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Abstract

Graph-structured retrieval-augmented genera-
tion (GraphRAG) has shown strong potential
for improving multi-hop reasoning in large lan-
guage models. However, existing approaches
typically depend on dense entity—entity linking,
which is computationally expensive, suscepti-
ble to hallucinated relations, and difficult to
maintain under continual updates. We present
Bipartite Graph Retrieval-Augmented Genera-
tion (BG-RAG), a lightweight bipartite frame-
work that organizes knowledge into three lay-
ers, from chunks to entities to concepts, and re-
places direct entity links with concept-mediated
connections. This design enables more effi-
cient graph construction, reduces reliance on
hallucination-prone relation-edge prediction by
avoiding explicit entity—entity relation extrac-
tion, and naturally supports incremental up-
dates without global reconstruction. Exper-
iments on HotpotQA, 2Wiki, and MuSiQue
show that BG-RAG achieves competitive per-
formance against RAG and GraphRAG base-
lines. Its concept-mediated structure also pro-
vides a lightweight alternative to dense en-
tity—entity graph construction. These results
suggest that BG-RAG is a lightweight alterna-
tive for retrieval-augmented generation, particu-
larly when avoiding dense entity—entity linking
is desirable.

1 Introduction

Large language models (LLMs) augmented with
retrieval have achieved notable gains in factual
accuracy and reasoning (Lewis et al., 2020; Ar-
slan et al., 2024; Gao et al., 2023b). In particular,
retrieval-augmented generation (RAG) enhances
LLMs by grounding responses in external docu-
ments. However, standard RAG pipelines typically
rely on vector similarity alone, which often falls
short on multi-hop reasoning tasks that require con-
necting evidence spread across multiple passages.
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To address this limitation, recent work has pro-
posed graph-based RAG approaches that construct
entity-level graphs from text and use graph traver-
sal to assemble richer contexts (Edge et al., 2024;
Han et al., 2024; Peng et al., 2025; Zhang et al.,
2025).

And existing GraphRAG methods face several
challenges. First, constructing dense entity—entity
graphs can incur quadratic pairwise-linking cost
in the number of extracted entities. Second, de-
pendence on LLLM-based relation extraction intro-
duces spurious or hallucinated edges, which propa-
gate noise into retrieval paths. Third, some graph-
construction pipelines require rebuilding when new
documents are added, making them poorly suited
for dynamic or evolving collections. These limita-
tions restrict the scalability and reliability of current
GraphRAG approaches in practice.

We introduce BG-RAG, a lightweight alternative
that rethinks graph construction as a three-layer
bipartite structure: from chunks to entities to con-
cepts. Instead of linking entities directly to each
other, BG-RAG groups them under higher-level
concepts, which act as semantic hubs. This de-
sign offers three advantages: (i) graph construction
becomes more efficient by avoiding costly pair-
wise linking, (ii) reliance on hallucination-prone
relation-edge prediction is reduced by mediating
connections through shared concepts, and (iii) the
bipartite structure naturally supports incremental
updates, enabling new documents to be integrated
without rebuilding the entire graph. At query
time, BG-RAG maps the input to relevant entities
and concepts, then expands to retrieve compact,
concept-linked neighborhoods of supporting evi-
dence, which are fed into the LLM. Across multi-
hop QA benchmarks ((HotpotQA (Yang et al.,
2018), 2Wiki (Ho et al., 2020), MuSiQue (Trivedi
et al., 2022))), BG-RAG achieves competitive an-
swer quality compared to the evaluated RAG and
GraphRAG baselines. Its concept-mediated de-
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Figure 1: Architecture of the three-layer bipartite framework BG-RAG. Knowledge is organized as chunks —
entities — concepts, illustrating concept-mediated connectivity and local insertion updates.

sign avoids explicit entity—entity linking, offering
a lightweight structure that is easier to update than
dense graph constructions. Our contributions are
threefold:

1. We propose a bipartite formulation for graph-
based RAG that avoids explicit entity—entity
relation prediction.

2. We describe an incremental update mecha-
nism that can incorporate new documents
through local updates to chunk—entity and en-
tity—concept incidence layers.

3. We demonstrate empirical effectiveness on
three multi-hop QA benchmarks, showing that
BG-RAG is a practical alternative to existing
GraphRAG methods.

2 Related Work

Retrieval-augmented generation (RAG) grounds
LLM outputs in external corpora at inference time
(Lewis et al., 2020; Arslan et al., 2024; Fan et al.,
2024; Gupta et al., 2024). Techniques such as
dense retrieval (Karpukhin et al., 2020; Xiong et al.,
2021; Rubin et al., 2022; Gao et al., 2026), rerank-
ing (Nogueira and Cho, 2019; Glass et al., 2022;
Gao et al., 2024) have been shown to improve
the quality of retrieved evidence. Nevertheless,
vector-only pipelines remain brittle when address-
ing multi-hop questions, as they struggle to con-
nect dispersed facts that require explicit reasoning
across multiple passages (Yang et al., 2018). Graph-
based RAG attempts to overcome this limitation
by constructing entity-centric graphs and perform-
ing graph traversal to assemble structured evidence
(Edge et al., 2024; Han et al., 2024; Sarthi et al.,

2024; Gao and Metaxas, 2026). However, build-
ing dense entity—entity graphs is computationally
costly and highly sensitive to extraction errors and
LLM-induced hallucinations (Ji et al., 2023). Ear-
lier information-extraction pipelines such as Ope-
nlE (Angeli et al., 2015) scale tuple extraction but
often introduce noise. More recent LLM-driven
graph builders (e.g., KGGEN (Mo et al., 2026))
mitigate sparsity through clustering, yet they still
depend on predicted links and periodic graph re-
builds, which limits their scalability. Taken to-
gether, these lines of work span a continuum from
flat passage retrieval to relation-rich graph con-
struction. This continuum motivates intermediate
designs that preserve structured evidence expansion
without requiring a fully relation-labeled graph.
Our proposed approach, BG-RAG, departs from
these designs by replacing direct entity—entity con-
nections with a bipartite, concept-mediated struc-
ture (from chunks to entities to concepts). This
formulation (i) avoids quadratic entity—entity link-
ing and reduces the structural complexity of graph
construction, (ii) limits reliance on predicted re-
lations by mediating connectivity through shared
concepts, and (iii) supports local updates at both
the chunk—entity and entity—concept layers. Recent
lightweight and relation-free GraphRAG methods
likewise reduce reliance on explicit relation extrac-
tion, while concept-oriented methods use concepts
for context construction or retrieval. BG-RAG is
therefore positioned not as the first relation-free or
concept-based approach, but as a compact formula-
tion in which concepts serve as explicit mediation
nodes between chunk—entity and entity—concept
incidence layers.
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3 Method

BG-RAG organizes a corpus into a three-level rep-
resentation (chunks, entities, and concepts) and
constructs concept-mediated connections that en-
able multi-hop retrieval without requiring dense,
error-prone entity—entity links. We describe both
(i) graph construction and (ii) query-time retrieval.
Figure 1 shows the piplines of the BG-RAG.

3.1 Graph Construction

The construction process requires a document set
D, a sentence or token splitter, an entity extractor,
and a text encoder f(-) for embeddings.

Step G1: Chunking. Each document d € D is
divided into overlapping chunks C = {c}. We store
both the chunk text and associated metadata.

Step G2: Entity extraction and normalization.
For each chunk ¢, we apply LLM extraction to
obtain entities £, = {e} with surface forms and
types. Entities are normalized through lowercas-
ing, lemmatization, and light canonicalization (e.g.,
“U. S.”—“United States”). We record inci-
dence relations (c, e) € Acp. Each entity is em-
bedded as e = f(text(e)).

Step G3: Concept induction. Entities are clus-
tered into higher-level concepts K = {k} using
semantic similarity in embedding space via thresh-
olded nearest-centroid assignment. Let K denote
the current concept set with centroids { gy, }rex.
For an entity embedding e, we select

k* = arg max cos(e .
g max cos (e, )

If £ # () and cos(e, uk*) > 1n, we assign the
entity to k*; otherwise, we create a new concept
Fnew with centroid gy, = e. We record the inci-
dence relation (e, k) € Aggk and update centroids
incrementally (EMA update):

By < (1 — o) py + e

Here, a concept is an embedding-induced seman-
tic hub rather than a manually named symbolic
category or ontology node. The similarity thresh-
old controls concept granularity: a loose thresh-
old may create broad hubs that retrieve distractors,
whereas a strict threshold may fragment related
entities across concepts. We therefore treat con-
cepts as lightweight retrieval mediators rather than
guaranteed clean semantic categories.

Step G4: Storage and indices. We persist
only two incidence layers, chunk<sentity (Acg)
and entity<>concept (Agx), avoiding explicit en-
tity—entity edges.

By eliminating explicit entity—entity edges,
BG-RAG avoids dense pairwise relation predic-
tion. The resulting representation stores only
chunk—entity and entity—concept incidence rela-
tions, while concepts provide indirect connectivity
between related entities.

3.2 Query-Time Retrieval

Given a query ¢, we encode it with f(-) and apply
an evidence budget B (tokens or chunks).

Step Q1: Entity and Concept Matching. The
query embedding q = f(q) is matched to the top-
M entities by cosine similarity. These entities acti-
vate their associated concepts, which are scored by
aggregated entity similarity. The top-K concepts
are retained for expansion.

Step Q2: Concept-Entity Expansion. Acti-
vated concepts are collected and traced back to
their linked entities, recovering semantically re-
lated entities that may not appear in the query.

Step Q3: Chunk Gathering. Text chunks con-
nected to either the matched entities or expanded
concepts are retrieved. Each chunk is assigned a
frequency score reflecting how often it is reached
through different entity—concept paths.

Step Q4: Re-ranking and Answer Generation.
Candidate chunks are re-ranked using both simi-
larity and frequency, with a light diversity filter to
reduce redundancy. The top-ranked chunks fitting
budget B are concatenated and fed into the LLM
to generate the final answer.

3.3 Incremental Updates and Complexity

When new documents arrive, only steps G1-G3 of
graph construction are applied. New (¢, e) pairs
are added, entities are assigned to existing con-
cepts (or start new concepts if similarity falls be-
low 7)), and centroids are updated locally. This
allows updates without global rebuilds or pairwise
relinking. The overall construction cost is dom-
inated by chunk-level entity extraction and con-
cept assignment. Without approximate indexing,
nearest-centroid assignment costs O(|€||K|), while
the proposed structure avoids the O(|€|?) cost of
dense entity—entity linking. Thus, the efficiency
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Algorithm 1 IncrementalUpdate for BG-RAG
: for all d € Dy do

1
2: Split into chunks Cg; persist text + metadata
3: for all c € C4 do
4: Extract £.; normalize
5: foralle € &£ do
6: Add (c,e) to Acke
7: Compute v, + f(text(e))
8: end for
9: end for
10:  foralle € |J & do
11: k* + arg maxy cos(ve, )
12: if cos(ve, g+ ) > 7 then
13: Add (e, k") to Aek; s < (1 — a)pys +
ave
14: else
15: Create knew With py, < ve; add (e, knew) to
Ak
16: end if
17: end for
18: end for

19: return Updated Acg, Agk, centroids {1}

claim concerns the structural cost of graph con-
struction: BG-RAG avoids dense pairwise entity
linking, while end-to-end runtime additionally de-
pends on entity extraction, encoding, and indexing.
At query time, BG-RAG performs entity matching,
concept aggregation, and scoring over the result-
ing candidate chunks, while preserving multi-hop
connectivity through concept hubs. Algorithm 1
summarizes the incremental update procedure.

4 Experiments

We evaluate BG-RAG on multi-hop question
answering across three challenging benchmarks.
MuSiQue (Trivedi et al., 2022) is designed to test
compositional reasoning by requiring answers that
integrate evidence from multiple passages rather
than relying on shortcuts. 2Wiki (Ho et al., 2020)
contains questions that demand reasoning across
two Wikipedia articles, making it well-suited for
studying cross-document inference. HotpotQA
(Yang et al., 2018) emphasizes explainable multi-
hop reasoning, where both supporting evidence and
final answers must be derived from diverse sources.
To keep experiments computationally tractable yet
representative, we randomly sample 500 queries
from each dataset as our evaluation pool. Accord-
ingly, we use these results to assess broad perfor-
mance patterns across datasets rather than to estab-
lish a definitive ranking among systems.

For comparison, we include a range of repre-
sentative baselines. First, LLM-only strategies at-
tempt to answer without retrieval, either through
direct prompting (Direct). Next, we evaluate fext-

MuSiQue 2Wiki  HotpotQA
EM L] EM LI] EM LJ
gpt-4o-mini (Direct) 0.17 0.20 0.34 0.39 0.42 0.47

Baseline methods

Naive RAG 0.28 0.26 0.36 0.40 0.59 0.66
HyDE 0.17 0.29 042 0.44 0.54 0.61
GraphRAG 0.25 0.26 0.40 0.37 0.47 0.65
RAPTOR 0.30 0.33 0.49 0.46 0.65 0.67
BG-RAG 0.36 0.39 0.46 0.51 0.63 0.71

Table 1: Performance comparison among baselines and
BG-RAG on three benchmarks. The backbone is gpt-
40-mini.

based RAG methods, which retrieve unstructured
passages and condition the LLM on them. This
category includes the standard Naive RAG pipeline
as well as HyDE (Gao et al., 2023a). Finally, we
benchmark against graph-based RAG methods that
leverage structured representations to facilitate rea-
soning, including GraphRAG (Edge et al., 2024)
and RAPTOR (Sarthi et al., 2024), both of which
incorporate graph or cluster structures to aggregate
multi-hop evidence.

Evaluation is carried out using two complemen-
tary measures. Exact Match (EM) requires the pre-
dicted answer string to exactly match the ground
truth. While EM provides a strict correctness check,
it can underestimate performance when semanti-
cally valid answers differ in surface form. To ad-
dress this, we additionally adopt an LLM to Judge
protocol (LJ), in which a large language model
compares the model prediction with the reference
answer and determines whether they are semanti-
cally equivalent. LJ is intended to capture semantic
equivalence when correct answers differ in surface
form.

Results in Table 1 reveal consistent trends across
datasets. Direct prompting is generally among the
weakest settings, which is consistent with the value
of retrieval for these multi-hop QA tasks. Text-
based RAG methods yield notable improvements,
with Naive RAG benefiting from grounding in re-
trieved passages and HyDE better capturing seman-
tically aligned evidence. Graph-structured meth-
ods, like RAPTOR and GraphRAG, provide ad-
ditional gains in several settings, suggesting that
structured evidence organization can benefit multi-
hop reasoning when the retrieved structure is re-
liable. BG-RAG is competitive across the eval-
uated settings, obtaining the highest LJ score on
all three benchmarks and the highest EM score on
MuSiQue among the representative baselines. The
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higher observed LJ scores indicate that BG-RAG’s
final answers are more often judged semantically
equivalent to the references.

5 Conclusion

We introduced BG-RAG, a bipartite graph frame-
work for retrieval-augmented generation that or-
ganizes knowledge into chunks, entities, and con-
cepts. The design avoids explicit entity—entity re-
lation prediction and permits local incidence-layer
updates. On three sampled multi-hop QA bench-
marks, BG-RAG achieves competitive observed
performance among the evaluated baselines. These
results motivate further study of concept-mediated
retrieval, including its efficiency, update behavior,
and applicability beyond the evaluated setting.

Limitations

While BG-RAG offers a lightweight and practi-
cal alternative to existing GraphRAG approaches,
there are several aspects that warrant further inves-
tigation. First, our current implementation relies
on relatively simple clustering methods for concept
induction. Although effective, more sophisticated
or domain-aware clustering strategies could further
improve concept granularity and retrieval precision.
Second, our evaluation is limited to multi-hop QA
datasets. Applying BG-RAG to broader domains
(e.g., scientific literature, legal texts, or multilin-
gual collections) would help assess its generality.
Finally, while our design supports incremental up-
dates, we have not explored long-term dynamics
such as continual concept drift or the impact of
large-scale streaming data. Because concept mem-
bership captures semantic association rather than
explicit directionality, roles, comparisons, or tem-
poral order, BG-RAG is intended for associative
evidence discovery rather than as a replacement for
relation-aware graphs when such constraints are
essential. Over long update streams, loose thresh-
olds may produce overly broad hubs, whereas strict
thresholds may fragment related entities or cause
concepts to proliferate. We leave these directions
for future work.
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