opportu-
nities and the challenges of applying iterative re-
trieval in GraphRAG.

Opportunities. 1) Iterative retrieval consistently
enhances performance on complex multi-hop ques-
tions, particularly Bridge-type questions that re-
quire identifying implicit intermediate entities. 2)
The performance gains can be attributed to the
reranking effect of iterative retrieval, which im-
proves recall at small cutoffs (e.g., Recall@5, Re-
call@10) and thereby increases the likelihood that
critical facts are utilized in reasoning. 3) Differ-
ent iterative strategies (e.g., IRCOT vs. GCOT)
demonstrate complementary strengths, suggesting
that combining or adaptively selecting among them
could further improve coverage and robustness.

Pitfalls. 1) Iterative retrieval offers little to no
benefit on simple Comparison questions, and in
some cases even reduces performance due to over-
thinking. 2) Increasing the number of rounds be-
yond two generally leads to diminishing returns, re-
flecting an efficiency—effectiveness trade-off where
additional complexity brings little incremental ben-
efit. 3) Although most gold documents—including
bridge documents—can be retrieved, many fail to
appear within the leading positions, thereby limit-
ing their practical usefulness for reasoning.

A.3 Algorithm

The overall process of Bridge-Guided Dual-
Thought-based Retrieval (BDTR) is summarized
in Algorithm 1. It integrates the two key compo-
nents introduced above: Dual-Thought-based Re-
trieval (DTR) for coverage expansion and Bridge-
Guided Evidence Calibration (BGEC) for ranking
calibration. In particular, Lines 4-8 correspond to
DTR, where dual thoughts generate complementary
retrieval signals and their results are merged into
a shared pool. Lines 9-13 correspond to BGEC,
where bridge-supporting documents are identified
via the reasoning chain and re-ranked, followed by
statistical filtering to form the final evidence set.
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Algorithm 1: BDTR: Bridge-Guided Dual-
Thought-based Retrieval
Input: question (), backbone retriever fre,
number of iterations R
Output: final document set Dy

// Predict

1: y < Router(Q) ;
bridge-type or not

if y = 0 then

2: R+ 1; // Single iteration
for non-bridge questions

: Py« fret(@); // Initial retrieval

fort =1to Rdo

4: Generate two complementary queries

FT _ST.
9 > 4q;

S DzI:T — fret(QFT)Q

6: DgT «— fret(thT);

7: P, + P,_1 U DfTu D?T;

8: Update scores and resort: s;(d)
max(s;-1(d), 3(d | ¢;"), 8(d | ¢7))
ford € P;;

W

9: Generate reasoning chain RC from final
pool Pg;

10: G < {d € Pg | Verifier(d, RC) = 1};

; // Bridge docs selected by LLM

11: Promote G to the top of Pg;

12: Compute p, o from top-30 scores in Pg;

13: Dﬁna] — {d € PR ’ S(d) > /L—i-o‘},
ensuring | Dfna| > 5;

return Dy;,q/;

A.4 Experimental Settings

Datasets. We evaluate our approach on three
widely used multi-hop QA benchmarks: Hot-
potQA (Yang et al., 2018), 2WikiMultiHopQA,
and MuSiQue (Trivedi et al., 2022). Following
HippoRAG (Jimenez Gutierrez et al., 2024), we
randomly sample 1,000 queries from each dataset.
Since all of these benchmarks require reasoning
across multiple evidence documents, they pro-
vide an appropriate setting for assessing the ef-
fectiveness of iterative retrieval strategies. In ad-
dition, we evaluate on a single-hop dataset to
examine the effectiveness of both the baselines
and our method. Specifically, we sample 1,000
queries from PopQA (Mallen et al., 2023), a single-
hop dataset, using the corpus constructed from
the December 2021 Wikipedia dump as in Hip-
poRAG (Jimenez Gutierrez et al., 2024). The corre-
sponding results are reported in the Appendix A.8.

Methods Recall@2 Recall@5
HippoRAG2 w/ IRCOT  0.7935 0.9860
HippoRAG?2 w/ Our 0.8622 0.991

Table 4: Retrieval performance on 2WikiMultiHopQA

Methods Recall@2 Recall@5
HippoRAG2 w/ IRCOT  0.5468 0.7920
HippoRAG?2 w/ Our 0.5571 0.8016

Table 5: Retrieval performance on MuSiQue

GraphRAG Backbones. We integrate our
method with four representative GraphRAG vari-
ants: HippoRAG?2 (Gutiérrez et al., 2025) (PPR-
based), RAPTOR (Sarthi et al., 2024) (tree-based),
GFM-RAG (Luo et al., 2026) (GNN-based), and
MS-GraphRAG (Edge et al., 2024) (community-
based), covering diverse retrieval paradigms.

Iterative Baselines. We compare BDTR against
state-of-the-art iterative methods, including IR-
COT (Trivedi et al., 2023), IRGS (Shao et al.,
2023), TOG (Sun et al., 2024), and GCOT (Jin
et al., 2024), to test whether our bridge-guided
design offers advantages beyond existing strate-
gies. The corresponding prompts are illustrated in
figs. 10 to 13.

Implementation and Evaluation Metrics. For
implementation, we adopt the official codebases
of HippoRAG?2 and GFM-RAG, and reimplement
RAPTOR and MS-GraphRAG within the Hip-
poRAG?2 framework. Across all methods, GPT-
4o-mini is used as the iterative reasoning engine,
the verifier, and the generator for producing an-
swers. We report two widely used metrics: Exact
Match (EM) and F1. EM measures the percentage
of predictions that exactly match the ground-truth
answers, providing a strict indicator of correctness.
F1 measures the token-level overlap between the
predicted and gold answers, offering a softer eval-
uation that captures partial correctness. Together,
EM and F1 provide a balanced view of QA perfor-
mance in terms of both precision and recall. For all
experiments, the number of iteration is set to 2.

A.5 Impact of the Number of Rounds

An important design choice in iterative retrieval is
how many rounds to perform. On the one hand, ad-
ditional rounds may surface evidence that is missed
initially; on the other hand, excessive rounds risk
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Figure 7: Effect of iteration rounds

introducing redundancy or irrelevant documents.
We therefore examine how performance evolves as
the number of rounds increases.

As shown in Figure 7, moving from a single
round to two rounds of IRCOT yields substantial
improvements, demonstrating that two additional
passes is often sufficient to retrieve the missing
bridge evidence. However, extending to three or
more rounds provides only diminishing returns,
suggesting that two iterations achieve the most fa-
vorable cost—benefit balance and nearly reach con-
vergence.

A.6 Ablation Study

Methods EM F1

RAPTOR 0.296 0.418
RAPTOR w/ DTR 0.361 0.485
RAPTOR w/ BGEC 0.384 0.516
RAPTOR w/ BDTR 0.390 0.530

Table 6: Ablation Study.

To understand the contribution of each com-
ponent and address RQ3, we conduct an abla-
tion study on the two core modules of BDTR:
Dual-Thought-based Retrieval (DTR) and Bridge-
Guided Evidence Calibration (BGEC). The results
are summarized in Table 6.

We observe that DTR alone brings a clear perfor-
mance boost, improving EM by 21.9% and F1 by
16.0% on dataset MuSiQue. This demonstrates
the effectiveness of generating complementary
thoughts to enlarge the evidence frontier. BGEC
further enhances performance by recalibrating the
ranking based on the reasoning chain, improving
EM by 29.7% and F1 by 23.6%. When both mod-
ules are combined, BDTR achieves the best results,
with overall gains of 31.7% in EM and 26.5% in

2WikiMulHopQA
IRCOT 0.85h
Our 1.30h
Our w/ parallelization 0.25h

Table 7: Comparison of running time on 2WikiMul-
HopQA with HippoRAG2.

2WikiMulHopQA
IRCOT 3,391,372
Our 5,718,140

Table 8: Comparison of token cost on 2WikiMulHopQA
with HippoRAG2.

F1. These findings validate that both DTR and
BGEC are essential and complementary, jointly
contributing to the strong performance of BDTR.

A.7 Efficiency Analysis

Table 7 reports the retrieval runtime on 2WikiMul-
HopQA in comparison with HippoRAG2.

Compared with IRCOT, our method introduces
dual-thought generation and bridge-based evidence
calibration, which increases the computational bur-
den and leads to a modest rise in latency (1.30h vs.
0.85h). To address this overhead, we optimize the
framework by parallelizing the retrieval pipeline
across different queries. Concretely, each query is
still processed sequentially to preserve reasoning
consistency, but multiple queries are dispatched
concurrently via a thread pool. This design reduces
the latency of LLM calls and graph-based retrieval
1/0, which are the dominant bottlenecks. As a re-
sult, the total running time is reduced from 1.3h
to 0.25h, yielding a 5.2 speedup, while the to-
ken cost is only 1.68x that of IRCOT, as shown in
Table 8.

A.8 Performance on single-hop dataset.

In addition to multi-hop datasets, we also evalu-
ated on a single-hop dataset. The results in Table 9
show that, unlike in the multi-hop setting where
iterative retrieval often yields significant improve-
ments, these methods provide little to no benefit on
single-hop questions. This finding further confirms
our earlier observation that iterative retrieval is par-
ticularly suited for supporting multi-hop reasoning.
On this single-hop dataset, our method achieves
improvement over the baselines.
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Methods EM F1

Original 0.419 0.5603
+IRCOT 0.425 0.5629
+GCOT 0.429 0.5662
+TOG 0.419 0.5615
+IRGS  0.426 0.5617
+Our 0431 0.5725

Table 9: Results on Single-Hop dataset PopQA with
HippoRAG2.

A.9 Results on More Datasets

We conduct additional experiments on the Medi-
cal datasets from GraphRAG-Bench (Xiang et al.,
2026). These datasets cover several task types,
including complex reasoning, contextual summa-
rization, and fact retrieval. We use both LLM-as-
a-judge and ROUGE-L to measure performance,
following the same evaluation metric as the origi-
nal paper. As shown in the Table 10, our method
consistently outperforms IRCOT across all task
categories.

A.10 Prompt Example

In this section, we provide the prompt examples
for iterative methods: our method, IRCOT, ToG,
GCOT, IRGS. They are illustrated in Fig 14, Fig 9,
Fig 10, Fig 11, Fig 12 and Fig 13.

A.11 Results on DeepSeek-V3.1 and GPT-5.2

We conducted additional comparisons using the
DeepSeek-V3.1 and GPT-5.2. The results in Ta-
ble 14 and Table 13 show that our method con-
sistently outperforms the baseline across different
LLMs.

A.12 RAG VS. GraphRAG

We will conduct a deeper analysis of the distinc-
tions between GraphRAG and standard RAG. We
run experiments using embedding-based dense re-
trievers such as NV-Embed-v2. The results in
the Table 11 show that our method also improves
performance in this setting. On HotpotQA, the
dense retriever (NV-Embed-v2 + BDTR) slightly
outperforms GFM-RAG + BDTR, suggesting that
dense embedding—based retrieval is sufficient for
datasets with relatively linear reasoning chains.
However, on 2WikiMultihopQA, GFM-RAG +
BDTR achieves a substantially higher score than
the dense retriever, indicating that graph-based re-

trieval remains highly advantageous for datasets
requiring more complex multi-hop reasoning.

A.13 Retrieval Scoring in GraphRAG
Backbones.

The retrieval scores in our framework are gener-
ated by GraphRAG-style backbones. We take Hip-
poRAG? as a representative example to illustrate
the scoring mechanism. In this framework, the
document relevance score is derived from a single
Personalized PageRank computation.

Specifically, the input query assigns weights
to entity nodes that appear in the most relevant
facts, while passages that are semantically simi-
lar to the query are assigned Dense Passage Re-
trieval (DPR)-based weights. These two compo-
nents jointly define the reset distribution for Per-
sonalized PageRank, which is then propagated over
the entity—passage graph until convergence.

Formally, the weight assigned to an entity e is
defined as

w® = ‘if’ (6)

Ce
where s denotes the fact—query similarity score,
and c, is the number of corpus chunks containing
entity e.

Let w(P) denote the DPR-based weight assigned
to passage p. The reset vector used in Personalized
PageRank is then constructed as

ri = wz@ + wgp), @)
where r; represents the reset probability associated
with node 3.

Given the reset distribution r, Personalized
PageRank produces the final passage relevance
score as

score(p) = PPR,, (8)

where PPR,, denotes the PageRank value of pas-
sage p under the personalized reset distribution.

A.14 Sensitivity Analysis

The use of ;1 + o serves as a simple, distribution-
aware threshold that adapts to the variance of con-
fidence scores within each instance. It does not
introduce additional hyperparameters and is easy to
implement in practice. We chose this rule primarily
because it is simple, stable, and works effectively
without requiring additional tuning.

We conduct sensitivity analysis with alternative
thresholds (e.g., i + 0.50, u + o, u + 1.50). The
results in Table 12 show only minor performance
variation across settings.
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Task IRCOT LLM_ACC Ours LLM_ACC IRCOT ROUGE-L Ours ROUGE-L

Complex Reasoning 0.8389 0.8566 0.3577 0.3600
Contextual Summarize 0.8166 0.8408 0.3569 0.3715
Fact Retrieval 0.8042 0.8342 0.3865 0.3933

Table 10: Comparison of LLM accuracy and ROUGE-L between IRCOT and our method across different task
categories.

Method HotpotQA EM  HotpotQA F1  2WikiMultiHopQA EM  2WikiMultiHopQA F1
NV-Embed-v2 0.590 0.7348 0.528 0.597
NV-Embed-v2+BDTR 0.602 0.7507 0.668 0.764
GFM-RAG+BDTR 0.585 0.7462 0.726 0.805

Table 11: Comparison of different retriever on HotpotQA and 2WikiMultiHopQA.

A.15 Precision and Recall of the LLM verifier

At each step, we provide 25 candidate documents
to the verifier. Table 15 reports the precision and re-
call of the verifier in identifying bridge documents
across datasets, showing consistently high recall
and strong precision. The verifier prompt, includ-
ing the reasoning chain and retrieved candidates, is
shown in Figure 9.
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Method p+0.50 EM) p+0.50 (F1) p+o(@EM) p+oFl) p+ 150 (EM) u+ 150 (F)
Our 0.425 0.5699 0.422 0.5683 0.425 0.5711

Table 12: Sensitivity analysis of different threshold settings.

Method HotpotQA EM  HotpotQA F1  2Wiki EM 2Wiki F1 MuSiQue EM MuSiQue F1
IRCOT 0.562 0.7473 0.571 0.6921 0.391 0.5458
Our method 0.570 0.7515 0.583 0.7083 0.473 0.6373

Table 13: Performance comparison on HotpotQA, 2WikiMultiHopQA, and MuSiQue using GPT-5.2.

Method HotpotQA EM  HotpotQA F1  2Wiki EM  2Wiki F1  MuSiQue EM  MuSiQue F1

IRCOT 0.649 0.7794 0.694 0.782 0.419 0.5451
Ours 0.658 0.7882 0.710 0.796 0.469 0.5831

Table 14: Performance comparison on HotpotQA, 2WikiMultiHopQA (2Wiki), and MuSiQue using DeepSeek-V3.1.

Method HotpotQA (P) HotpotQA (R) 2Wiki (P) 2Wiki (R) MuSiQue (P) MuSiQue (R)
Our verifier 0.8503 0.9345 0.9057 0.8921 0.633 0.6451

Table 15: Precision (P) and Recall (R) of the LLM verifier in identifying bridge documents across different datasets.

Case Study

Question: At what intersection was the former home of the wooden roller coaster
now located at Six Flags Great America in Gurnee, Illinois located?
Gold An- | North Avenue and First Avenue

swer:
Method Retrieved Evidence — Prediction

HippoRAG2 | (Retrieved) Little Dipper: “relocated from Kiddieland Amusement Park.”
w/ IRCOT (Retrieved) Kiddieland Amusement Park: “located at North Avenue and
First Avenue.”

— Correct: North Avenue and First Avenue

HippoRAG?2 | (Retrieved) Little Dipper: “relocated from Kiddieland Amusement Park.”
(Missed) No document mentioning Kiddieland’s intersection (bridge fact
missing).

— Incorrect: Cannot infer the intersection

Figure 8: Case study showing the importance of retrieving bridge facts. With IRCOT (top), the retriever surfaces
Kiddieland’s location, enabling the correct answer. Without it (bottom), the reasoning chain breaks.
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You are a careful reasoning verifier.
Reasoning Chain: {reasoning chain}
Candidate Documents: {listing}
Your task:

* Identify which documents provide direct evidence for one or more critical nodes or bridges
in the reasoning chain (e.g., the key missing fact, entity—relation links, or decisive constraints).

Do not bias toward the current rank. If a lower-ranked document strongly supports a critical
node or a bridging relation, you must include it.

¢ Favor documents that:

explicitly answer the Direct Question node(s),

provide the bridge relation in the Graph Thought,

connect multiple nodes in the chain (multi-node coverage),

resolve ambiguities or disambiguate entities.

Output strict JSON only with a single key "covered_doc_indices” as a list of 1-based
integers.

Order indices by support/impact strength (strongest first), not by rank.

Example (STRICT JSON): {{"covered_doc_indices":[17,3,25]}}
Return STRICT JSON only. No explanations.

Figure 9: An example prompt of Bridge-based Evidence Calibration of our method.

You serve as an intelligent assistant, adept at facilitating users through complex, multi-hop reason-
ing across multiple documents. This task is illustrated through demonstrations, each consisting of
a document set paired with a relevant question and its multi-hop reasoning thoughts.

Your task: Generate one reasoning thought for the current step.

* Do not generate the entire reasoning chain at once.
* At each step, provide only a single intermediate thought that advances the reasoning.

* If you believe you have reached the final step, begin your response with: "So the answer

n

is:".

Figure 10: An example prompt of IRCOT.

43265



You serve as an intelligent assistant, adept at facilitating users through complex, multi-hop reason-
ing across multiple documents. This task is illustrated through demonstrations, each consisting of
a document set paired with a relevant question and its multi-hop reasoning thoughts.

Your task: Evaluate whether the given information is sufficient to answer the question.

* If the evaluation is positive, start the response with: "So the answer is:".

* Otherwise, explain what additional information would be required.

Figure 11: An example prompt ToG

You serve as an intelligent assistant, adept at facilitating users through complex, multi-hop reason-
ing across multiple documents. This task is illustrated through demonstrations, each consisting of
a document set paired with a relevant question and its multi-hop reasoning thoughts.

Your task: Think step by step about what additional information is required for the current step.

* Do not generate the full reasoning or the final answer at once.

* At each step, only articulate what is still missing or what bridge evidence should be retrieved
next.

* If you reach what you believe to be the final step, begin your response with: "So the answer
is:".

Figure 12: An example prompt of GCOT.

Based on the following documents, answer the question with concise reasoning and a final answer.
Keep the reasoning under 100 English words.

Documents: {context}

Question: {query}

Please provide:

1. Brief reasoning based on the documents

2. Final answer

Figure 13: An example prompt of IRGS
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You are a “Graph Reasoning Agent”. Your goal is to navigate a hidden Knowledge Graph to answer
complex questions. You must identify the “Bridge Entities” that connect the User’s Question to the
Answer.

For every turn, analyze the provided text and produce three specific outputs:

1. Reasoning Chain (The Map):

* Construct a valid entity path based on the context.
* Format: (Entity A) —[relation]—> (Entity B) —[relation]—> (Target).

* CONSTRAINT: Every entity in the chain must be explicitly related to the context. Do not
hallucinate links.

2. Fast Thought (The Next Step):

* A specific, short question targeting the next missing node in your chain.

* Example: “Where is [Entity B] located?” (instead of “Where is the answer?”)
3. Slow Thought (The Topology):

* Explain why you are asking the Fast Thought based on graph structure.

» Format: “T have identified [Entity A]. To find [Target], I must first retrieve the neighbor [Entity
B] which acts as a bridge.”

Rules:

e Output format: exactly three lines in this order:

1. Reasoning Chain: ...
2. Fast Thought: ...
3. Slow Thought: ...

Figure 14: Prompt template of our method.
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HotpotQA 2WikiMultiH A MuSi
Framework Method otpotQ ikiMultiHopQ uSiQue

EM F1 EM F1 EM F1

Original 0.563 0.7080 0.511 0.5726 0.296 0.4179
IRCOT  0.580 0.7266 0.599 0.6870 0.355  0.4905
GCOT 0.588 0.7261 0.586 0.6814 0.358 0.4882

RAPTOR
TOG 0.560 0.7041 0.535 0.6062 0.297 0.4229
IRGS 0.581 0.7262  0.592 0.6833 0.352  0.4779
Our 0.602 0.7480 0.661 0.7562 0.390 0.5297
Original 0.546 0.6820 0.672 0.7546 0.279  0.3982
IRCOT  0.562 0.7066 0.697 0.7768 0.320 0.4440
GCOT 0.556 0.6924  0.690 0.7711 0.329 0.4484
GFM-RAG

TOG 0.558 0.7029  0.697 0.7847 0.321 0.4369
IRGS 0.560 0.7184 0.693 0.7745 0.307 0.4380
Our 0.587 0.7464 0.728 0.8103 0.369 0.4976

Original  0.552 0.6983 0.506  0.5757 0276 0.4017
IRCOT  0.581 0.7283 0.645  0.7533  0.362 0.5060
GCOT 0560 0.7041 0.652  0.7582  0.349 0.4917
TOG 0.561 0.7080 0.541  0.6196  0.303 0.4309
IRGS 0.566 07126 0.580  0.6842  0.324  0.4609
Our 0.596 0.7458 0.661  0.7593  0.379  0.5300

MS-GraphRAG

Original 0.581 0.7372  0.607 0.7059 0.355 0.4917
IRCOT  0.595 0.7493 0.668 0.7683 0.403  0.5469
GCOT 0.597 0.7491 0.662 0.7652 0410 0.5417

HippoRAG?2
TOG 0.590 0.7381 0.630 0.7330 0.374  0.5352
IRGS 0.593 0.7484 0.652 0.7546 0.404 0.5436
Our 0.608 0.7570  0.679 0.7731 0422 0.5683
Ave. Improvement 290% 3.00% 4.32% 3.39% 718% 6.90%

Table 16: EM and F1 performance across multi-hop QA datasets. Each framework is evaluated with different
iterative retrieval methods. Highlighted are the results ranked first and second across all backbones. Within each
backbone, the best and second-best results are indicated by boldface and underline, respectively.
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Successful Case

Question What year did the Governor of the city where the basilica named after the same
saint as the one that Mantua Cathedral is dedicated to die?
Gold Answer 1952

Reasoning Chain

(Mantua Cathedral) —[dedicated to]—> (Saint Peter) —[associated city]—> (Vati-
can City) —[governed by]—> (Governor of Vatican City)

Prediction Answer

1952.

Find the bridges

Bridge 1: Confirmed that Mantua Cathedral is dedicated to Saint Peter. Bridge
2: Identified that St. Peter’s Basilica is located in Vatican City. Bridge 3:
Determined that the Governor of Vatican City (Camillo Serafini) held the post
until his death in 1952.

Failure Case

Question What is the place of birth of who does the voice of Stan on the series that
Insecurity is part of?
Gold Answer Denver

Reasoning Chain

(Insecurity) —[part of][-> (South Park) —[voiced by]—> (Trey Parker) —[born
in]—> (Place of Birth)

Prediction Answer

Not specified in the text.

Missing Evidence

The reasoning chain is logically valid, but the retrieved evidence does not
contain the final-hop fact needed to answer the question (Trey Parker’s place
of birth). Without an explicit statement linking Trey Parker to “Denver,” the
model cannot verify the answer and therefore outputs “Not specified.”

Figure 15: Success and failure cases of our method. Explicit modeling of bridge facts helps reduce reasoning
failures.
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You are a multi-hop question type classifier.
Task: Classify the following question into exactly one of two categories:

* bridge: The question requires finding an intermediate (bridge) entity first, then using that
entity to obtain the final answer. The reasoning follows a chain-like structure:

@ — entity A — entity B — answer

Examples:

— “The fictional private detective that appears in “The Adventure of the Seven Clocks’ was
written by whom?” (first identify the detective, then find the author)

— “What is one of the stars of The Newcomers known for?” (first identify the star, then
determine what they are known for)

— “What government position was held by the woman who portrayed Nora Batty?” (first
identify the actress, then find the government position)

» comparison: The question asks to compare properties or attributes of two or more explicitly
named entities. The compared entities are already given in the question, and no bridge entity
needs to be discovered. Examples:

— “Are Colocasia and Coronilla both flowering plants?”’

“Which is located in Cornwall, Southwell Minster or Truro Cathedral?”
“Which film has the director born first, Avatar or Titanic?”

— “Are both X and Y from the same country?”

Question: {query}
Output requirement: Respond with only one word: bridge or comparison.

Figure 16: The prompt used for question-type routing in our method. A lightweight model first classifies each query
as either bridge or simple comparison, and the prediction determines whether the full BDTR pipeline is applied.
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Figure 17: F1 Comparison on Multi-hop QA Datasets.
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Musique - EM (GCOT vs IRCOT) Musique - F1 (GCOT vs IRCOT) Musique - EM (IRGS vs IRCOT) Musique - F1 (IRGS vs IRCOT)

GCOT Correct
GCOT Correct
IRGS Correct
IRGS Correct

IRCOT Wrong
IRCOT Wrong
IRCOT Wrong
IRCOT Wrong

IRGS Correct IRCOT Wrong

GCOT Correct IRCOT Wrong GCOT Correct IRCOT Wrong IRGS Correct IRCOT Wrong

(a) Complementarity between (b) Complementarity between (c) Complementarity between (d) Complementarity between
GCOT and IRCOT under EM GCOT and IRCOT under F1  IRGS and IRCOT under EM  IRGS and IRCOT under F1

Figure 18: A complementary study of GCOT/IRGS and IRCOT under EM and F1 on multi-hop QA datasets.
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Figure 19: EM Comparison by Question Type with the HippoRAG?2 Backbone.
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Figure 20: EM Comparison by Question Type with the MS-GraphRAG Backbone.
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Figure 21: EM comparison on multi-hop QA datasets with different question type using the HippoRAG?2 backbone.
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