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Abstract

Although Retrieval-Augmented Generation
(RAG) empowers Large Language Models
(LLMs) with external knowledge, current
frameworks struggle with complex multi-hop
reasoning as they fundamentally rely on shal-
low retrieval signals. Existing methods typ-
ically employ coarse semantic matching or
entity-centric graph expansion, which often re-
trieve textually similar but factually irrelevant
evidence, injecting noise into the reasoning pro-
cess. To overcome this limitation, we introduce
FACTA, a structured fact' alignment frame-
work for multi-hop retrieval. FACTA bridges
the gap between a query’s step-wise informa-
tion demand and a document’s information sup-
ply by translating both into structured, explicit
factual triples. Through a dual mechanism of
triple-level fact matching and multi-signal doc-
ument reranking, FACTA better identifies ev-
idence that satisfies the factual prerequisites
of each reasoning hop. Extensive evaluations
on three multi-hop QA benchmarks show that
FACTA substantially outperforms state-of-the-
art baselines, demonstrating that structured fact-
centric retrieval effectively reduces reasoning
noise and enhances the accuracy of multi-hop
generation.

1 Introduction

Retrieval-Augmented Generation (RAG) has be-
come an effective paradigm for improving Large
Language Models (LLMs) by grounding genera-
tion in external knowledge, thereby reducing fac-
tual hallucinations and improving answer reliabil-
ity (Lewis et al., 2020; Izacard and Grave, 2021;
Gao et al., 2023; Shuster et al., 2021). While stan-
dard RAG (Karpukhin et al., 2020; Guu et al., 2020;
Izacard et al., 2023) can often handle single-step
questions by retrieving broadly relevant passages,

'In this work, we use the term facr to denote a knowledge
triple (h,r,t) following standard knowledge graph conven-
tions.
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Figure 1: Motivation of FACTA. Existing multi-step re-
trieval mainly relies on semantic similarity, while graph-
based retrieval often expands evidence through entity
connectivity. Although these signals can surface text or
subgraphs related to the query, they may make it difficult
to locate the specific factual relation required by each
reasoning step. FACTA instead formulates retrieval as
fact-level demand—supply alignment, matching query-
side factual demands with document-side factual supply
to identify evidence that satisfies the required reasoning
facts.

multi-hop question answering requires a more fine-
grained form of retrieval: the system must acquire
evidence that supports each intermediate reasoning
step, rather than simply aggregate topically related
context (Zhuang et al., 2024; Shi et al., 2024; Am-
mann et al., 2025).

Existing work has mainly explored two direc-
tions for improving retrieval in multi-hop ques-
tion answering. The first direction extends text-
based retrieval into multi-step retrieval. Methods
such as IRCoT (Trivedi et al., 2023) and Chain-of-
Question (Yixing et al., 2024) interleave retrieval
with intermediate reasoning or decompose the orig-
inal question into a sequence of sub-questions, en-
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abling evidence to be acquired progressively at
different reasoning stages. However, multi-hop
evidence is often distributed across multiple docu-
ments, while multi-step text retrieval still tends
to process retrieved chunks as isolated textual
units (Zhang et al., 2024; Li et al., 2025; Liu
et al., 2025). The second direction focuses on
building structured representations of the corpus
to connect evidence pieces across reasoning steps.
GraphRAG (Edge et al., 2024), LightRAG (Guo
et al., 2024), and EventRAG (Yang et al., 2025b)
organize corpora with entity-relation graph in-
dexes to connect evidence across documents, while
ToG (Sun et al., 2024; Ma et al., 2025), Hip-
poRAG (Gutiérrez et al., 2024, 2025), and Pro-
PRAG (Wang and Han, 2025) further retrieve evi-
dence by combining entity seed nodes with graph
algorithms.

However, these two directions still rely on shal-
low retrieval signals for identifying reasoning-
relevant evidence. Multi-step text retrieval is pri-
marily based on the semantic similarity of queries
or intermediate queries to documents, whereas
structure-enhanced retrieval is often driven by en-
tity links. These signals do not directly measure
whether candidate evidence provides the specific
factual relation required by the current reasoning
step. Consequently, existing methods frequently
retrieve evidence with superficial textual or entity-
level relevance, failing to isolate genuinely criti-
cal facts from ambient noise. This misalignment
injects irrelevant information into the reasoning
chain, which can easily mislead subsequent reason-
ing steps.

To overcome this critical limitation, we propose
FACTA, a structured, fact-centric retrieval frame-
work for multi-hop question answering. The core
intuition is to formulate both the query’s step-wise
information demand and the document’s informa-
tion supply as explicit factual triples. Specifically,
a query triple delineates the relational logic re-
quired at a given reasoning step, whereas docu-
ment triples characterize the factual knowledge
embedded within a candidate passage. Leverag-
ing this unified structured representation, FACTA
first performs triple-level fact matching by scoring
document-side factual triples with relation seman-
tics and subject-object type compatibility. Subse-
quently, it performs multi-signal document rerank-
ing by integrating fact matching, key-entity cover-
age, and overall semantic relevance. Through this
dual-level mechanism, FACTA shifts the retrieval

paradigm: transitioning from merely surfacing se-
mantically related text or entity neighborhoods to
better identifying the evidence that fulfills the fac-
tual prerequisites of each reasoning hop.

Our main contributions are as follows:

* We reformulate multi-hop evidence retrieval
as a structured fact alignment problem. This
formulation highlights the need to identify
evidence that provides the factual relations
required by each reasoning step, rather than
relying only on textual relevance or entity con-
nectivity.

* We propose FACTA, a structured fact align-
ment framework for multi-hop question an-
swering. FACTA represents both query-side
information demand and document-side in-
formation supply as factual triples, enabling
fine-grained matching between reasoning re-
quirements and candidate evidence.

* Extensive experiments on MuSiQue, 2Wiki-
MultiHopQA, and HotpotQA demonstrate the
effectiveness of FACTA under a lightweight
retrieval and reasoning setting. The results
show that structured fact-centric retrieval im-
proves multi-hop retrieval and generation over
strong baselines.

2 Related Work

Prior work on retrieval-augmented multi-hop ques-
tion answering mainly follows two lines: multi-step
text retrieval and graph-based retrieval.

Multi-step Text Retrieval. Early RAG systems
typically rely on single-step dense retrieval to ob-
tain relevant passages (Gao et al., 2023). To han-
dle more complex questions, recent methods in-
troduce iterative or agentic retrieval mechanisms.
Self-RAG (Asai et al., 2024) and ReAct (Yao et al.,
2022) use model feedback or reasoning actions
to decide when to retrieve, while ITER-RETGEN
(Shao et al., 2023), IRCoT (Trivedi et al., 2023),
and Chain-of-Question (Yixing et al., 2024) alter-
nate retrieval with generation, intermediate reason-
ing, or question decomposition. These methods
allow the model to collect evidence over multiple
steps instead of depending on a single retrieval call.
However, they still usually retrieve chunks or pas-
sages by semantic similarity, and thus may collect
topically related evidence that does not provide
the specific factual relation required by the current
reasoning step.
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Graph-based Retrieval Methods. Graph-
based methods organize corpora into graph-
structured representations for evidence discovery.
GraphRAG (Edge et al., 2024), LightRAG (Guo
et al., 2024), and EventRAG (Yang et al., 2025b)
build graph-based indexes to connect documents
through entities, relations, events, or commu-
nities. Graph reasoning methods further use
graph structures as evidence discovery tools:
ToG (Sun et al., 2024) and ToG 2 (Ma et al.,
2025) guide traversal over knowledge graphs,
while HippoRAG (Gutiérrez et al., 2024) retrieves
evidence by starting from entity seed nodes and
applying graph-based propagation.  Although
HippoRAG 2 (Gutiérrez et al., 2025) further
incorporates extracted triples into retrieval, its
evidence discovery is still primarily organized
around entity-centered graph memory rather than
explicit matching to step-wise factual requirements.
PropRAG (Wang and Han, 2025) decomposes
documents into propositions as finer-grained
retrieval units, but question-proposition match-
ing still mainly relies on semantic similarity,
and proposition links are expanded through
entity-based connections. In contrast, FACTA
represents both query-side information demand
and document-side information supply as factual
triples, enabling fact-level matching between what
each hop requires and what candidate evidence
supplies.

3 Method

3.1 Overview

As shown in Figure 2, FACTA is a structured fact
alignment framework for multi-hop question an-
swering. Given a corpus D and a question @,
FACTA first builds an offline index that represents
document-side information supply as factual triples
linked to their source documents. During online re-
trieval, FACTA decomposes () into step-wise infor-
mation demands, each represented as a query-side
factual triple, recalls candidate documents using
step-specific context entities, and performs triple-
level fact matching followed by multi-signal doc-
ument reranking. The top-ranked documents are
used for local reasoning, and the intermediate re-
sults guide subsequent retrieval. After all reason-
ing steps are processed, FACTA aggregates the
accumulated evidence through global graph-based
reranking and selects the final context for answer
generation.

3.2 Document-side Fact Index

FACTA first indexes each document by the factual
triples it can supply. For each document d; € D,
FACTA applies an LLM-based extractor fex to
obtain document-side factual triples and their aux-
iliary type annotations:

Ta, = feu(di) = {79}, 7%= (chph). (D)

Here, ¢ = (ep,, 1, e;)? is a factual triple extracted
from d;, where e, and ¢; are the head and tail enti-
ties, and r is a natural-language relation predicate.
The auxiliary type pair is p? = (T(ep), T(et)),
where T'(ep,) and T'(e;) denote the semantic types
of the head and tail entities.

Since the extractor observes the document con-
text, these type annotations provide additional
contextual semantics for entities and expose the
subject-object type pattern of the fact. This allows
later retrieval to compare candidate supply facts
not only by relation semantics, but also by whether
their type patterns are compatible with the query-
side information demand. The extraction prompt is
provided in Appendix A.7.

FACTA then builds an entity-document graph
G = (V,€), where V = Vg U Vp contains en-
tity and document nodes. The graph includes re-
lational edges induced by extracted factual triples,
containment edges linking entities to their source
documents, and synonym edges connecting equiva-
lent entity mentions across documents. A synonym
edge (€y, Tsyn, €0) is created if sim(ey,e,) > 9,
where ¢ is detailed in Appendix A.3.

3.3 Step-wise Fact Alignment Retrieval

3.3.1 Query-side Demand Decomposition

A multi-hop question usually contains multiple im-
plicit information demands. Directly using the full
question as a retrieval query makes it difficult to
specify which factual relation is required at each
reasoning step. FACTA therefore decomposes the
question into a sequence of step-wise information
demands, each paired with the named entities from
the original question that are relevant to this step:

V(@) = [(r{, NY), (73, M), - (70, N
2
Here, /\/J{Z denotes the step-relevant named entities
identified from the original question during decom-
position. Each query-side demand is represented

2We use the superscript d to denote document-side factual
triples and q to denote query-side factual triples.
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Figure 2: Overview of FACTA. FACTA extracts typed factual triples from documents as document-side factual
supply, and decomposes the question into step-wise typed query triples as query-side factual demands. It aligns
each demand with candidate document facts using relation semantics and type compatibility. The aligned triples
are used for document reranking, whose results are provided to local reasoning to solve the current subproblem.
FACTA collects the supporting documents and their corresponding factual triples as accumulated evidence, and

propagates this evidence with Personalized PageRank to select final documents for answer generation.

as an annotated factual triple:

Tl = (chipd), 3)

where
cf = (sj,15.05), p]=(T(s7),T(05)). (4

The core triple c;?’ specifies the factual relation re-
quired at step j, where s; and o; can be known
entities, unresolved variables, or entities resolved
from previous steps. The type pair p? is auxiliary
information inferred during query decomposition
from the original question and the decomposed
step-wise demand. It exposes the expected subject-
object type pattern of the query-side information
demand and is later used to check compatibility
with document-side supply facts.

During step-wise retrieval, FACTA constructs
the context entity set for step j as

Cj=NjuEY, (5)

where £<7 denotes intermediate entities resolved
from previous reasoning steps. The context entity
set serves only as grounding cues for document
recall, while the query-side factual triple qu defines
the step-wise information demand to be matched.

3.3.2 Triple-level Fact Matching

Given the query-side factual demand at step j,
FACTA first performs a broad document recall us-
ing the context entity set C;. It collects documents
connected to any entity in C; through containment
edges in G, forming a candidate document set D;.
This step only recalls documents that may supply
evidence for the current demand; the retrieval target
is still defined by the query-side factual triple.
FACTA then gathers the document-side factual
triples contained in these candidate documents:

R;j={r?|d €D, € Ti}. (©6)

Here, R ; is the candidate supply fact pool for step
j- FACTA scores these document-side supply facts
according to their match with the query-side factual
demand.

For each document-side supply fact 7¢ =
(c?;p?), FACTA computes two matching scores.
We use femb () to denote encoding the textual form
of a core factual triple or a type pair. The relation-
semantic matching score is:

Sfact(cga Cd) = Sim(femb(cg)a femb(cd)) . (7)
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The type-pattern compatibility score is:

Stype (!, p?) = sim (fomb (p1), forn (7). (8)

The aligned fact pool is obtained by retaining
candidate supply facts that pass both criteria:

FO = (11 € Ry | Staer(cl ) > 61}, 9)

Fi={r' e FV | Supe(plp?) > 62}, (10)

In this stage, FACTA scores document-side sup-
ply facts at the triple level and retains those that
match the current query-side demand in both rela-
tion semantics and subject-object type pattern. The
retained facts provide the fact-matching signal for
subsequent document reranking.

3.3.3 Multi-signal Document Reranking and
Local Reasoning

After obtaining the aligned fact pool F;, FACTA
reranks candidate documents by combining fact
matching, context-entity coverage, and semantic
relevance. For each candidate document d € Dy,
the document score is:

Sdoc(d) = aShest + BScov + ')/Ssem- (11)

Let Fj 4 = JF; N 7g denote the aligned facts
contained in document d. The fact-matching signal
is:

q — q d
Shest (Tj ) d) = T?é%__};d Stact (Cj7 & )7

12)

where Spest (qu, d) is set to 0 if F; 4 is empty. This
score measures how well the factual supply of doc-
ument d matches the current query-side demand at
the fact level.

The context-entity coverage signal is:

IC; N &4l

SeorlS D = (il

(13)
where &, denotes the entity set of document d. This
score measures the extent to which the document
covers the step-specific context entities, comple-
menting the broad recall that only requires one
matched entity.

The semantic relevance signal is:

Ssem(T]g, d) = Cos(femb(cg‘)7 femb(d)) .

The query-side factual demand T]q is encoded in its
textual form. This score preserves general seman-
tic relevance between the current demand and the
document text.

(14)

FACTA selects the top-K documents according
to Sqoc. The selected documents ﬁj, together with
the query-side factual demand qu, are provided to
the LLM for local reasoning. The LLM resolves the
current subproblem and identifies the supporting
document cij € 25]- on which its local reasoning is
based. When an unresolved variable in qu is instan-
tiated, e.g., 7Location — America, the resolved
entity is used to update subsequent query-side fac-
tual triples and is added to the inferred entity set
&l

To collect evidence for subsequent global rerank-
ing, FACTA traces the selected supporting docu-
ment back to its most relevant aligned factual triple:

7 = arg max Sfact(cg,cd)
TdE]'—j d.
3d;

(15)
The selected supporting document and traced fac-
tual triple are stored as accumulated evidence:

Z; = 2,1 U{d;, 7} (16)

3.3.4 Fallback Strategy

In some cases, a reasoning step may fail to resolve
an intermediate entity. To avoid prematurely ter-
minating the reasoning chain, FACTA uses the ex-
pected entity type as a placeholder for the unre-
solved variable, e.g., replacing ?Location with the
type placeholder Location. It also preserves the
highest-scoring candidate factual triples as weak
evidence for subsequent steps.

3.4 Global Evidence Reranking and Answer
Generation

After all query-side factual demands are processed,
FACTA performs global evidence reranking to in-
tegrate evidence across reasoning steps. Specifi-
cally, FACTA maps the accumulated evidence set
Zm back to the entity-document graph G and as-
signs seed weights according to evidence type. We
refer to the factual triples accumulated from step-
wise fact matching as fact seeds, which serve as
structured evidence anchors for initializing global
reranking. FACTA then runs Personalized PageR-
ank (PPR) over G to propagate evidence signals
and rank document nodes.

FACTA selects the top-5 ranked documents as
the final context and feeds them to the LLM for
answer generation.
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4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on three
widely used multi-hop question answering datasets:
MuSiQue (Trivedi et al., 2022), 2WikiMulti-
HopQA (Ho et al., 2020), and HotpotQA (Yang
et al., 2018). Following prior work (Trivedi et al.,
2023; Gutiérrez et al., 2024, 2025), we use the same
1,000-question validation subset for each dataset
to ensure a fair comparison. For consistency with
these methods, we collect all paragraphs associated
with the sampled questions for each dataset and
build a dataset-specific corpus. We then construct
a separate graph index for each dataset from its
corresponding corpus. In addition to the 1,000-
question setting, we further evaluate FACTA on
larger validation sets, containing 2,417 questions
for MuSiQue, 12,576 questions for 2WikiMulti-
HopQA, and 7,405 questions for HotpotQA, re-
spectively. For these larger settings, we use the cor-
responding expanded corpora and construct dataset-
specific graph indexes accordingly. More details
are provided in Appendix A.2.

Baselines. We compare our method with three
groups of baselines: (1) LLM-only QA models,
including GPT-3.5-turbo-1106 (OpenAl, 2024),
Qwen3-8B (Yang et al., 2025a) and GPT-40-mini;
(2) dense and iterative retrieval methods, including
Contriever (Izacard et al., 2021), ColBERTV2 (San-
thanam et al., 2022), and their variants with IR-
CoT (Trivedi et al., 2023); (3) structure-enhanced
methods, including RAPTOR (Sarthi et al., 2024),
GraphRAG (Edge et al., 2024), HippoRAG (Gutiér-
rez et al., 2024), HippoRAG 2 (Gutiérrez et al.,
2025), PropRAG (Wang and Han, 2025), and Hip-
poRAG+IRCoT.

Implementation. We use Contriever (Izacard
et al., 2021) as the dense retriever unless other-
wise specified. For local model inference, we use
Qwen3-8B in non-thinking mode for information
extraction and reasoning. To ensure a fair compar-
ison in answer generation, we evaluate methods
with both GPT-40-mini and Qwen3-8B as the fi-
nal QA model. For structure construction, RAP-
TOR, HippoRAG 2, PropRAG, and our method all
use Qwen3-8B to build their corresponding struc-
tures, and use GPT-40-mini for answer generation.
Following HippoRAG 2 (Gutiérrez et al., 2025),
we use the top-5 reranked documents as the QA
context. All experiments are conducted on two

NVIDIA A100 40GB GPUs, with one GPU used
to deploy the local model. More implementation
details and hyperparameter settings are provided in
Appendix A.3 and Appendix A.4.

Evaluation Metrics. We evaluate retrieval per-
formance using Recall@2, Recall@5, and All-
support Recall at top-k (AR@2 and AR@5), fol-
lowing HippoRAG (Gutiérrez et al., 2024) and Hip-
poRAG 2 (Gutiérrez et al., 2025). AR@Ek measures
the proportion of questions for which all support-
ing documents are retrieved within the top-£ results.
For answer quality, we report Exact Match (EM)
and token-level F1.

4.2 Main Results

Table 1 presents the main results on the 1,000-
question validation subsets. FACTA achieves the
strongest overall performance among non-oracle
methods under the lightweight setting. The ad-
vantage is especially clear on MuSiQue, a dataset
that requires more compositional multi-hop reason-
ing, where FACTA with GPT-40-mini reaches 32.5
EM and 44.3 F1 and surpasses previous structure-
enhanced baselines. FACTA also achieves con-
sistent improvements on 2WikiMultiHopQA and
HotpotQA, showing that structured fact alignment
improves both retrieval quality and final answer
accuracy across all three datasets.

The results with Qwen3-8B further highlight the
role of fact-aligned retrieval. Although Qwen3-8B
performs poorly in the LLM-only setting, FACTA
with Qwen3-8B still achieves strong EM scores and
even surpasses several baselines that use stronger
reader models. Since EM requires the generated
answer to exactly match the gold answer, this sug-
gests that FACTA helps the reader infer answers
from retrieved evidence rather than relying mainly
on the reader’s parametric knowledge or surface-
level fluency. Fact-aligned evidence therefore pro-
vides a clearer reasoning path, enabling even a
weaker reader to produce answers consistent with
the source documents.

Table 3 further evaluates whether a retriever
can collect the complete set of supporting docu-
ments. FACTA achieves the best AR@2 on all
three datasets and the best AR@5 on MuSiQue
and HotpotQA, indicating that structured fact align-
ment also improves complete-evidence recall. An
interesting phenomenon appears on 2WikiMulti-
HopQA: HippoRAG obtains a higher AR@35 than
FACTA, yet its QA performance remains much
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Table 1: Main results on MuSiQue, 2WikiMultiHopQA, and HotpotQA. Gold Docs denotes an oracle setting where
all ground-truth supporting passages are directly provided to GPT-40-mini. The best and second-best results among
non-oracle methods, excluding Gold Docs, are highlighted in bold and underlined, respectively. * indicates results
reported from the HippoRAG paper (Gutiérrez et al., 2024). Col denotes ColBERTv2. We do not report recall for
GraphRAG, since it does not directly return retrieved text results.

Group Method MuSiQue 2Wiki HotpotQA
R@2 R@5 EM Fl R@2 R@5 EM Fl R@2 R@5 EM Fl
GPT-3.5-turbo™ - - 125 241 - - 310 396 - - 304 428
LLM-only GPT-40-mini - - 112 220 - - 302 363 - - 286 41.0
Qwen3-8B - - 4.6 10.7 - - 140 174 - - 197 26.2
Gold Docs (GPT-40-mini) - - 546 692 - - 630 776 - - 69.0 78.0
Contriever™ 354 47.1 149 253 482 59.1 32.6 432 545 76.1 42.1 559
Dense Retriever ColBERTV2* 379 492 155 264 59.2 682 334 433 647 793 434 57.7
IRCoT+Contriever 38.7 52.0 18.6 28.5 52.0 64.1 345 43.1 64.8 802 41.7 56.9
IRCoT+ColBERTV2* 41.7 537 19.1 305 64.1 744 354 451 679 82.0 455 584
RAPTOR 40.2 53.1 23.0 344 62.1 78.6 46.1 556 664 827 50.2 63.2
HippoRAG(Col)* 409 519 19.2 29.8 70.7 89.1 46.6 59.5 60.5 77.7 41.8 55.0
Struct-Enhanced IRCOT+HippoRAG(Col)* 453 57.6 219 33.3 75.8 939 47.7 62.7 67.0 83.0 457 59.2
GraphRAG - - 186 274 - - 342 445 - - 437 564
HippoRAG 2 41.8 55.0 26.6 38.6 63.1 764 47.6 562 64.5 829 51.6 65.6
PropRAG 41.7 555 29.1 40.1 595 74.1 444 534 67.1 832 514 65.7
Ours Owen3-8B as Reader 46.1 62.2 30.1 38.5 73.1 87.5 56.1 64.6 69.0 86.6 55.0 66.7
GPT-40-mini as Reader 46.1 62.2 325 443 73.1 875 57.6 66.5 69.0 86.6 53.5 67.7

Table 2: Large-scale validation results of graph-based RAG methods on the full validation splits.

Method MuSiQue 2Wiki HotpotQA
R@2 R@5 EM Fl R@2 R@5 EM FlI R@2 R@5 EM Fl
HippoRAG?2 287 502 21.0 29.7 532 704 382 441 544 657 30.1 41.1
PropRAG 386 517 232 321 50.8 634 349 406 602 717 346 44.8
FACTA 432 586 278 373 674 81.7 555 629 632 743 369 473
Table 3: All Recall (AR) on three datasets. context easier for the reader to understand and use.
This explains why FACTA achieves better QA per-
Retriever MuSiQue 2Wiki HotpotQA formance despite a slightly lower AR@5 on 2Wiki-
AR@2 AR@5 AR@2 AR@5 AR@2 AR@5  MultiHopQA.
HippoRAG* 102 224 454 75,7 338 579
HippoRAG2 13.6 256 312 51.7 443 692
PropRAG 148 264 29.6 506 453 70.6
FACTA 192 326 472 714 496 734 Large-scale validation. We further evaluate

lower. This suggests that retrieving all supporting
documents is not sufficient; the reader must still lo-
cate, understand, and combine the key facts within
those documents. The Gold Docs results in Ta-
ble 1 support this observation, as directly providing
all gold documents to GPT-40-mini still leaves a
clear gap to perfect answering. Unlike HippoRAG,
which primarily identifies entities and propagates
over entity-centered graph neighborhoods, FACTA
aligns retrieved evidence with the factual require-
ment of each reasoning hop, making the retrieved

FACTA under the larger validation setting de-
scribed above, where both the question set and the
dataset-specific retrieval corpus are substantially
expanded. For this evaluation, we use Qwen3-8B in
non-thinking mode for all LLM calls in the pipeline
of each compared method. As shown in Table 2,
FACTA consistently outperforms HippoRAG 2 and
PropRAG across all datasets and metrics. These
results show that the advantage of structured fact
alignment is not limited to the 1,000-question sub-
set, and that FACTA remains more robust than ex-
isting efficient graph-based methods as the retrieval
space becomes larger and noisier.
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Table 4: Ablation study evaluating the contribution of
each component in our framework (R@5/F1).

Model Variant MuSiQue 2Wiki HotpotQA
Full Model 62.2/38.5 87.5/64.6 86.6/66.7
w/o Fact Seed 60.5/374 86.3/63.5 84.9/64.1
w/o Type Pair 58.1/37.2 82.7/60.9 81.4/62.2
W/0 Sbest 53.3/294 75.7/53.5 79.4/56.2
w/0 Scov 60.1/37.2 85.9/63.7 86.2/66.3
W/0 Ssem 58.6/36.1 83.9/61.7 84.2/63.5

4.3 Ablation Study

Component ablations. Table 4 evaluates the con-
tribution of FACTA’s main components, where
Shests Scov, and Sgem denote the fact-alignment,
entity-coverage, and semantic-relevance signals in
document reranking, respectively. For each sig-
nal ablation, we set the corresponding weight to
zero and re-normalize the remaining weights. The
results show that both structured factual represen-
tation and document-level reranking are necessary
for FACTA. Removing fact seeds weakens the con-
nection between the query’s step-wise information
need and the document’s information supply; in
effect, global reranking largely degenerates into
selecting locally retained nodes and filling the re-
maining top-k context with similarity-based doc-
uments. Removing type-pair constraints also de-
grades performance, suggesting that subject-object
type compatibility helps filter semantically simi-
lar but structurally mismatched facts. Among the
reranking signals, Speg i the most critical: remov-
ing it causes the largest drop, for example from
62.2/38.5 to 53.3/29.4 on MuSiQue. This con-
firms that FACTA’s main gain comes from explic-
itly aligning candidate evidence with the factual
requirement of each reasoning hop. In contrast, re-
moving Scoy OF Ssem leads to smaller but consistent
drops, indicating that entity coverage and seman-
tic relevance mainly serve as complementary cues
after fact-level alignment.

4.4 Efficiency Analysis

Figure 3 reports the offline indexing efficiency on
MuSiQue. FACTA uses 18.4M total indexing to-
kens and 69 minutes, which is substantially lower
than GraphRAG and PropRAG, while achieving
stronger retrieval and QA performance in Table 1.
For online retrieval, FACTA remains at the same
second-level order as efficient graph-based meth-
ods, with token consumption comparable to Hip-

(a) Offline indexing token cost (b) Offline indexing time

GraphRAG 152.9M 215
PropRAG 22.7M 98
FACTA 18.4M 69

Input tokens 57

HippoRAG2 12.4M
Output tokens.

0 25 50 75 100 125 150 0
Indexing tokens (M)

50 100 150 200
Indexing time (min)

Figure 3: Indexing efficiency on the 1,000-question
MuSiQue dataset under the same multi-threaded exe-
cution setting. Total tokens are measured in millions.
Indexing time denotes the offline index construction
time.

poRAG2’s LLM reranker. Detailed latency and
token statistics are provided in Appendix A.S.

Additional analyses, including a case study, hy-
perparameter sensitivity analysis, and decomposi-
tion error analysis, are provided in Appendix A.1,
A.3, and A.6, respectively.

5 Conclusion

We presented FACTA, a structured fact alignment
framework for multi-hop retrieval-augmented gen-
eration. FACTA reformulates evidence retrieval
as matching between query-side factual demands
and document-side factual supply, shifting retrieval
signals from coarse semantic similarity or entity
connectivity to fact-level alignment. By combin-
ing triple-level fact matching, type-pattern com-
patibility, multi-signal document reranking, and
global evidence aggregation, FACTA retrieves ev-
idence that better corresponds to the factual re-
quirements of each reasoning hop. Experiments
on MuSiQue, 2WikiMultiHopQA, and HotpotQA
show that FACTA consistently improves both re-
trieval and answer quality over strong RAG base-
lines.
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Limitations

FACTA relies on LLM-based fact extraction and
query decomposition, so incomplete or noisy
triples and inaccurate step-wise demands may af-
fect subsequent retrieval and reasoning. Its binary
triple representation is also less expressive for tem-
poral, numerical, event-centric, negated, or multi-
argument reasoning. In addition, our evaluation is
conducted on English multi-hop QA benchmarks
with paragraph-level evidence and dataset-specific
corpora, while its behavior in fully open-domain
environments remains to be further validated. Al-
though FACTA shows second-level latency com-
parable to efficient graph-based methods, the addi-
tional cost of LLM-based extraction and decompo-
sition remains non-negligible for latency-sensitive
deployment.
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A Appendix
A.1 Case Study

Table 5 illustrates why fact-level alignment is im-
portant for multi-hop retrieval. The question re-
quires two linked facts: Noose (1958 film) was
directed by Wojciech Has, and Wojciech Has was
born in Krakow. HippoRAG 2 retrieves and re-
tains evidence associated with the query, but the
retained fact only states the film’s release year and
does not satisfy the director relation required by the
first reasoning hop. PropRAG uses finer-grained
propositions, but its second-stage retrieval matches
linked proposition paths with the query mainly by
semantic similarity; as a result, the broad mention
of “director” leads to propositions about Mario
Bava, introducing a plausible but irrelevant director-
centered path. Both methods therefore retrieve ev-
idence that is superficially related to the question,
but fail to reliably expose the second-hop evidence
needed to answer it. In contrast, FACTA explicitly
represents the query as step-wise factual demands
and matches them with document-side factual sup-
ply through both relation-semantic matching and
subject—object type compatibility. During retrieval,
this dual matching mechanism aligns (Noose, di-
rector, Wojciech Jerzy Has) with the first de-
mand and (Wojciech Has, born in, Krakéw) with
the second demand, thereby retrieving both re-
quired documents and recovering the reasoning
path Noose — Wojciech Has — Krakow.

A.2 Dataset and Corpus Statistics

Following prior work (Trivedi et al., 2023; Gutiér-
rez et al., 2024, 2025), we construct a dataset-
specific retrieval corpus by collecting all candi-
date passages associated with the selected ques-
tions, including both supporting and distractor pas-
sages. For the 1,000-question setting, we use the
same validation subsets as prior work to ensure
a fair comparison, and build a separate graph in-
dex for each dataset. MuSiQue (Trivedi et al.,
2022) contains questions requiring 2—4 reasoning
hops, where each question is paired with 20 can-
didate paragraphs and 2—4 supporting paragraphs.
For 2WikiMultiHopQA (Ho et al., 2020) and Hot-
potQA (Yang et al., 2018), each question is paired
with 10 candidate paragraphs, among which 2 are
supporting paragraphs. In addition to text passages,
FACTA extracts typed factual triples and constructs
auxiliary links for structured retrieval. Table 6 re-
ports the graph statistics for the 1,000-question

setting, including the numbers of document nodes,
entity nodes, extracted triples, containment rela-
tions, and synonym entity pairs.

For the large-scale validation, we apply the same
corpus construction protocol to larger validation
sets and build the corresponding expanded graph in-
dexes. The large-scale setting contains 2,417 ques-
tions for MuSiQue, 12,576 questions for 2Wiki-
MultiHopQA, and 7,405 questions for HotpotQA.
Table 7 summarizes the scale of these larger evalu-
ation corpora.

A.3 Hyperparameters

We follow the hyperparameter settings of Hip-
poRAG (Gutiérrez et al., 2024) and Pro-
pRAG (Wang and Han, 2025), and tune the default
configuration on MuSiQue. The selected hyperpa-
rameters are fixed across all datasets and experi-
ments. We set the temperature of all LLM calls to
0 to reduce randomness and improve reproducibil-
ity. The main hyperparameters are summarized as
follows:

* The damping factor for Personalized PageR-
ank (PPR) is set to 0.5.

* The synonym embedding similarity threshold
0 is set to 0.8.

* The semantic similarity threshold §; for fac-
tual triple matching and the subject—object
type-pair similarity threshold &5 are set to 0.6
and 0.5, respectively.

* The weights for multi-signal document rerank-
ing are set to («, 5,7v) = (0.4,0.4,0.2).

* The scaling factor for document-node initial-
ization scores is et t0 Apassage = 0.05.

* For local reasoning, we provide the top-5
reranked candidate documents to the LLM,
which offers a practical trade-off between evi-
dence coverage and inference cost.

Figure 4 shows the sensitivity of FACTA to the
two fact-filtering thresholds on MuSiQue. FACTA
remains stable across a broad range of threshold
values, indicating that its improvement is mainly
driven by the fact-alignment mechanism rather than
by a narrowly tuned threshold. At the same time, an
appropriate threshold can further balance evidence
preservation and noise filtering: relation-semantic
matching should be strict enough to remove weakly
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Table 5: Case study on the question “Where was the director of film Noose (1958 Film) born?” The required
evidence documents are Noose (1958 film) and Wojciech Has.

Method Retrieved intermediate evidence Top-3 ranked documents Required docs covered
. Noose (1958 film);
HippoRAG2 Reranked fact: ' Gérard Patris: Noose (1958 film) only
(noose, released in, 1958) (1/2)
Werner Jacobs
Propositions:
Mario Bava was born on 31 July 1914...; Mario Bava;
PropRAG Mario Bava died on 27 April 1980...; Noose (1958 film); ?]70/0;; (1958 film) only
Mario Bava was an Italian cinematographer...; Michat Waszyniski
Query-side demands:
(Noose (1958 Film), was directed by, ?director);
2di in. 7bi
(?director, was born in, ..blrth_place). Noose (1958 film); Noose (1958 film);
Matched factual supply: L. L.
FACTA . Lo . Wojciech Has; Wojciech Has
(noose, director, wojciech jerzy has) —Noose Gérard Patris 212
(1958 film);
(Wojciech Has, born in, Krakow) — Waojciech
Has.

(a) Sensitivity to 6; (b) Sensitivity to 6,

62.50 62.50
62.25 R@>5 62.25 R@>
62.00 1 62.00 1
61.75 4 61.75 1
n n
® 61.50 ® 61.50 1
nc «
61.25 1 61.25 1
61.00 4 61.00 1
60.75 4 60.75 4
60.50 — T T T T T 60.50 — T T T T T
0.3 0.4 0.5 0.6 0.7 0.8 0.3 0.4 0.5 0.6 0.7 0.8
61 62

Figure 4: Sensitivity analysis of the fact-filtering thresholds on MuSiQue. §; controls relation-semantic matching
between query-side demands and document-side factual triples, while J5 controls subject—object type-pair compati-
bility. FACTA maintains strong R@5 across the tested range, indicating that its retrieval effectiveness is driven by
the fact-alignment mechanism rather than a narrowly tuned threshold.

Table 6: Graph statistics of the constructed retrieval ~ Table 7: Statistics of the large-scale validation corpora.

corpora in the 1,000-question setting.

MuSiQue 2Wiki HotpotQA
MuSiQue 2Wiki HotpotQA Document Nodes 21,100 56680 66,540
Document Nodes 11,656 6,119 9,811 Entity Nodes 155,278 321,489 475,989
Entity Nodes 89,587 44,940 86,006 Extracted Triples 226,489 567,986 819,070
Extracted Triples 115,164 58,714 113,561 Contain Relations 250,429 620,683 873,043
Containment Relations 129,754 63,484 122,413 Synonym Entity Pairs 275,272 2,423,519 1,805,273
Synonym Entity Pairs 98,710 131,546 120,092

A.4 Implementation Details

Structured Fact and Type Encoding. For fact
and type-pair encoding, FACTA encodes struc-

aligned facts, while type-pair compatibility should
avoid discarding useful facts due to imperfect type
annotations. Empirically, ;1 = 0.6 and d5 = 0.5
provide a robust configuration, and we use them as
the default setting in all experiments.

tured fact representations rather than raw queries
or passages. For a query-side triple contain-
ing an unresolved variable, we remove the lead-
ing question mark before encoding; for exam-
ple, (Mike, born in, ?birth_place) is converted to
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(Mike, born in, birth_place). The triple is then
converted into a short string and encoded with Con-
triever to obtain femp(+). Its corresponding subject—
object type pair, such as (Person, Location), is
encoded in the same way and used to measure
type-pattern compatibility with document-side sup-
ply facts. In this design, the encoder is applied
only after query-side demands and document-side
facts have been normalized into the same structured
triple form. Therefore, the matching signal is not
based on coarse query—document semantic similar-
ity, but on fact-level alignment constrained by both
relation semantics and argument-type patterns.

Seed Initialization for Global Reranking. For
global reranking, FACTA initializes PPR over the
entity-document graph using both the accumulated
evidence set Z and corpus-level document rele-
vance. All document nodes receive an initial score
based on their normalized semantic similarity to
the original query, so that PPR can still exploit
broad textual relevance when structured evidence is
sparse. Evidence in Z is then used to provide addi-
tional seed weights. Documents explicitly selected
by local reasoning receive an additional score of
0.5, reflecting their role as strong step-wise evi-
dence. For fact evidence, FACTA distinguishes
between strong and weak facts. Strong fact evi-
dence in Z contributes an additional score of 1.0
to its corresponding entity nodes, while weak fact
evidence preserved by the fallback strategy in Sec-
tion 3.3.4 contributes only its normalized similarity
score to the corresponding entities. In this way,
high-confidence evidence directly selected during
local reasoning is emphasized, whereas fallback
evidence is still retained with a softer weight. The
document-node initialization scores are scaled by
Apassage = 0.05 to balance document-side relevance
with entity-side propagation signals. Entity weights
are used to propagate evidence through the graph,
while the final selection is performed over docu-
ment nodes: after PPR propagation, FACTA selects
the top-5 document nodes with the highest final
PPR scores as the evidence context for answer gen-
eration.

A.5 Efficiency Analysis

For online retrieval, we report the average latency
and token consumption over all 1,000 questions in
each dataset, where the latency covers the full re-
trieval pipeline from query decomposition to final
evidence selection. PropRAG is LLM-free dur-

Decomposition Model R@5  F1
Qwen3-8B 622 385
GPT-40-mini 63.8 393

Table 8: Effect of decomposition model on MuSiQue.

ing retrieval, but its beam search and encoding
steps still take about 0.8 seconds per question. Hip-
poRAG 2 introduces an LLM-based reranker and
takes about 2.3 seconds on average, while FACTA
takes about 4.2 seconds per question due to query
decomposition, step-wise fact alignment, and local
reasoning. Although FACTA introduces additional
LLM calls for decomposition and local variable
resolution, its token consumption remains com-
parable to HippoRAG 2: on the 1,000-question
MuSiQue setting, FACTA consumes about 2.4K
input tokens and 0.3K output tokens per question
during retrieval, while the HippoRAG 2 reranker
consumes about 2.9K input tokens and 0.1K out-
put tokens. Unlike iterative retrieval-generation
methods such as IRCoT, FACTA only uses local
reasoning to resolve intermediate variables from
short evidence sets, rather than generating long rea-
soning chains at each step. Overall, FACTA offers a
practical efficiency—effectiveness trade-off, adding
moderate online overhead within a few seconds
per query while delivering stronger fact-aligned
retrieval and downstream QA performance.

A.6 Decomposition Error Analysis

Since FACTA relies on query decomposition to
construct step-wise factual demands, we further
analyze the impact of decomposition quality on
retrieval and downstream QA performance. Ta-
ble 8 compares different decomposition models
on MuSiQue. Replacing the default decomposi-
tion model with the stronger GPT-4o0-mini further
improves FACTA from 62.2/38.5 to 63.8/39.3 in
R@5/F1. This suggests that more accurate decom-
position can provide cleaner intermediate factual
demands and improve subsequent fact alignment.
We additionally conduct a qualitative analysis
on randomly sampled MuSiQue questions. Ap-
proximately 90% of the decomposition results suc-
cessfully cover all required reasoning information
and produce step-wise demands consistent with the
underlying reasoning hops. The remaining errors
mainly arise when the decomposition model over-
looks an intermediate relation or entity, causing a
missing reasoning hop in the generated demand
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sequence.

Nevertheless, FACTA remains relatively robust
to such decomposition errors due to its fallback and
global reranking design. When an intermediate en-
tity cannot be reliably resolved, FACTA preserves
high-scoring candidate facts as weak evidence for
subsequent graph propagation, as described in Sec-
tion 3.3.4. In addition, global reranking initializes
all document nodes with their normalized similarity
to the original query, ensuring that potentially rel-
evant documents can still receive propagation sig-
nals even when structured decomposition is imper-
fect. Together, these two mechanisms help mitigate
error accumulation from imperfect decomposition
while maintaining a lightweight retrieval pipeline.

A.7 Prompts

This section describes the prompts used in FACTA
and lists the FACTA-specific prompt templates be-
low.
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A.7.1 Query Decomposition Prompt

Query Decomposition

Decompose a question into reasoning steps.  Output only compact JSON wrapped in
<Answers>...</Answers>.

Schema:
{"query_steps”":[{"named_entities”:[{"entity”:"...","type":"..."}],"triples”:[["s","p","0"]1],"
variables”:[{"name":"?var","type":"Type"}1,"condition”:"..."}]1}

Type Guidelines: Prefer broad semantic categories: Person, Location, Organization, Work, Event,
Date, Number, Language, Concept. For entities that do not fit well, use a short descriptive phrase
(1-2 words). Avoid over-specific types.

Rules:

- Reuse variables across steps to chain reasoning.

- Omit condition if not needed.

- Output only the JSON inside <Answers>. . .</Answers>.

Few-shot Example:
Question: What year was the director of The Shawshank Redemption born?

Output:
<Answers>{
"query_steps”: [
{
"named_entities"”: [
{
"entity”: "The Shawshank Redemption”,"type”: "Work”
3
] i)
"triples": [
L
"The Shawshank Redemption”,"was directed by","?director”
]
] ’
"variables”: [
{
"name"”: "?director”,"type”: "Person”
3
]
3,
{
"named_entities”: [],
"triples": [
L
"?director”,"was born in","?birth_year”
]
] i)
"variables": [
{
"name”: "?director”,”type”: "Person”
}!
{
"name”: "?birth_year”,"type"”: "Date”
}
]
}
]
}</Answers>
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A.7.2 Named Entity Extraction Prompt

Named Entity Extraction

Extract named entities from the given paragraph and respond with a JSON list of entities.

Few-shot Example:

Paragraph: Radio City. Radio City is India’s first private FM radio station and was started on 3 July
2001. It plays Hindi, English and regional songs. Radio City recently forayed into New Media in
May 2008 with the launch of a music portal — PlanetRadiocity.com that offers music related news,
videos, songs, and other music-related features.

Output:
{

"named_entities”: [
"Radio City",
"India”,

"3 July 2001",
"Hindi",
"English”,
"May 2008",
"PlanetRadiocity.com”
]
3

A.7.3 Factual Triple Extraction Prompt

Factual Triple Extraction

Role. You are an expert in knowledge extraction and RDF graph construction. Extract relational
triples from the passage and assign types for entities.

Output Format. Return a JSON object:

{
"triples": [
{
"context”: ["subject”, "predicate”, "object"],
"type": ["SubjectType”, "ObjectType"]
}
]
}

Type Guidelines. Prefer broad semantic categories: Person, Location, Organization, Work, Event,
Date, Number, Language, Concept. For entities that don’t fit well, use a short descriptive phrase (1-2
words). Avoid over-specific types.

Rules.
1. Each triple must include > 1 named entity and describe a clear factual relation (e.g., "located in",
"founded by", "is a").
Use concise predicates; avoid vague ones like “related to” or “associated with”.
Assign one type per entity following the guidelines above.
Resolve pronouns to explicit entity names.

A

Output only the JSON, no explanations.

Input Format. Convert the paragraph into a JSON dict, it has a named entity list and a triple list.
Paragraph:
{passage}

{named_entity_json}

Few-shot Example.
Paragraph: Radio City Radio City is India’s first private FM radio station and was started on 3 July
2001. It plays Hindi, English and regional songs. Radio City recently forayed into New Media in
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May 2008 with the launch of a music portal - PlanetRadiocity.com that offers music related news,
videos, songs, and other music-related features.
Named entities:
{
"named_entities”: ["Radio City"”,"India",”3 July 2001","Hindi"”,"English”,f "May 2008","
PlanetRadiocity.com”
]
}
Output:
{
"triples”: [
{
"context”: ["Radio City"”, "located in”, "India"],
"type": ["Organization”, "Location"]
} ’
{
"context”: ["Radio City", "is a", "private FM radio station"],
"type": ["Organization”, "Concept"]
} ’
{
"context”: ["Radio City", "started on”, "3 July 2001"],
"type": ["Organization”, "Date"]
} ’
{
"context”: ["Radio City", "broadcasts in", "Hindi"],
"type": ["Organization”, "Language"]
} ’
{
"context”: ["Radio City", "broadcasts in”, "English"],
"type": ["Organization”, "Language"]
} ’
{
"context”: ["Radio City", "launched”, "PlanetRadiocity.com"],
"type": ["Organization”, "Website"]
} ’
{
"context”: ["PlanetRadiocity.com”, "launched in"”, "May 2008"],
"type": ["Website"”, "Date"]
1
{
"context”: ["PlanetRadiocity.com”, "is a", "music portal”],
"type": ["Website"”, "Concept"]
3
1
3

A.7.4 Local Reasoning Prompt

Local Reasoning

Task. Fill the variable in the triple using the passages. Output ONLY:

<Answer>{"variable"”: "?x", "match”: "value"”, "passage_source_indices"”: [1]}</Answer>
If no answer:
<Answer>{}</Answer>

Prompt Template.

Q: {query}

Triple: {current_triples_str}
{condition_str}
{passages_str}
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