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Abstract001

Retrieval-augmented generation (RAG) has be-002
come a core technique for improving the fac-003
tuality and reasoning ability of large language004
models. Recent efforts extend RAG with graph-005
structured knowledge, enhancing retrieval to006
capture relational context beyond isolated text007
chunks. However, many graph-based RAG sys-008
tems rely on a two-stage pipeline: (i) classical009
approximate nearest neighbor (ANN) search to010
identify top-k entities in the embedding space,011
(ii) heuristic neighbor expansion which aug-012
ments the retrieved set by traversing immedi-013
ate neighbors. This design underutilizes graph014
topology during retrieval and often introduces015
noisy or high-degree neighbors, leading to sub-016
optimal evidence selection. In this paper, we017
propose TopoRAG, a retrieval framework that018
directly integrates structural constraints into019
ANN search via a diameter-constrained formu-020
lation. By selecting entities whose induced021
subgraph satisfies a diameter bound, TopoRAG022
enables topology-aware and noise-controlled023
graph retrieval. Experiments show that our024
approach consistently improves precision and025
significantly reduces context redundancy com-026
pared to existing methods.027

1 Introduction028

Retrieval-augmented generation (RAG) enhances029

large language models (LLMs) with external030

knowledge (Lewis et al., 2020; Gao et al., 2023;031

Fan et al., 2024; Chen et al., 2024). By retriev-032

ing relevant information from a large corpus and033

conditioning the generation process on retrieved034

evidence, RAG significantly improves reasoning,035

trustworthiness, and interpretability across a variety036

of tasks such as question answering (He et al., 2024;037

Xu et al., 2024), dialogue (Wang et al., 2024), and038

scientific discovery (Lála et al., 2023). However,039

classical RAG systems typically rely on vector-040

based retrieval over unstructured document collec-041

tions, which is difficult to capture the rich relation-042
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Figure 1: Overview of Graph-based RAG.

ships among entities and facts that naturally form 043

graph-structured knowledge. To address this lim- 044

itation, recent studies have explored graph-based 045

RAG frameworks (Edge et al., 2024; Guo et al., 046

2024; Zhu et al., 2025; Zhou et al., 2025), en- 047

abling retrieval and reasoning to exploit both tex- 048

tual and structural contexts. As illustrated in Fig- 049

ure 1, graph-based RAG first transforms the corpus 050

into a graph where entities are represented as nodes 051

and semantic or relational links form the edges. At 052

query time, the system retrieves graph information 053

relevant to the user query, such as nodes, edges, 054

subgraphs, or their associated textual data. The 055

retrieved graph context is then combined with the 056

query as part of the prompt, enabling the LLM 057

to produce more grounded and context-aware re- 058

sponses. This graph-enhanced paradigm offers bet- 059

ter expressiveness than vanilla RAG, supporting 060

relational reasoning and multi-hop connections. 061

Despite these advantages, existing graph-based 062

RAG pipelines still exhibit several limitations. 063

Many current methods (Edge et al., 2024; Guo 064

et al., 2024) first perform classical approximate 065

nearest neighbor (ANN) search (Liu et al., 2004; 066

Li et al., 2019) to obtain the top-k entities purely 067

in the embedding space, and then heuristically ex- 068

pand these entities to include their neighbors in 069

the pre-constructed graph. This two-stage retrieval 070

strategy fails to integrate graph structure during the 071

initial search, leading to suboptimal entity selec- 072

tion and redundant expansion. The naive neighbor 073

expansion often introduces noisy or high-degree 074
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Figure 2: Frameworks of Existing Graph-based RAG and TopoRAG.

(“hub”) nodes that weaken semantic relevance and075

reduce precision, as has been empirically noted076

in the earlier literature (Guo et al., 2025). As a077

result, the retrieval process becomes both compu-078

tationally inefficient and structurally inconsistent,079

highlighting the limitations of current neighbor ex-080

pansion pipelines and the need for more principled,081

structure-aware retrieval strategies.082

To tackle these limitations, we formulate a new083

retrieval problem that incorporates explicit struc-084

tural constraints into the ANN search process.085

Specifically, we aim to retrieve a set of entities086

whose induced subgraph satisfies a diameter bound,087

ensuring that the selected evidence is both seman-088

tically relevant and topologically coherent. Build-089

ing on this formulation, we develop a diameter-090

constrained approximate nearest neighbor search091

framework that jointly reasons over embedding092

similarity and graph structure. This integrated093

design avoids the inefficiency of post-hoc expan-094

sion while preventing the inclusion of noisy or hub095

nodes, providing a principled alternative to exist-096

ing neighbor expansion pipelines. Moreover, our097

framework is fully plug-and-play: it can operate098

directly on any pre-constructed graph derived from099

the corpus without requiring changes to the up-100

stream graph-building pipeline.101

Figure 2 compares our framework (dubbed as102

TopoRAG) with the classic graph-based RAG103

pipeline. In Figure 2(a), vanilla graph-based RAG104

follows a two-stage pipeline: Stage 1 performs105

embedding-only ANN search to retrieve the top-k106

nearest entities for semantic information extraction,107

and Stage 2 applies a neighbor expansion over the108

graph for structural information extraction. Since109

the semantic retrieval and structural reasoning are110

decoupled, this design often retrieves an entity set 111

that is neither semantically coherent nor topologi- 112

cally consistent. More specifically, neighbor expan- 113

sion often introduces two types of problematic en- 114

tities. (i) Noisy entities have weak semantic corre- 115

lation with the query, offering little useful evidence 116

to the LLM; including them in the prompt not only 117

adds irrelevant information but also increases token 118

consumption. (ii) Hub entities exhibit high node 119

degrees and are connected to a large number of un- 120

related documents. When such hubs are expanded, 121

the retrieval process tends to pull in many extrane- 122

ous documents, leading to oversized contexts that 123

can mislead the LLM. In contrast, Figure 2(b) il- 124

lustrates our topology-aware retrieval framework, 125

which conducts a single-stage ANN search that 126

directly incorporates graph structure. Instead of ex- 127

panding after retrieval, our method jointly evaluates 128

embedding similarity and graph topology during 129

search, enabling the model to directly obtain a co- 130

hesive entity subgraph without introducing noisy 131

or high-degree nodes. 132

Furthermore, to enhance the practical effective- 133

ness of our framework, we incorporate several com- 134

plementary optimizations. First, we augment the 135

graph by leveraging strong entity co-occurrence 136

within text chunks, thereby enriching structural 137

connectivity beyond the corpus-derived links. Sec- 138

ond, for complex or multi-faceted queries, we de- 139

compose the input into meaningful sub-queries and 140

perform retrieval for each component to ensure 141

broader and more robust coverage. Third, we adopt 142

a hybrid retrieval strategy that complements entity- 143

level search with chunk-level retrieval, providing 144

additional textual evidence when entity signals are 145

sparse or incomplete. 146
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Our method achieves consistent performance147

gains across multiple QA benchmarks, outperform-148

ing both vanilla RAG and recent graph-based ap-149

proaches. It delivers higher accuracy and recall on150

multi-hop reasoning tasks and shows markedly im-151

proved generation quality on narrative datasets. In152

contrast to retrieval pipelines that rely on post-hoc153

neighbor expansion, our unified retrieval design154

remains both effective and scalable.155

Our contributions are summarized as follows:156

• We introduce the first formulation of topology-157

aware ANN search for graph-based RAG, en-158

abling retrieval to jointly consider embedding159

similarity and graph structure.160

• We develop an efficient algorithm that di-161

rectly retrieves a coherent, diameter-bounded162

subgraph, avoiding noisy or hub-dominated163

neighbor expansion and enabling structure-164

aware retrieval in a single stage.165

• We conduct extensive experiments across mul-166

tiple QA benchmarks, demonstrating substan-167

tial improvements over both vanilla RAG and168

recent graph-based retrieval methods.169

2 Related Work170

In this section, we review prior work on graph-171

based retrieval methods and approximate nearest172

neighbor search techniques.173

2.1 Graph-based RAG174

Graph-based RAG methods (Cao et al., 2024; Zhou175

et al., 2025) extend traditional retrieval-augmented176

generation by fusing the structure of knowledge177

graphs or document graphs into the RAG pipeline.178

Early works, such as (Lewis et al., 2020; Guu et al.,179

2020), rely on flat retrieval of textual chunks with-180

out considering inter-chunk relations. More recent181

methods, such as GraphRAG (Edge et al., 2024),182

HippoRAG (Jimenez Gutierrez et al., 2024), RAP-183

TOR (Sarthi et al., 2024), and LightRAG (Guo184

et al., 2024), explicitly model the relationships185

between entities or chunks as graph edges, and186

perform multi-hop reasoning over the graph to en-187

hance context selection. ArchRAG (Wang et al.,188

2025) introduces an attributed community-based hi-189

erarchical retrieval framework that leverages graph190

structure at multi-levels of abstraction. These ap-191

proaches highlight the benefit of incorporating192

graph connectivity into retrieval, which motivates193

our study on graph-structured embeddings.194

2.2 Approximate Nearest Neighbor Search 195

Approximate nearest neighbor (ANN) search is 196

widely used for fast retrieval in high-dimensional 197

embedding spaces (Li et al., 2019). Classic ANN 198

methods are typically grouped into three represen- 199

tative categories: (i) partition-based methods, such 200

as IVF (Moffat and Zobel, 1996) and LSH (In- 201

dyk and Motwani, 1998); (ii) graph-based meth- 202

ods, including NN-Descent (Dong et al., 2011), 203

HNSW (Malkov and Yashunin, 2018), NSG (Fu 204

et al., 2019), RNN-Descent (Ono and Matsui, 205

2023), MIRAGE (Voruganti and Özsu, 2025), and 206

other proximity graphs (Yang et al., 2024); and 207

(iii) quantization-based methods, such as PQ (Je- 208

gou et al., 2010), LSQ (Martinez et al., 2018), Ra- 209

bitQ (Gao et al., 2025), and SAQ (Li et al., 2025). 210

These methods efficiently retrieve vectors similar 211

to a query, but generally do not take graph struc- 212

ture into account, and therefore cannot be directly 213

applied to diameter-bounded ANN search. 214

3 Topology-aware Framework 215

We now introduce our topology-aware framework, 216

called TopoRAG, built on diameter-constrained 217

ANN retrieval. 218

3.1 Overview 219

Our framework consists of an offline indexing stage 220

and an online retrieval stage. 221

Offline Indexing. We begin by constructing an en- 222

tity graph from the corpus and augmenting it with 223

additional edges derived from entity co-occurrence 224

within text chunks, which enriches the structural 225

connectivity and improves downstream retrieval 226

coherence. Moreover, we index the text chunks 227

themselves to support flexible chunk-level retrieval. 228

These components form a unified graph–text index- 229

ing structure that is compatible with any existing 230

corpus-to-graph construction pipeline. 231

Online Retrieval. Given an input query, we first 232

decompose complex queries into several focused 233

sub-queries to ensure adequate coverage. For each 234

sub-query, we perform diameter-constrained ap- 235

proximate nearest neighbor search, which retrieves 236

a coherent set of entities whose induced subgraph 237

satisfies a predefined diameter bound. This step 238

forms the core of our framework, enabling retrieval 239

that jointly reflects embedding similarity and graph 240

topology. The retrieved entities are then mapped 241

to their associated text chunks, and we optionally 242
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supplement them with chunk-level retrieval to cre-243

ate a hybrid evidence set that combines entity-level244

precision with broader textual coverage. This inte-245

grated process yields structurally consistent, noise-246

controlled retrieval results while avoiding the pit-247

falls of neighbor expansion pipelines.248

3.2 Problem Definition249

We now introduce a novel retrieval formulation250

termed the diameter-constrained ANN search.251

Given a graph-structured database G = (V, E),252

where each node vi ∈ V has an embedding vector253

hi ∈ Rd, and a query embedding hq, we aim to254

find a subset of nodes Sq ⊆ V of fixed size k that255

are semantically close to the query while forming256

a subgraph with bounded diameter.257

Formally, the Diameter-Constrained Nearest258

Neighbor Search (DC-NNS) can be stated as:259

max
S⊆V

Φ(q,S)

s.t. |S| = k,

diam(G[S]) ≤ D,

(1)260

where Φ(q,S) measures semantic relevance be-261

tween query and selected nodes (e.g., average or262

sum of cosine similarities), and diam(G[S]) is the263

diameter of the subgraph induced by S . Intuitively,264

this problem retrieves the k most relevant nodes265

that are tightly connected in G, enforcing locality266

and coherence of the retrieved subgraph.267

Discussion. The DC-NNS problem can be seen as268

a generalization of several classical retrieval tasks.269

If the query embedding exactly matches the embed-270

ding of a node in the graph, the problem reduces271

to identifying a local community around that node.272

On the other hand, if the graph structure is ignored,273

the problem reduces to the classical approximate274

nearest neighbor search in the embedding space.275

This shows that our formulation naturally interpo-276

lates between purely semantic retrieval and graph-277

structured community detection. Nevertheless, as278

we will show, the problem is NP-hard, making ex-279

act solutions intractable and motivating the need280

for efficient approximation algorithms.281

NP-hardness. We now show that the above prob-282

lem is NP-hard even under simplified conditions.283

Theorem 1. The diameter-constrained nearest284

neighbor search is NP-hard, even when the seman-285

tic relevance term Φ(q,S) is replaced by a simple286

additive weight function w : V → R≥0 and the287

query embedding hq is fixed.288

Proof. We reduce from the MAXIMUM WEIGHT 289

CLIQUE problem, which is NP-hard. 290

An instance of MAXIMUM WEIGHT CLIQUE 291

consists of an undirected graph G′ = (V ′, E ′) and 292

node weights w′ : V ′ → R≥0. The goal is to find a 293

clique C ⊆ V ′ maximizing
∑

v∈C w
′(v). 294

Given such an instance, we construct an instance 295

of diameter-constrained nearest neighbor search as 296

follows: let G = G′, let w = w′, fix the query em- 297

bedding hq arbitrarily, and set the diameter bound 298

D = 1. We define the simplified relevance as 299

Φ(q,S) =
∑

v∈S w(v). 300

We claim that a subset S ⊆ V satisfies 301

diam(G[S]) ≤ 1 if and only if S is a clique in 302

G. Indeed, diam(G[S]) ≤ 1 means every pair of 303

distinct nodes in S has graph distance 1, i.e., every 304

pair is connected by an edge; this is exactly the 305

definition of a clique. Conversely, any clique has 306

induced diameter 1. 307

Therefore, maximizing Φ(q,S) subject to 308

diam(G[S]) ≤ 1 is equivalent to finding a 309

maximum-weight clique in G′. Since MAXIMUM 310

WEIGHT CLIQUE is NP-hard, the DC-NNS prob- 311

lem is NP-hard. 312

Thus, exact solutions are computationally in- 313

tractable for large-scale retrieval and we next pro- 314

pose efficient approximate methods for DC-NNS. 315

3.3 Algorithm 316

In this section, we propose two retrieval algorithms 317

under the diameter-constrained setting: a post-filter 318

approach and an in-filter approach. The post-filter 319

algorithm performs standard ANN retrieval first, 320

and then selects a subset of nodes that satisfy the 321

diameter constraint in a separate post-processing 322

step. In contrast, the in-filter algorithm integrates 323

the diameter constraint directly into the retrieval 324

process, selecting nodes that satisfy both semantic 325

relevance and graph connectivity during the search. 326

Post-filter Algorithm. The post-filter algorithm 327

consists of two main steps. 328

ANN Retrieval: Given a query embedding hq, 329

retrieve a candidate set Cq of k′ nearest neighbors 330

from the embedding database using any standard 331

ANN search method (e.g., HNSW, IVF, PQ). That 332

is, Cq = ANNS(hq, k
′), where k′ ≥ k is an over- 333

sampling factor to ensure sufficient candidates for 334

the subsequent subgraph selection. 335

Diameter-Constrained Subgraph Selection: 336

From the candidate set Cq, select a subset Sq ⊆ Cq 337
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of size k such that the induced subgraph G[Sq] sat-338

isfies diam(G[Sq]) ≤ D. This can be formulated339

as a combinatorial selection problem, which is ap-340

proximately solved by a greedy strategy: iteratively341

add nodes from Cq that minimally increase the sub-342

graph diameter, until |Sq| = k.343

Algorithm 1: Post-filter DC-ANNS
Input: Graph G = (V, E), node

embeddings {hi}, query hq, subset
size k, diameter bound D,
oversampling factor k′

Output: Subset Sq ⊆ V with |Sq| = k and
diam(G[Sq]) ≤ D

1 Cq ← ANNS(hq, k
′) // Retrieve

candidate set via ANN
2 Sq ← {}
3 while |Sq| < k do
4 v∗ ← argmin

v∈Cq\Sq

diam(G[Sq ∪ {v}])

5 if diam(G[Sq ∪ {v∗}]) ≤ D then
6 Sq ← Sq ∪ {v∗}
7 else
8 Remove v∗ from Cq

9 return Sq

Algorithm 1 shows the pseudo-code of the post-344

filter Diameter-Constrained ANN Search (DC-345

ANNS) approach. This approach leverages ex-346

isting ANN techniques for efficient candidate re-347

trieval and enforces the diameter constraint in a348

post-processing step. This post-filtering strategy349

is plug-and-play and can be easily combined with350

existing ANN methods without modifying the in-351

dex. However, it may discard structurally important352

nodes and requires careful tuning of the oversam-353

pling factor k′. If k′ is set too small, the ANN stage354

may fail to retrieve enough structurally compatible355

candidates, making it impossible to select k entities356

that satisfy the required diameter constraint. Con-357

versely, choosing a large k′ substantially increases358

the size of the candidate pool, forcing the post-359

filter step to examine many irrelevant or infeasible360

entities and resulting in significant computational361

overhead. This motivates a more integrated in-filter362

design, as described next.363

In-filter Algorithm. To address the aforemen-364

tioned issues, we now introduce an in-filter ap-365

proach that enforces structural constraints directly366

during ANN search.367

To avoid computing all pairwise distances when 368

enforcing the diameter constraint, we first exploit 369

a simple yet effective relationship between radius 370

and diameter. Intuitively, if all nodes in a candidate 371

set C lie within distance D/2 from some center 372

node x, then any two nodes in C are at distance 373

at most D. This yields a radius-based sufficient 374

condition for satisfying the diameter constraint. 375

Lemma 1. Let G = (V, E) be an undirected graph 376

with shortest-path distance dG(·, ·), and let C ⊆ V 377

be a candidate set of nodes. Suppose there exists a 378

node x ∈ C such that 379

dG(x, v) ≤
D

2
, ∀v ∈ C. 380

Then the induced subgraph on C satisfies the diam- 381

eter constraint, i.e., 382

diam(C) = max
u,w∈C

dG(u,w) ≤ D. 383

384

Proof. See Appendix A. 385

The lemma provides a fast acceptance test: Once 386

we find a center x such that all nodes in C lie inside 387

its D/2-neighborhood, the diameter constraint is 388

guaranteed to hold and we do not need to compute 389

all pairwise distances. 390

To obtain a practical pruning strategy, we adopt a 391

multi-center radius test as a heuristic filter. Instead 392

of assuming that the candidate set admits a single 393

center with radius at most D/2, we progressively 394

enforce radius consistency with respect to multiple 395

randomly selected centers. Concretely, we ran- 396

domly select R temporary centers from the current 397

candidate set. For each center x, we remove nodes 398

v that violate the radius test, i.e., dG(x, v) > D/2. 399

After iterating over all centers, any remaining node 400

is within distance D/2 of all selected centers. By 401

Lemma 1, using any of these centers as x, the in- 402

duced subgraph over the remaining nodes has di- 403

ameter at most D. 404

We further refine the in-filter procedure with a 405

replacement-based heuristic. When the candidate 406

set reaches its capacity, we first apply a necessary 407

rejection test: a new node is considered for inser- 408

tion only if it lies within distance D of at least one 409

existing node, as formalized in Lemma 2. 410

Lemma 2. Let G = (V, E) be an undirected graph 411

with shortest-path distance dG(·, ·). Let S ⊆ V be 412

a nonempty node set and let v ∈ V \ S . If 413

dG(v, u) > D, ∀u ∈ S, 414
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Dataset MultiHop-RAG HotpotQA NarrativeQA

Passages 609 9,221 1,572
Tokens 1,426,396 1,284,956 121,152,448
Nodes 23,353 37,436 650,571
Edges 30,716 30,758 679,426

Questions 2,556 1,000 43,304

Table 1: Datasets.

then we have diam(G[S ∪ {v}]) > D.415

Proof. See Appendix A.416

We then attempt to replace a non-articulation417

node with the largest semantic distance to the query,418

and explicitly verify the diameter constraint after419

replacement. This strategy preserves structural420

connectivity while allowing the candidate set to421

adaptively incorporate semantically stronger nodes.422

More details can be found in Appendix B.423

3.4 Optimization424

We further introduce several optimizations to en-425

hance the robustness and coverage of the topology-426

aware retrieval framework.427

Graph Augmentation via Entity Co-occurrence.428

Given the original entity graph G = (V,E), we429

augment its edge set using co-occurrence informa-430

tion extracted from text chunks. For each chunk431

c with entity set E(c) = {e1, e2, . . . , em}, we add432

undirected edges between all entity pairs:433

(ei, ej) ∈ Eco for all ei, ej ∈ E(c), i ̸= j.434

Optionally, we assign co-occurrence weights wij =435

freq(ei, ej), where freq(ei, ej) counts the number436

of chunks in which ei and ej co-occur. The aug-437

mented graph is G′ = (V, E ∪ Eco).438

Query Decomposition into Sub-queries. For439

complex user queries Q, we decompose the input440

into multiple focused sub-queries {q1, q2, . . . , qr}.441

Each sub-query is encoded independently hqi =442

fenc(qi). We then perform diameter-constrained443

ANN search for each sub-query:444

Si = DC-ANNS(G′,hqi , k,D),445

and aggregate all retrieved entities: S =
⋃r

i=1 Si.446

Hybrid Retrieval over Entities and Chunks. To447

complement entity-level retrieval, we additionally448

retrieve relevant text chunks. For each sub-query449

qi, we compute similarity scores: score(c, qi) =450

⟨hqi ,hc⟩, and obtain the top-kc relevant chunks.451

The final evidence set combines entity-derived and 452

chunk-derived content: 453

X =
⋃
e∈S

chunk(e) ∪
kc⋃
i=1

Ci. 454

4 Experiments 455

We now evaluate TopoRAG against RAG baselines 456

across multiple QA benchmarks. 457

4.1 Setting 458

Datasets. We evaluate TopoRAG on three QA 459

benchmarks commonly used in prior research (Ji 460

et al., 2023; Shinn et al., 2023; Zhou et al., 461

2025; Wang et al., 2025). Specifically, we 462

adopt MultiHop-RAG (Tang and Yang, 2024), 463

HotpotQA (Yang et al., 2018), and Narra- 464

tiveQA (Kočiskỳ et al., 2018). The detailed dataset 465

statistics are summarized in Table 1. 466

Baselines. We compare TopoRAG with a broad 467

set of baselines commonly used in recent stud- 468

ies (Zhou et al., 2025; Wang et al., 2025). These 469

methods are selected as they are representative 470

of current state-of-the-art retrieval and graph- 471

based RAG approaches. As a retrieval-only base- 472

line, we include Vanilla RAG, which performs 473

vector-based nearest neighbor search over chunk 474

embeddings. For graph-based systems, follow- 475

ing (Wang et al., 2025), we evaluate representa- 476

tive methods including RAPTOR (Sarthi et al., 477

2024), HippoRAG (Jimenez Gutierrez et al., 2024), 478

LightRAG (Guo et al., 2024), LGraphRAG 479

and GGraphRAG (Edge et al., 2024), and 480

ArchRAG (Wang et al., 2025). GGraphRAG con- 481

ducts global community-level retrieval, whereas 482

LGraphRAG performs local search. 483

Metrics & Implementation. For the first two 484

QA datasets (MultiHop-RAG and HotpotQA), we 485

follow prior work (Wang et al., 2025) and evaluate 486

performance using Accuracy and Recall based on 487

whether the generated answer contains the gold 488

evidence rather than requiring an exact match. For 489

NarrativeQA, we use its official generation metrics: 490

BLEU-1, METEOR, and ROUGE-L F1, which 491

measure lexical overlap and semantic coverage. 492

All baseline methods and our system use GPT- 493

3.5-turbo as the default LLM and text-embedding- 494

small as the embedding model. To ensure fairness, 495

each method is required to complete both index 496

construction and query execution within 24 hours. 497
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Method MultiHop-RAG HotpotQA NarrativeQA

Accuracy Recall Accuracy Recall BLEU-1 METEOR ROUGE-L F1

Vanilla RAG 54.7 19.5 51.0 55.7 2.3 5.4 3.2
RAPTOR 59.9 27.6 OOT OOT 5.7 12.2 9.3
HippoRAG 39.4 19.6 50.8 56.5 2.4 5.3 2.9
LightRAG 46.1 25.5 39.2 45.8 4.2 8.4 6.3
LGraphRAG 40.6 23.3 29.2 36.0 4.1 3.5 3.8
GGraphRAG 46.4 27.9 33.1 43.0 OOT OOT OOT
ArchRAG 58.2 27.1 53.9 56.5 11.2 18.5 17.6

Ours 61.2 28.3 61.0 63.3 14.5 25.4 23.7

Table 2: Performance comparison of different methods across various datasets. OOT: Not finished within 24 hours.

Method MultiHop-RAG HotpotQA

Time (s) Tokens Time (s) Tokens

Vanilla RAG 2.4 3.6K 1.1 0.65K
RAPTOR 3.2 3.2K OOT OOT
HippoRAG 3.5 3.3K 2.3 0.72K
LightRAG 19.3 5.8K 13.9 3.1K
LGraphRAG 3.0 6.1K 2.7 4.8K
GGraphRAG 36.9 9.3K 34.5 9.0K
ArchRAG 2.58 6.0K 2.05 6.3K

Ours 1.88 4.8K 1.68 5.5K

Table 3: Time and token costs of different methods.

4.2 Experimental Results498

We now present the empirical results of TopoRAG499

across multiple QA benchmarks, comparing it500

against (Graph-based) RAG baselines.501

Main Results. As shown in Table 2, across all502

datasets, TopoRAG achieves consistently strong503

performance. On multi-hop QA benchmarks504

(MultiHop-RAG and HotpotQA), TopoRAG ob-505

tains the highest Accuracy and Recall, outper-506

forming both retrieval-only baselines and graph-507

based RAG methods such as RAPTOR, LightRAG,508

and ArchRAG. Note that RAPTOR fails to com-509

plete on HotpotQA within 24 hours due to the510

high computational cost of its GMM-based text511

chunk clustering. On NarrativeQA, which re-512

quires deeper long-context semantic understanding,513

TopoRAG achieves clear improvements in BLEU-514

1, METEOR, and ROUGE-L F1, surpassing the515

strongest baseline (ArchRAG) by a large margin.516

GGraphRAG is marked as OOT on NarrativeQA517

due to excessive community-level overhead.518

The underlying reason is that embedding-only519

ANN retrieval often produces fragmented sub-520

graphs because embedding similarity does not nec-521

essarily align with graph connectivity (Kim et al.,522

2025). Such fragmentation limits semantic and523

inferential coherence. By enforcing structural524

constraints during retrieval, TopoRAG directly re-525

trieves cohesive subgraphs, leading to more reliable526

ArchRAG TopoRAG ArchRAG
+chunk
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+chunk
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Figure 3: Experimental results of TopoRAG and
ArchRAG on the MultiHopRAG dataset.

Method Time (s/query) Tokens Accuracy (%)

Post-filter 2.02 4.5K 59.8
In-filter 1.88 4.8K 61.2
In-filter w/o pruning 2.30 4.8K 60.5

Table 4: Comparison among post-filter, in-filter, and
in-filter without pruning.

downstream generation. 527

In terms of efficiency, TopoRAG maintains com- 528

petitive retrieval latency and token usage. The 529

results are reported in Table 3. While previous 530

methods such as LightRAG and GGraphRAG, in- 531

cur high computational overhead due to multi-stage 532

graph traversal, TopoRAG achieves comparable or 533

lower runtime on both MultiHop-RAG and Hot- 534

potQA. It also produces shorter prompts than most 535

graph-based systems, reflecting the benefit of re- 536

trieving structurally coherent subgraphs without 537

noisy or hub-induced expansion. 538

Ablation Study. We conduct a series of ablation 539

studies on different datasets, evaluating the impact 540

of modifying modules within our framework. 541

Figure 3 compares the performance of TopoRAG 542

and ArchRAG with and without the additional 543

chunk-level retrieval module. Without chunk-level 544

retrieval, TopoRAG already surpasses ArchRAG 545
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Method Time (s/query) Tokens Accuracy (%)

Ours 2.51 5.8K 64.1
w/o query decomp. 1.62 4.6K 60.5
w/o graph augment. 1.55 4.2K 57.6
w/o chunk 1.88 4.8K 61.2

Table 5: Comparison among opimizations.

in accuracy while maintaining competitive query546

time and substantially lower token usage. This con-547

firms that our topology-aware retrieval is effective548

and provides a more efficient alternative to vanilla549

graph-based RAG pipelines.550

We then evaluate a variant of each method, de-551

noted as +chunk, which augments entity-level re-552

trieval with an extra retrieval step performed over553

chunk embeddings. This component allows the554

model to access multi-granularity contextual evi-555

dence rather than relying solely on entities.556

As shown in Figure 3, the +chunk module brings557

additional gains for both methods, but the improve-558

ments are particularly pronounced for TopoRAG.559

The TopoRAG+chunk configuration achieves the560

highest accuracy while still preserving a favorable561

token consumption. These results demonstrate that562

chunk-level retrieval complements our diameter-563

constrained entity retrieval by providing richer con-564

text, thereby enhancing multi-hop reasoning.565

We further perform module-level ablations to566

isolate the contribution of our other design com-567

ponents. Table 4 examines different retrieval568

pipelines (post-filter, in-filter, and in-filter with-569

out pruning), highlighting the importance of per-570

forming diameter-constrained filtering within the571

entity graph. Table 5 presents additional ablations572

on three optimization modules of TopoRAG, in-573

cluding query decomposition, graph augmentation,574

and chunk-level retrieval. Together, these results575

demonstrate that each component contributes to the576

overall efficiency and accuracy of the framework.577

Parameter Sensitivity Analysis. In addition to578

the module-level ablations, we investigate the sen-579

sitivity of TopoRAG to two key hyperparameters580

in the retrieval process. Figure 4(a) shows the ef-581

fect of varying the number of ANN candidates k.582

Increasing k consistently improves accuracy for583

both TopoRAG and ArchRAG, as a larger candi-584

date pool provides more relevant context for down-585

stream reasoning. However, larger k also leads to586

longer inference time and higher token consump-587

tion. Across all values of k, TopoRAG achieves588

higher accuracy than ArchRAG, indicating that the589

effectiveness of its structure-aware filtering.590
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Figure 4: Experimental results of TopoRAG and
ArchRAG with different parameters.

Figure 4(b) evaluates the diameter threshold used 591

in our diameter-constrained ANN search. Increas- 592

ing the allowable diameter enlarges the feasible 593

subgraph and provides richer multi-hop evidence, 594

leading to higher accuracy across datasets. How- 595

ever, an excessively large diameter leads to sub- 596

graphs that are less cohesive and the retrieved evi- 597

dence becomes overly broad, which may introduce 598

noise and negatively impact retrieval quality. 599

5 Conclusion 600

In this work, we presented TopoRAG, a structure- 601

aware retrieval framework centered on a novel 602

diameter-constrained ANN formulation. By en- 603

forcing topological coherence during retrieval, 604

TopoRAG avoids noisy expansion and retrieves 605

semantically meaningful subgraphs more effec- 606

tively. Extensive experiments and ablations show 607

that this design consistently improves QA perfor- 608

mance while maintaining competitive efficiency. 609

Our results underscore the value of integrating ex- 610

plicit graph-topological constraints into retrieval, 611

paving the way for more principled and reliable 612

graph-based RAG systems. 613
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Limitations614

Our framework focuses on retrieving compact,615

diameter-bounded subgraphs, which is effective616

for QA tasks but may not fully capture long-range617

or global dependencies required by broader rea-618

soning settings. Additionally, TopoRAG currently619

does not support dynamically constructed graphs,620

as it relies on a pre-constructed entity graph.621
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A Proofs 814

A.1 Proof of Lemma 1 815

Let u,w ∈ C be arbitrary. By the triangle inequal- 816

ity, 817

dG(u,w) ≤ dG(u, x) + dG(x,w). 818

By the assumption on x, we have dG(u, x) ≤ D/2 819

and dG(x,w) ≤ D/2, hence 820

dG(u,w) ≤
D

2
+

D

2
= D. 821

Since this holds for any pair u,w ∈ C, we obtain 822

diam(C) = max
u,w∈C

dG(u,w) ≤ D, 823

which completes the proof. 824
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Algorithm 2: Radius-Based Candidate
Pruning with Multiple Random Centers
Input: candidate set C, graph G, diameter

threshold D, number of random
centers R

Output: pruned candidate set C′
1 C′ ← C
2 for r = 1 to R do
3 select random center x ∈ C′
4 for v ∈ C′ do
5 if dG(x, v) > D/2 then
6 remove v from C′

7 if C′ is empty then
8 break

9 return C′

A.2 Proof of Lemma 2825

Since S is nonempty, pick any u ∈ S. By assump-826

tion, dG(v, u) > D. Therefore,827

diam(G[S ∪ {v}]) = max
x,y∈S∪{v}

dG(x, y)828

≥ dG(v, u) > D,829

which proves the claim.830

B In-filter Algorithms831

Algorithm 2 summarizes the randomized radius-832

based candidate pruning procedure.833

Overall In-Filter Workflow. Given a pre-built834

proximity graph index such as HNSW or an RNG-835

based graph, the in-filter procedure efficiently iden-836

tifies a diameter-feasible neighborhood around the837

query. Starting from the entry node of the graph,838

we perform a guided graph traversal to obtain an839

initial candidate set C0 consisting of nodes that are840

both close to the query embedding and structurally841

reachable under the local graph topology.842

To enforce the global structural constraint with-843

out computing all pairwise distances, we apply the844

radius-based pruning mechanism described above.845

We first choose R temporary centers (either ran-846

domly or based on proximity to the query). For847

each center x, any node whose graph distance ex-848

ceeds D/2 is removed from the candidate set. Af-849

ter iterating through all R centers, the remaining850

candidate set C is guaranteed to satisfy the radius851

condition with respect to at least one of the centers,852

which serves as a sufficient structural certificate853

for diameter feasibility. This multi-center pruning854

produces a compact, topologically consistent neigh- 855

borhood that respects the diameter constraint while 856

avoiding expensive pairwise distance computations. 857

The resulting candidate set C is then passed to the 858

final scoring step to select the top-k answers. 859
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