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Abstract

Multi-hop question answering (QA) requires
reasoning across multiple documents, yet ex-
isting retrieval-augmented generation (RAG)
approaches address this either through graph-
based methods requiring additional online pro-
cessing or iterative multi-step reasoning. We
present IndexRAG, a novel approach that shifts
cross-document reasoning from online infer-
ence to offline indexing. IndexRAG identifies
bridge entities shared across documents and
generates bridging facts as independently re-
trievable units, requiring no additional training
or fine-tuning. Experiments on three widely-
used multi-hop QA benchmarks (HotpotQA,
2WikiMultiHopQA, MuSiQue) show that In-
dexRAG improves F1 over Naive RAG by 4.6
points on average, while requiring only single-
pass retrieval and a single LLM call at infer-
ence time. When combined with IRCoT, In-
dexRAG achieves the best average performance
among all evaluated methods, including graph-
based baselines such as HippoRAG?2 and Fast-
GraphRAG, while relying on a flat vector in-
dex. Our code is available at https://github.
com/Continuum-AI-Corp/IndexRAG.

1 Introduction

Large language models (LLMs), built on the Trans-
former architecture (Vaswani et al., 2017), have
achieved remarkable performance across a wide
range of tasks, spanning language (Raffel et al.,
2020; Brown et al., 2020), vision (Dosovitskiy
et al., 2021; Radford et al., 2021), and speech
(Zhang et al., 2023; Défossez et al., 2024). How-
ever, their reliance on static parametric knowledge
limits their ability to incorporate domain-specific
or up-to-date information, often leading to halluci-
nations (Huang et al., 2025). Retrieval-Augmented
Generation (RAG) mitigates this by grounding gen-
eration in an external knowledge base, allowing the
model to retrieve relevant context before respond-
ing (Lewis et al., 2020).
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Figure 1: (a) Comparison of different RAG approaches
during offline indexing. IndexRAG shifts reasoning to
index time, generating bridging facts stored alongside
AKUs in a unified vector store. (b) Example from 2Wiki-
MultiHopQA (Ho et al., 2020). The query ‘“Where
was the director of the film Aylwin born?” requires
two-hop reasoning. With naive RAG, Chunk C con-
taining the director’s birthplace is not retrieved, causing
the LLM to output the director’s name instead. With
IndexRAG, a bridging fact supplying the director’s
birthplace is retrieved directly, completing the reason-
ing chain. The panel is illustrative, with the retrieved
units reported in Table 6 and analyzed in Section 5.2.1.

While effective for single-hop questions, con-
ventional RAG pipelines retrieve passages inde-
pendently and struggle when answering a question
requires synthesizing information across multiple
documents. Multi-hop QA requires reasoning over
multiple pieces of evidence spread across different
documents to reach the correct answer (Yang et al.,
2018; Ho et al., 2020; Trivedi et al., 2022). Graph-
based RAG systems (Edge et al., 2025; Gutiérrez
et al., 2024; Gutiérrez et al., 2025; You et al., 2025)
address this by constructing knowledge graphs that
explicitly represent inter-document relationships.
However, these methods often require multi-step
online processing, such as query-time entity ex-
traction, graph traversal, and multiple LLM calls,
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Single-pass Cross-doc Single LLM Training- Index-time

retrieval  reasoning call free reasoning
Naive RAG v X v v X
HippoRAG?2 X v X v X
IRCoT X v X v X
IndexRAG (Ours) v v v v v

Table 1: Qualitative comparison of different RAG approaches. IndexRAG is the only method that achieves cross-
document reasoning with single-pass retrieval and a single LLM call at inference time.

which increases inference cost and latency. Iter-
ative approaches such as IRCoT (Trivedi et al.,
2023) decompose complex queries through mul-
tiple rounds of retrieval and generation, resulting
in higher inference cost and slower response times.

To address these limitations, we propose In-
dexRAG, a novel approach that shifts cross-
document reasoning from online inference to of-
fline indexing. We observe that these connections
do not depend on the query. When two documents
mention the same entity, the link between them
is already fixed by what the documents say. This
makes it possible to precompute these reasoning
connections at indexing time, transforming per-
query reasoning into an offline step. We refer to
this paradigm as index-time reasoning. During in-
dexing, we extract atomic knowledge units (AKUs)
and entities from each document, and identify en-
tities that appear across multiple documents. We
then prompt an LLM to generate bridging facts that
capture cross-document reasoning by linking re-
lated evidence from different sources. Both AKUs
and bridging facts are stored in a unified vector
store. Figure 1 sets this against existing pipelines
and traces one query through both. At inference
time, a single retrieval pass and a single LLM call
suffice, with no graph traversal or repeated retrieval
rounds. Table 1 summarizes how IndexRAG differs
from existing approaches.

Our main contributions are as follows:

* We propose IndexRAG, a novel approach that
shifts cross-document reasoning from online
inference to offline indexing.

* We introduce bridging facts, a new type of
retrieval unit that encodes cross-document rea-
soning as independently retrievable entries in
a flat vector store, along with a balanced con-
text selection mechanism to control their pro-
portion at retrieval time.

* We propose a training-free framework that is
agnostic to the underlying retrieval strategy
and compatible with iterative methods such as
IRCoT, requiring no fine-tuning of the embed-
ding model or LLM.

* Experiments on three multi-hop QA bench-
marks show IndexRAG outperforms all single-
call baselines on average and, when combined
with IRCoT, achieves the best average perfor-
mance among all evaluated methods.

2 Related Work

2.1 Retrieval-Augmented Generation

To mitigate hallucinations arising from the static
parametric knowledge of LLMs, RAG augments
generation with external retrieval (Lewis et al.,
2020). In a typical RAG pipeline, documents are
encoded into a vector store, and relevant passages
are retrieved based on embedding similarity at in-
ference time. Recent research has focused on im-
proving retrieval representations. Karpukhin et al.
(2020) replace sparse retrieval with learned dense
representations, while Gao et al. (2023) prompt
the LLM to generate a hypothetical answer and
use it as the retrieval query to better align with
target passages. Other work investigates how doc-
uments should be segmented for indexing. Chen
et al. (2024) show that finer-grained units such as
propositions yield stronger retrieval than fixed-size
chunks. While propositions decompose individual
passages into finer units, they do not capture rea-
soning across documents. RAPTOR (Sarthi et al.,
2024) recursively summarizes passages into a hier-
archical tree structure for retrieval.

These methods primarily focus on improving
how individual passages are represented or orga-
nized. In contrast, our work focuses on the implicit
reasoning connections across documents, generat-
ing new retrieval units that make cross-document
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inferences explicitly retrievable.

2.2 Multi-hop Reasoning in RAG

Standard RAG retrieves passages independently,
struggling with questions that require reasoning
across multiple documents (Yang et al., 2018; Ho
et al., 2020; Trivedi et al., 2022). Two main direc-
tions have emerged to address this limitation.

The first incorporates graph structures into RAG.
GraphRAG (Edge et al., 2025) constructs an entity
graph from the corpus, applies community detec-
tion, and generates summaries for each community
to support global reasoning. FastGraphRAG! is
another graph-based approach that prioritizes in-
ference efficiency. HippoRAG (Gutiérrez et al.,
2024) draws inspiration from the human hippocam-
pal memory system, using a knowledge graph as
a long-term memory index to connect related pas-
sages, with Personalized PageRank for graph-based
retrieval. HippoRAG2 (Gutiérrez et al., 2025)
extends this line with additional fact-level em-
beddings while retaining Personalized PageRank
traversal at query time. MS-RAG (You et al., 2025)
maintains separate vector stores for entities, re-
lations, and chunks, using vector search for en-
tity extraction, but still requires graph traversal
at inference time. Although these methods im-
prove multi-hop performance, they require addi-
tional inference-time processing, such as entity
extraction, graph traversal, or reranking, beyond
standard vector search. Recent agentic memory
systems (Chhikara et al., 2025; Kang et al., 2025;
Xu et al., 2025; Hu et al., 2026) focus on mem-
ory construction for agentic or dialogue settings,
while our work studies index-time reasoning for
fixed-corpus multi-hop QA.

The second direction uses iterative retrieval. IR-
CoT (Trivedi et al., 2023) interleaves chain-of-
thought reasoning with retrieval, using intermedi-
ate reasoning steps to formulate new queries across
multiple rounds. This improves recall of relevant
evidence but introduces repeated retrieval and gen-
eration cycles that increase inference latency. Self-
Correcting RAG (Xu et al., 2026) pairs a knap-
sack formulation of context selection with an NLI-
guided tree search that can issue further retrieval
calls while exploring reasoning trajectories.

In contrast, IndexRAG shifts cross-document
reasoning to indexing time, making implicit con-
nections retrievable through standard vector search

1https://github.com/circlemind—ai/
fast-graphrag

without additional inference-time overhead.

3 Method

3.1 Overview

IndexRAG follows a two-phase pipeline: offline
indexing and online inference. During offline in-
dexing, we first extract atomic knowledge units
(AKUs) and entities from each document (Stage
1), then generate bridging facts that capture cross-
document reasoning by linking documents through
shared entities (Stage 2). Both AKUs and bridging
facts are encoded and stored in a unified vector
store, making cross-document reasoning directly
accessible through standard vector search. During
online inference, we perform single-pass retrieval
with balanced context selection and prompt the
LLM for answer generation. The overall pipeline
is illustrated in Figure 2 and detailed below.

3.2 Offline Indexing
3.2.1 Stage 1: AKU and Entity Extraction

Given a corpus of n documents D =
{dy,ds,...,d,}, we prompt an LLM to extract a
set of atomic facts, structured as question-answer
pairs, and associated entities from each document
d;. We retain only the answers, merging them into
a single text unit per document as the minimal
retrievable unit. We refer to this unit as an
atomic knowledge unit (AKU), denoted a;. The
LLM simultaneously extracts a set of entities
E;, = {egl), egl), ...}. Each AKU gq; is then
encoded by a dense embedding model f and stored
in a flat vector store V. Empirically, the choice of
extraction method in Stage 1 has a limited effect
on overall pipeline performance (Section 5.3.1).
Nevertheless, the AKU representation aggregates
atomic facts rather than preserving raw passages
with unrelated context, providing finer-grained
retrieval units similar to propositions (Chen et al.,
2024).

3.2.2 Stage 2: Bridging Fact Generation

The key observation motivating this stage is that
documents sharing common entities often contain
complementary information. While each document
alone may only provide partial evidence, their com-
bination can yield reasoning conclusions not explic-
itly stated in any single source. By making these
implicit connections explicit and retrievable, Stage
2 enables cross-document reasoning without any
additional inference-time processing.

3493


https://github.com/circlemind-ai/fast-graphrag
https://github.com/circlemind-ai/fast-graphrag

Stage 1: AKU & Entity Extraction

B

Stage 2: Cross-Document Bridging Fact Generation

6—*@

Entities
(es € ..y )

Documents
(d), d,, ..., d,)

Entity GroupBy LLM Bridging Facts
(freq > 2) (by. by ..., b,)

Vector Store

a) Offline Indexing

‘T ‘ Balanced Context Selection (max ;) LM A R
uery g /—’ at Retrieva DDDDDDDDD nswerai

b) Online Inference

Figure 2: Overview of IndexRAG. (a) Offline Indexing: In Stage 1, the LLM extracts AKUs and associated entities
from each document. In Stage 2, documents sharing the same entity are identified and used to generate bridging
facts. The resulting AKUs and bridging facts are encoded and stored in a unified vector store. (b) Online Inference:
the user query ¢ is encoded and used to retrieve relevant context. After applying balanced context selection with &y,
the selected context (a mix of AKUs and bridging facts) is fed to the LLM to generate the answer a.

Bridge Entity Identification. We aggregate all
entities from Stage 1 and identify bridge entities
that appear across multiple documents:

n
Evridge = {6 € U E;

=1

2§dﬂ@§T} (1)

where df(e) = [{d; € D : e € E;}| is the docu-
ment frequency of entity e, and 7 is an upper-bound
threshold. The lower bound ensures that bridge en-
tities connect at least two documents, while the
upper bound 7 excludes overly generic entities
(e.g., common nouns or high-frequency terms) that
would produce trivial bridging facts.

Bridging Fact Generation. For each bridge en-
tity e € Epridges let De = {d; € D : e € E;} be
the set of documents mentioning e. We collect the
subset of facts in each AKU a; that mention en-
tity e, denoted a;[e], identified via string matching
against the entity list from Stage 1. We then prompt
the LLM to generate bridging facts:

B. =LLM (e, {a;[e] : d; € D.}) (2)

where B, is the resulting set of bridging facts. We
limit the number of source documents to 5 and facts
per document to 8 to manage input length.

Unlike cross-document summaries, which com-
press existing content into shorter passages, bridg-
ing facts are constructed to directly answer implicit
cross-document questions. Figure 1(b) illustrates
this. Given Doc A stating “Aylwin is directed by
Henry Edwards” and Doc B stating “Henry Ed-
wards was born in Weston-super-Mare”, IndexRAG

generates the bridging fact “The director of the film
Aylwin was born in Weston-super-Mare”. Unlike
either source document, this fact directly encodes
the two-hop reasoning chain and is semantically
aligned with queries like “Where was the director
of Aylwin born?”’, making it retrievable via stan-
dard vector search even though neither source doc-
ument alone is sufficient to answer the query.

All bridging facts B = J_. Euidee B, are indi-
vidually encoded by f and stored alongside the
AKUs in V. When a new document d,e,, is added,
only Stage 1 for dnew and Stage 2 for affected
bridge entities need to be re-executed. This in-
cludes both existing bridge entities that appear in
dnew (Enew N Epridge) and newly formed bridge enti-
ties whose document frequency reaches 2 after the
addition. The rest of the index remains unchanged.

3.3 Online Inference

Given a query g, we encode it with the same embed-
ding model f and retrieve the top-k entries from
V by cosine similarity, where v; € V is either an
AKU or a bridging fact.

Balanced Context Selection. The retrieved top-
k set typically contains a mix of AKUs and bridg-
ing facts. However, because bridging facts are con-
siderably shorter than AKUs on average (166 vs.
634 characters in our experiments), they tend to
dominate the top-k, crowding out the longer AKUs.

To control this, let R = {r1,72,...} be all en-
tries in V sorted by descending similarity to g,
where each r; is either an AKU (r; € A) or a
bridging fact (r; € B). We greedily build the con-
text C by iterating over R in order. Each entry is
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Dataset Questions Passages
HotpotQA 1,000 9,827
2WikiMultiHopQA 1,000 6,262
MusSiQue 1,000 9,723

Table 2: Dataset statistics for the 1,000 question subsets
used in our experiments.

included if it is an AKU or if the number of bridg-
ing facts already in C'is below k, until |C| = k.
The procedure is summarized in Appendix B.

The selected context C' is concatenated in sim-
ilarity order and provided to the LLLM for answer
generation (see Figure 2b), without any additional
inference-time overhead.

4 Experimental Setup

4.1 Datasets

We evaluate on three widely-used multi-hop QA
datasets: HotpotQA (Yang et al., 2018), 2Wiki-
MultiHopQA (Ho et al., 2020), and MuSiQue
(Trivedi et al., 2022).

HotpotQA contains 113k questions requiring rea-
soning over multiple Wikipedia passages. 2Wiki-
MultiHopQA provides multi-hop questions across
different types (comparison, bridge comparison,
compositional, and inference) with structured rea-
soning paths. MuSiQue consists of 25k 2-4 hop
questions composed from single-hop sub-questions,
and is generally considered the most challenging
among the three. Following prior work (Press et al.,
2023; Trivedi et al., 2023; Gutiérrez et al., 2024;
Gutiérrez et al., 2025), we sample 1,000 questions
from each validation set and collect all associated
passages (supporting and distractor) as the retrieval
corpus. Dataset statistics are summarized in Ta-
ble 2.

4.2 Implementation Details

We use GPT-40-mini ? as the LLM for all stages
and all methods, including baselines, to ensure a
fair comparison. All text is encoded using Ope-
nAlI’s text-embedding-3-small 3, and we use FAISS
(Dougze et al., 2026) for vector indexing. Prompt
templates for all stages and answer generation are
provided in Appendix H.

2https ://openai.com/index/

gpt-4o-mini-advancing-cost-efficient-intelligence/

3https ://developers.openai.com/api/docs/
models/text-embedding-3-small

HotpotQA 2Wiki MuSiQue
Bridge entities 8,878 4,817 6,471
Bridging facts 12,608 6,821 8,010
Non-empty rate 85% 88% 79%

Table 3: Bridging fact generation statistics.

Offline Indexing. In Stage 1, we pass each full
document to the LLLM for AKU and entity extrac-
tion. In Stage 2, we set the entity frequency thresh-
old 7 = 10, with a maximum of 5 source docu-
ments and 8 facts per document for each bridge en-
tity. The offline pipeline requires one LLM call per
document for Stage 1 and one LLM call per bridge
entity for Stage 2, with the total Stage 2 cost pro-
portional to |Eprigge|. Entities with no meaningful
cross-document connection are discarded, account-
ing for the non-empty rates in Table 3. For base-
line methods that require chunking (Naive RAG,
RAPTOR, etc.), we split documents into passages
of approximately 100 words following Chen et al.
(2024), with an 80-character overlap in our imple-
mentation.

Online Inference. All methods retrieve 20 can-
didates and select the top £ = 10 for answer gener-
ation. For IndexRAG, balanced context selection
with k;, = 3 is additionally applied to control the
proportion of bridging facts in the selected con-
text. Unless otherwise specified, this value is used
throughout rather than tuned per dataset.

Since all evaluated datasets expect short-form
answers (typically a few words), we set the gener-
ation temperature to 0 and max tokens to 50. For
IRCoT experiments, we adopt the interleaving pro-
cedure of Trivedi et al. (2023), with 3 reasoning
steps and top-20 retrieval per step chosen for our
setup. When combined with IndexRAG, bridg-
ing facts are included in the retrieval corpus and
balanced context selection is applied at the final
answer generation step, with k, = 3.

4.3 Baselines

We compare IndexRAG against baselines span-
ning five categories: (1) Sparse retrieval: BM25
(Robertson and Walker, 1994), (2) Dense re-
trieval: Naive RAG with fixed-size chunking us-
ing the same embedding model, (3) Iterative ap-
proach: IRCoT (Trivedi et al., 2023), (4) Graph-
based: FastGraphRAG * and HippoRAG?2 (Gutiér-
rez et al., 2025), and (5) Hierarchical: RAPTOR

4https://github.com/circlemind—ai/
fast-graphrag
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HotpotQA 2WikiMultiHopQA MuSiQue Average
EM Acc F1 EM Acc F1 EM Acc F1 EM Acc F1
BM25 472 512 603 31.6 325 359 98 107 192|295 315 385
Naive RAG 502 540 63.6 422 445 477 190 204 299 | 371 396 47.1
FastGraphRAG 500 538 635 495 548 574 175 188 272 | 39.0 425 494
RAPTOR 502 541 63.6 423 442 478 193 203 29.7 | 373 395 470
IndexRAG 539 593 689 448 503 51.7 224 244 344 | 404 447 517
HippoRAG2 56.5 60.7 70.5 502 557 572 238 255 347 | 435 473 54.1
IRCoT 498 549 625 39.7 413 431 11.1 123 193 | 335 362 416
IRCoT + IndexRAG 54.5 59.7 68.7 534 612 61.2 24.6 265 350 | 442 49.1 55.0

Table 4: Multi-hop QA performance (%) on three multi-hop QA benchmarks. Best single-call results per dataset are
in bold. Best multi-call results are in bold gray. Methods requiring multiple LLM calls at inference time are greyed

out.

(Sarthi et al., 2024). We adopt FastGraphRAG as
a representative graph-based baseline due to its
improved efficiency over GraphRAG (Edge et al.,
2025) while maintaining competitive performance.
HippoRAG?2 embeds the query to retrieve candi-
date triples, filters them with an LLM, and then
runs Personalized PageRank over the graph, re-
sulting in additional online processing beyond flat
vector search. Note that IRCoT was originally eval-
uated with BM25, so we re-run it with the dense
retriever used throughout our experiments to keep
the comparison controlled. To demonstrate the gen-
erality of Stage 2, we also report IRCoT combined
with bridging facts.

4.4 Evaluation Metrics

We evaluate using three metrics: Exact Match
(EM), Accuracy (Acc), and F1 score, all computed
after answer normalization following Rajpurkar
et al. (2016). In addition, we report average re-
trieval latency and the number of LLM calls at
inference time to assess efficiency. Formal defini-
tions are provided in Appendix A.

5 Results

5.1 Quantitative Results
5.1.1 Multi-hop QA Performance

Table 4 presents the main results across the three
multi-hop QA benchmarks. We report F1 score as
the primary metric as it captures partial credit for
partially correct answers.

Single-call methods. Among methods requir-
ing only a single LLM call at inference time, In-
dexRAG achieves the highest average scores across
all three metrics. IndexRAG obtains an average
F1 of 51.7, improving over Naive RAG (+4.6),
BM25 (+13.2), FastGraphRAG (+2.3), and RAP-
TOR (+4.7). On HotpotQA and MuSiQue, In-

Method EM Time(s) Calls
Naive RAG 19.0 0.29 1.0
FastGraphRAG 17.5 2.55 1.0
RAPTOR 19.3 0.47 1.0
IndexRAG 224 0.30 1.0
HippoRAG2 23.8 3.13 2.0
IRCoT + IndexRAG  24.6 1.08 32

Table 5: Quality-efficiency comparison (%) on
MuSiQue. Gray rows indicate multi-call methods.

dexRAG ranks first across all metrics, with par-
ticularly strong gains on MuSiQue (34.4 vs. 29.9
for Naive RAG), where all baselines achieve their
lowest scores across the three datasets. On 2Wiki-
MultiHopQA, FastGraphRAG achieves the best
single-call performance (57.4). Comparison and
bridge comparison questions, which account for
44% of this dataset, require parallel entity lookups
that align naturally with explicit graph structures.
IndexRAG’s bridging facts are generated along se-
quential reasoning paths and provide limited bene-
fit for these question types, as further analyzed in
Section 5.3.3. Despite this, IndexRAG achieves the
best average F1 among all single-call methods.

Multi-call methods. When combined with IR-
CoT, IndexRAG achieves the best average perfor-
mance among all evaluated methods. IRCoT +
IndexRAG reaches an average F1 of 55.0, slightly
exceeding HippoRAG?2 (54.1) and well above stan-
dalone IRCoT (41.6). Adding bridging facts to
IRCoT improves performance by 13.4 points over
IRCoT alone on average, with the largest gain
on 2WikiMultiHopQA (+18.1), suggesting that
index-time bridging facts complement query-time
iterative retrieval in this setting. HippoRAG?2
achieves the highest single-dataset score on Hot-
potQA (70.5), but requires LLM-based triple filter-
ing and Personalized PageRank traversal at query
time, resulting in significantly higher retrieval la-
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Query: Where was the director of the film Aylwin born?
Gold Answer: Weston-super-Mare

Naive RAG
Retrieved [1] Aylwin is a 1920 British silent drama film directed by Henry Edwards...
[2] Jim Wynorski (born August 14, 1950) is an American screenwriter...
[3] Frank Launder (28 January 1906 — 23 February 1997) was a British writer, film director...
Generated X Henry Edwards
IndexRAG
Retrieved [1] Aylwin is a 1920 British silent drama film directed by Henry Edwards... (AKU)
[2] Henry Edwards directed both Aylwin and In the Soup, showcasing his career... (bridging fact)
[3] Henry Edwards, born on 18 September 1882 in Weston-super-Mare... (bridging fact)
Generated v Weston-super-Mare

Table 6: Case study from 2WikiMultiHopQA, analyzed in Section 5.2.1. Only the top-3 results are shown, with the

decisive fact highlighted in green .

tency, as detailed in Section 5.1.2.

5.1.2 Quality-Efficiency Comparison

Table 5 presents the quality-efficiency trade-off on
MuSiQue. Among single-call methods, IndexRAG
achieves the best EM (22.4) with a retrieval la-
tency of 0.30 seconds, nearly identical to Naive
RAG while improving EM by 3.4 points. Fast-
GraphRAG, despite requiring only a single LLM
call, requires 2.55 seconds per query, 8.5x slower
than IndexRAG while achieving lower EM (17.5).
Among multi-call methods, HippoRAG2 achieves
a slightly higher EM of 23.8 but at the cost of two
LLM calls and a retrieval latency of 3.13 seconds,
over 10x that of IndexRAG. IRCoT + IndexRAG
achieves the best EM of 24.6 with a retrieval latency
of 1.08 seconds, still 2.9x faster than HippoRAG2
at the retrieval stage, although it averages 3.2 LLM
calls per query and we do not measure end-to-end
latency including generation.

These results show that IndexRAG achieves
strong performance with minimal online overhead
by shifting part of the computation to indexing.
To make this trade-off explicit, Appendix D re-
ports indexing cost and storage overhead. Com-
pared with HippoRAG2, IndexRAG produces a
17-20x smaller index across the three datasets and
reduces offline indexing cost by 30-50%. Within
IndexRAG, Stage 2 (bridging fact generation) con-
tributes only 14—18% of the total offline cost.

5.2 Qualitative Results
5.2.1 Case Study

To illustrate how bridging facts improve multi-hop
retrieval, we examine a concrete example from
2WikiMultiHopQA (Table 6). The query “Where
was the director of the film Aylwin born?” requires
two-hop reasoning: (1) identifying the director of

Method EM Acc F1

Chunking 50.2 54.0 63.6
Summary 517 554 66.0
QA extraction 53.2 574 67.2

Table 7: Stage 1 extraction method comparison (%) on
HotpotQA without bridging facts.

the film Aylwin as Henry Edwards, and (2) deter-
mining his birthplace. The relevant information
is spread across two documents, requiring cross-
document reasoning to connect the film to the di-
rector’s biographical details.

For both methods, we present the top-3 retrieved
results. Naive RAG retrieves the correct film pas-
sage as its top-ranked result, which identifies Henry
Edwards as the director of Aylwin. However, the
remaining two passages contain unrelated directors.
The passage containing Edwards’ birthplace exists
in the vector store but falls outside the top-k, caus-
ing the LLLM to output the director’s name rather
than his birthplace. IndexRAG retrieves the same
film passage as its top-ranked result. However,
the remaining two slots are filled by bridging facts
generated during offline indexing: one connecting
Edwards to his directing career and another linking
him to his birthplace in Weston-super-Mare. With
this cross-document context directly available, the
LLM correctly answers the query.

This example demonstrates that bridging facts
do not merely summarize existing content but cre-
ate new retrievable units that connect information
across document boundaries, making evidence that
fell outside the top-k directly accessible through
standard vector search.
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Configuration EM Acc F1

Naive RAG 19.0 204 299
+ Stage 2 223 244 344
QA Extraction 18.1 20.1 30.1
+ Stage 2 224 244 344

Table 8: Stage 2 bridging facts added on top of two
different Stage 1 representations (%) on MuSiQue.

Dataset Datastore Recall@10 EM
T T SR
i Gyt 05
wosiqu et @0

Table 9: Recall@10 vs EM (%) with and without bridg-
ing facts.

5.3 Ablation Study

5.3.1 Effect of Each Stage

Stage 1: Extraction Method. Table 7 compares
three Stage 1 strategies on HotpotQA without bridg-
ing facts. Naive chunking yields the lowest perfor-
mance with an F1 of 63.6. Summarization provides
a modest improvement (+2.4) over naive chunk-
ing by compressing each document before index-
ing. QA extraction achieves the best results across
all metrics, improving F1 by 3.6 over chunking
and 1.2 over summarization. Structuring document
content as question-answer pairs appears to yield
denser, more query-aligned units. Each AKU en-
codes one piece of answerable information rather
than raw document text. QA extraction is therefore
our default Stage 1 strategy, used throughout unless
otherwise specified.

Stage 2: Compatibility with the Base Repre-
sentation. Table 8 tests whether the gain from
Stage 2 depends on the Stage 1 extraction method.
On MuSiQue, bridging facts added to Naive RAG
and to QA extraction reach nearly the same final
score (22.3 and 22.4 EM, respectively), so the im-
provement appears independent of which Stage 1
representation is in the index. This is practically
important, since Stage 2 can be applied on top of
an existing RAG system without modifying the
underlying indexing pipeline.

5.3.2 Recall vs. End-to-End Performance

Table 9 examines the relationship between passage
recall and QA performance when bridging facts
are added to the vector store. Across all three

100 1

w/o bridging facts
30 1 782 796 w/ bridging facts
63.3 63.5
g 60
=
=40 1
29 20624
20 i 17.2
0

Comp. Bridge. Composit. Infer.

Figure 3: Fine-grained EM (%) on 2WikiMultiHopQA
by question type. Results are shown with and without
bridging facts.

datasets, adding bridging facts consistently reduces
Recall@10 yet improves EM, with the largest EM
gain on MuSiQue (+4.3), followed by 2WikiMul-
tiHopQA (+3.1) and HotpotQA (+0.7), suggest-
ing bridging facts are most beneficial for harder
datasets requiring more cross-document reasoning.

The recall drops because bridging facts compete
with original passages for retrieval slots. Since
bridging facts are newly generated by the LLM,
they do not correspond to any original passage and
therefore contribute no gain to passage-level re-
call. Despite this, the consistent EM improvement
across all three datasets suggests that the cross-
document reasoning encoded in bridging facts is
more valuable for answering multi-hop questions
than the original passages they replace. Appendix F
quantifies this. When bridging facts are present in
the index but withheld from the prompt, F1 stays
within 1 point of Naive RAG. Adding them to the
prompt raises F1 by 4.5 to 5.3 points.

5.3.3 Performance Across Question Types

We break results down by question type to see
which kinds of reasoning benefit. Of our three
datasets, 2WikiMultiHopQA has the most fine-
grained type labels, so Figure 3 reports its four
types (comparison, bridge comparison, composi-
tional, and inference). The largest gains from bridg-
ing facts appear on compositional (+5.7) and infer-
ence (+3.7) questions, both of which require com-
bining evidence from separate documents to derive
an answer. This aligns with the design of bridg-
ing facts, which explicitly encode cross-document
connections.

Comparison questions also benefit from bridging
facts (+1.4), as they often require retrieving infor-
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mation of two entities from different documents.
Bridge comparison questions show minimal im-
provement (+0.2). These questions require two
reasoning chains in parallel, each resolving a piece
of information (e.g., birthdate) for a different entity
before the two are compared. For instance, “Which
film has the director born later, X or Y?” requires
resolving the director and birthdate for both X and
Y separately. Since our bridging facts are gener-
ated along sequential reasoning paths, they tend to
cover only one of the two parallel paths, providing
limited benefit for this question type.

These results suggest that bridging facts are most
effective for question types that require synthesiz-
ing evidence across documents, such as compo-
sitional and inference questions. The relatively
smaller gains on comparison and bridge compari-
son questions, which together account for 44% of
the dataset, partially explain why IndexRAG does
not lead the single-call methods on 2WikiMulti-
HopQA.

6 Conclusion

We present IndexRAG, a novel approach that shifts
cross-document reasoning from online inference
to offline indexing. During indexing, IndexRAG
generates bridging facts that capture entity-level
connections across documents, stored alongside
AKUs in a unified vector store. At inference time,
a single retrieval pass and a single LLM call suf-
fice to produce the final answer. Extensive exper-
iments on three multi-hop QA benchmarks show
that IndexRAG achieves the best average F1 among
single-call methods, outperforming the strongest
baseline by 2.3 F1 points. The cross-document
work happens once at index time, so the online
cost stays that of flat vector search. Retrieval is
6.6—10.4 x faster than HippoRAG?2, on an index 17—
20x smaller and cheaper to build. IndexRAG also
composes with iterative retrieval. Adding bridging
facts to IRCoT raises its average F1 to 55.0, the
best result among all evaluated methods. An abla-
tion shows that bridging facts help mainly as direct
evidence read by the generator rather than as hints
that reorder retrieval.

Future work could explore bridging fact genera-
tion conditioned on question type to handle diverse
reasoning patterns, and higher-order bridging struc-
tures that compose several connections for longer
reasoning chains. Adapting k; per query and pre-
dicting which bridge entities are worth expanding

could further improve quality and reduce indexing
cost. More broadly, other reasoning that does not
depend on the query could move to index time.
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Limitations

IndexRAG targets multi-hop questions whose ev-
idence can be connected through shared entities,
and its benefits are concentrated there. Gains are
smaller on comparison-style questions (Ho et al.,
2020), which call for parallel lookup rather than a
hidden intermediate entity (Section 5.3.3), and they
shrink with hop depth, becoming negligible at four
hops (Appendix G). Outside the multi-hop regime
the benefit is small: on single-hop Natural Ques-
tions (Kwiatkowski et al., 2019) bridging facts add
0.1 F1 over an index of AKUs alone (Appendix E).

IndexRAG also relies on LLM-based preprocess-
ing during offline indexing, including bridge entity
extraction and bridging fact generation. Missed
or noisy entities and hallucinated bridging facts
may introduce irrelevant retrieval units and hurt
performance. Dedicated NER models, source attri-
bution, or verification mechanisms could improve
robustness. Our evaluation is limited to English
multi-hop QA benchmarks under a pre-indexed cor-
pus setting with clean text queries. On these same
benchmarks, multi-hop retrieval has been found
to amplify rather than absorb upstream transcrip-
tion errors (Bao, 2026), so robustness to noisy in-
put is an open direction. Generalization to other
languages, domains, and dynamic corpora also re-
mains unexplored.
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A Evaluation Metrics

Let @ and a* denote the normalized prediction and
gold answer, and let ¢(-) denote the token sequence
of a string and 7'(+) its set of distinct tokens. Exact
Match (EM) measures whether the prediction is
identical to the gold answer:

1 ifa=a"
EM = . 3)
0 otherwise

Accuracy (Acc) measures whether the gold an-
swer appears as a substring of the prediction:

1 ifa*Ca
Acc = ) @
0 otherwise

F1 computes the token-level harmonic mean of
precision and recall, counting each matching to-
ken once in the numerator and all tokens in the
denominators:

_ [T(@) nT(a")]

T(@) N T(a)
="

, =
[(a*)]
&)

2PR

F =
'""P+R

(6)

B Balanced Context Selection

Algorithm 1 presents the full procedure for bal-
anced context selection, which controls the propor-
tion of bridging facts in the retrieved context.

Algorithm 1 Balanced Context Selection

1: C+0,np <0
2: for r; in R do

3: if |C| = k then

4: break

5: end if

6: if r; € Aorn, < ky, then
7: C <+ CuU{r}

8: if r; € BB then

9: ny < ny + 1

10: end if

11: end if

12: end for

13: return C

C Effect of Balanced Context Selection

The parameter k; controls the maximum number of
bridging facts included in the retrieved context. Ta-
ble 10 shows results for k; € {0,1,2,3,5}, where
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kb HotpotQA  2Wiki MuSiQue
0 (no bridging) 53.2 41.7 18.1
1 52.7 433 21.6
2 54.1 43.2 22.4
3 53.9 44.8 224
5 52.9 444 22.3

Table 10: Balanced retrieval ablation (EM, %).

Dataset Latency (s) Index (MB) Cost ($)

HotpotQA - 144 712657 4.43/6.37
2Wiki 0.447/2.89 83/1426 2.60/522
MuSiQue 0.30/3.13 11472278 3.67/6.56

Table 11: End-to-end cost. Each cell is IndexRAG /
HippoRAG2. Latency is retrieval time per query, and
was not measured on HotpotQA. Cost is recorded di-
rectly from OpenAl API responses over the full retrieval
corpus of each dataset using gpt-4o-mini pricing.

ky = 0 corresponds to retrieval without bridging
facts. Performance peaks at k;, = 2 on HotpotQA
and MuSiQue (with MuSiQue tying at k;, = 2 and
kp = 3), and at k;, = 3 on 2WikiMultiHopQA, then
declines as kj increases further. This is because
bridging facts are shorter than AKUs on average
(166 vs. 634 characters), so including too many
bridging facts displaces original context, which
contains more informative content. We observe
that datasets requiring more cross-document rea-
soning, such as MuSiQue, tolerate a higher k;.

D End-to-End Cost Accounting

Index-time reasoning trades online cost for offline
cost, so both sides need accounting. Table 11 re-
ports retrieval latency, index size on disk, and of-
fline indexing cost against HippoRAG?2 on each
dataset.

IndexRAG is cheaper to index than HippoRAG2
despite generating new bridging facts. The
bridging-fact generation stage accounts for only
18% of the total IndexRAG offline cost on Hot-
potQA, 17% on 2WikiMultiHopQA, and 14% on
MuSiQue, suggesting that index-time bridging
adds little at the margin rather than hiding an ex-
pensive preprocessing step.

E Single-Hop Sanity Check

To verify that adding bridging facts does not harm
retrieval quality outside the multi-hop regime In-
dexRAG targets, we run a sanity check on Natural
Questions (Kwiatkowski et al., 2019). We sample
1,000 answerable questions from the validation set,
retrieve their associated Wikipedia articles from the

Method EM F1
Naive RAG 332 477
AKU-only (no bridging) 354 49.6

IndexRAG (AKU + bridging) 359 49.7

Table 12: Single-hop sanity check on Natural Questions.

IWiki MuSiQue
Method EM FI EM FI
Naive RAG 2 477 190 299

Retrieval-only 417 472 177 291
Full IndexRAG 44.8 51.7 224 344

Table 13: Mechanism ablation. Bridging facts remain
in the index but are removed from the final prompt in
the middle row.

DPR-preprocessed BEIR/NQ corpus (Karpukhin
et al., 2020; Thakur et al., 2021), and merge pas-
sages per article, resulting in 924 unique articles
after deduplication. This mirrors our closed-corpus
multi-hop QA protocol.

Table 12 shows that IndexRAG does not degrade
single-hop performance. The gain over Naive RAG
comes primarily from AKU granularity rather than
bridging facts: AKU-only retrieval improves EM
by 2.2 points, while adding bridging facts con-
tributes a further 0.5 EM. This is expected because
bridging facts are designed for cross-document in-
ference, whereas single-hop questions mainly ben-
efit from more focused retrieval units.

F Mechanism Analysis: Direct Evidence
or Retrieval Hint?

A bridging fact could help in two ways: the gener-
ator may read it as evidence, or its presence in the
index may change which AKUs are retrieved. To
separate the two, we evaluate a variant that keeps
bridging facts in the index, where they still compete
for top-k slots, but removes them from the prompt
before generation. If the benefit comes from better
retrieval, this variant should still beat Naive RAG
on F1. If the generator has to read the fact itself,
that advantage should vanish.

Table 13 shows the retrieval-only variant staying
within 1 F1 of Naive RAG and falling far below full
IndexRAG. Putting the facts back into the prompt
recovers 4.5 F1 on 2WikiMultiHopQA and 5.3 F1
on MuSiQue. The generator therefore has to read
the fact itself, and better retrieval alone accounts
for almost none of the improvement.

The same variant also puts a ceiling on what slot
displacement costs. Its F1 sits 0.5 below Naive
RAG on 2WikiMultiHopQA and 0.8 below on
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MuSiQue subset N AEM AF1

2-hop 535  +6.2 +5.4
3-hop 318  +3.1 +4.5
4-hop 147  +14 —0.2

Table 14: IndexRAG improvement by hop depth on
MuSiQue.

MuSiQue. The variant differs from Naive RAG
in two ways: bridging facts take up top-k slots, and
fixed chunks are replaced by AKUs. Those gaps
therefore bound displacement rather than measure
it. The AKU-only index isolates it, differing from
the retrieval-only variant only in whether bridging
facts are present. On MuSiQue, F1 falls from 30.1
(Table 8) to 29.1, a drop of 1.0.

G Effect of Hop Depth

We further analyze IndexRAG on MuSiQue by hop
depth, using the dataset’s Nyop field to partition the
1,000 questions into 535 two-hop, 318 three-hop,
and 147 four-hop subsets. Table 14 reports the
improvement of IndexRAG over the no-bridging
variant on each subset.

The benefit decreases with hop depth and is neg-
ligible on four-hop questions. This pattern is con-
sistent with the design of bridging facts, which pri-
marily encode pairwise connections between docu-
ments sharing an entity. Longer reasoning chains
may require composing multiple bridging facts or
generating higher-order bridging structures.

H Prompt Templates

We present all prompt templates used in our ex-
periments. Figure 4 shows the Stage 1 AKU
extraction prompt, which instructs the LLM to
extract factual information from a document as
atomic question-answer pairs. Figure 5 shows the
summary-based Stage 1 baseline. The LLM is
asked to produce a comprehensive summary of
each document. For Stage 2, Figure 6 provides
documents sharing a common entity and prompts
the LLM to generate cross-document bridging facts
in JSON format. Figure 7 is the answer generation
prompt shared across all methods, requiring the
LLM to output concise, exact answers without ex-
planation. Figure 8 presents the IRCoT reasoning
prompt, which elicits step-by-step chain-of-thought
reasoning and guides the LLM to suggest follow-
up search queries when additional information is
needed.
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[context]

{text}

[/context]

You are an expert information extractor. Extract ALL factual information from the content above as question-answer pairs.
# Requirements:

- Each FAQ answers exactly ONE question (atomic)

- Questions are natural English (“Who directed X?” not “Director of X”)
- Answers are complete and self-contained

- Extract every entity, date, relationship, event, and property

- ALL output in English

# Output Schema:

{"all_fags": [
{"question": "...", "answer": R
"entities”: ["Entity1"”, "Entity2"]}

n ”

13
# Example:
Source: “Ed Wood is a 1994 American biographical film directed by Tim Burton, starring Johnny Depp.
{"all_fags": [
{"question”: "Who directed Ed Wood?",

"answer”: "Tim Burton directed Ed Wood.",

"entities”: ["Ed Wood"”, "Tim Burton"]}
13

Return ONLY valid JSON. Start with {, end with }. No markdown, no comments.

)

Figure 4: Prompt template for Stage 1 AKU extraction. The entities field is the entity set F; used by Stage 2.
The example is shown with one of its four question-answer pairs for brevity.

Given the following document, write a comprehensive summary that captures all key facts, entities, relationships, and
details. Be thorough and do not omit important information.

Document: {text}

Summary:

Figure 5: Prompt template for the Stage 1 summary strategy.

Given the following information about “{entity}” from multiple source documents, generate bridging facts that connect
information across these documents.

{doc_sections}

Requirements:

- Each bridging fact must combine information from 2+ documents

- Be factually accurate — only connect information that is logically related

- Each fact should be self-contained and understandable without context

- Do not generate speculative connections

- If documents share the entity name but are about unrelated topics, return empty

Return a JSON array of strings. If no meaningful connections exist, return [].

Figure 6: Prompt template for Stage 2 bridging fact generation.

You are a precise question answering assistant. Answer with ONLY the exact information requested, with no explanations
or extra words. If the answer is a name, give only the name. If the answer is a number, give only the number. If the answer
is yes/no, give only yes or no.

Context: {context}

Question: {question}

Figure 7: Prompt template for answer generation (used by all methods).
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You are a reasoning assistant that helps answer multi-hop questions step by step.

Question: {question}

Retrieved Information: {context}

Reasoning so far: {cot_so_far}

Write ONE brief reasoning sentence that makes progress toward answering the question. If more information is needed,
suggest a specific search query.

Format your response as:

Reasoning: (one sentence of reasoning)

Search: (next search query, or DONE if ready to answer)

Figure 8: Prompt template for IRCoT chain-of-thought reasoning, following Trivedi et al. (2023).

3506



