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Abstract001

Recent advances in Retrieval-Augmented Gen-002
eration (RAG) have shifted from simple vector003
similarity to structure-aware approaches like004
HippoRAG, which leverage Knowledge Graphs005
(KGs) and Personalized PageRank (PPR) to006
capture multi-hop dependencies. However,007
these methods suffer from a "Static Graph Fal-008
lacy": they rely on fixed transition probabil-009
ities determined during indexing. This rigid-010
ity ignores the query-dependent nature of edge011
relevance, causing semantic drift where ran-012
dom walks are diverted into high-degree "hub"013
nodes before reaching critical downstream ev-014
idence. Consequently, models often achieve015
high partial recall but fail to retrieve the com-016
plete evidence chain required for multi-hop017
queries. To address this, we propose CatRAG,018
Context-Aware Traversal for robust RAG, a019
framework that builds on the HippoRAG 2 ar-020
chitecture and transforms the static KG into021
athe query-adaptive navigation structure. We022
introduce a multi-faceted framework to steer023
the random walk: (1) Symbolic Anchoring,024
which injects weak entity constraints to reg-025
ularize the random walk; (2) Query-Aware026
Dynamic Edge Weighting, which dynami-027
cally modulates graph structure, to prune ir-028
relevant paths while amplifying those aligned029
with the query’s intent; and (3) Key-Fact Pas-030
sage Weight Enhancement, cost-efficient bias031
that structurally anchors the random walk to032
likely evidence. Experiments across four multi-033
hop benchmarks demonstrate that CatRAG con-034
sistently outperforms state-of-the-art baselines.035
Our analysis reveals that while standard Recall036
metrics show modest gains, CatRAG achieves037
substantial improvements in reasoning com-038
pleteness—the capacity to recover entire ev-039
idence path without gaps. These results reveal040
that our approach effectively bridges the gap041
between retrieving partial context and enabling042
fully grounded reasoning.043

1 Introduction 044

Large Language Models (LLMs) have demon- 045

strated transformative capabilities across a spec- 046

trum of natural language tasks, ranging from cre- 047

ative composition to complex code generation (Joel 048

et al., 2025; Li et al., 2024; Ren et al., 2024; Tou- 049

vron et al., 2023; Brown et al., 2020). Despite these 050

advances, the widespread deployment of LLMs 051

still remains restricted by hallucinations(Xu et al., 052

2025; Liu et al., 2024) in response generation, of- 053

ten caused by outdated training data or lack of 054

domain-specific knowledge, resulting in seemingly 055

plausible but actually incorrect content. Retrieval- 056

Augmented Generation (RAG) (Gao et al., 2024; 057

Fan et al., 2024) has emerged as a feasible solution 058

to mitigate the issue, which incorporates external, 059

reliable documents within LLM prompts for re- 060

sponse generation. 061

Standard dense retrieval methods, which select 062

document chunks based on semantic similarity 063

(Izacard et al., 2022a), frequently fail in multi-hop 064

reasoning scenarios when the answer relies on con- 065

necting disjoint facts. To overcome this limita- 066

tion, recent research has shifted towards Structure- 067

Aware RAG, which organizes information into hier- 068

archical trees (Sarthi et al., 2024) or global knowl- 069

edge graphs (Guo et al., 2025) to capture long- 070

range dependencies. Among these, the HippoRAG 071

framework (Gutiérrez et al., 2024, 2025) distin- 072

guishes itself by leveraging Personalized PageR- 073

ank (PPR) over Knowledge Graphs. HippoRAG 074

simulates neurobiological memory mechanism, en- 075

abling deeper and more efficient knowledge inte- 076

gration that vector similarity alone cannot resolve. 077

However, a critical bottleneck remains in these 078

graph-based paradigms: reliance on a static graph 079

structure. In standard HippoRAG, the transition 080

matrix guiding the Random Walk is fixed during 081

indexing, determined solely by structural proper- 082

ties or a priori semantic similarity. This rigidity 083
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imposes two limitations. First, edge relevance is084

treated as context-independent. Consider the query:085

“Which university did Marie Curie’s doctoral advi-086

sor attend?” This requires a precise two-step traver-087

sal: Marie Curie → Gabriel Lippmann (Advisor)088

→ École Normale Supérieure (University). Yet, in089

a static graph, generic edges like Marie Curie →090

Radioactivity often possess dominant weights. Con-091

sequently, the random walk often suffers from se-092

mantic drift: it effectively retrieves the initial entity093

but is statistically diverted into irrelevant clusters094

before reaching the second-hop evidence. This re-095

sults in a common failure mode where retrieval met-096

rics (like Recall) appear high due to partial matches,097

yet the reasoning chain is broken. Second, traversal098

is susceptible to the "hub node" problem, where099

high-degree entities (e.g., Nobel Prize, French) act100

as semantic sinks, disproportionately diluting the101

probability mass and causing the retrieval to drift102

into irrelevant documents.103

To mitigate the constraints imposed by static104

graph topologies, we develop CatRAG (Context-105

Aware Traversal for robust RAG). This framework106

extends the HippoRAG 2 (Gutiérrez et al., 2025)107

paradigm by integrating a novel optimization layer108

tailored for context-driven navigation. First, we109

introduce Symbolic Anchoring. By injecting ex-110

plicitly recognized entities as weak topological an-111

chors, we constrain the starting distribution to pre-112

vent immediate drift into generic hubs. Second, we113

introduce Query-Aware Dynamic Edge Weight-114

ing. By employing an LLM to assess the relevance115

of outgoing edges from seed entities, we dynami-116

cally modulate the graph edge weight, effectively117

pruning irrelevant paths while amplifying those118

aligned with the query’s intent. Third, we propose119

Key-Fact Passage Weight Enhancement, a cost-120

efficient method to structurally anchor the random121

walk to documents containing verified evidentiary122

triples. It guides the random walk to documents123

that provide distinct evidence, rather than those124

containing only superficial mentions of seed enti-125

ties.126

We evaluate CatRAG across multiple multi-hop127

benchmarks. Results demonstrate that while our ap-128

proach yields consistent gains in standard retrieval129

metrics, it achieves a significant breakthrough in130

reasoning sufficiency. CatRAG substantially im-131

proves Full Chain Retrieval—the ability to retrieve132

complete evidence chains—confirming that dy-133

namic graph steering effectively mitigates semantic134

drift where static baselines fail.135

2 Related Work 136

2.1 Dense Retriever 137

The foundational paradigm for RAG matches 138

queries and documents in a shared vector space, 139

evolving from probabilistic term-matching (Robert- 140

son and Walker, 1994) and dense bi-encoders (Izac- 141

ard et al., 2022b) to granular late-interaction mech- 142

anisms (Santhanam et al., 2022). Recently, the 143

field has shifted toward Large Embedding Models 144

like E5-Mistral (Wang et al., 2024), NV-Embed 145

(Lee et al., 2025) and GritLM (Muennighoff et al., 146

2025), which repurpose LLMs to achieve superior 147

benchmark performance (Muennighoff et al., 2022). 148

However, these models remain constrained by the 149

static nature of vector similarity. By compressing 150

complex reasoning paths into a single geometrical 151

proximity, they lack explicit multi-hop traversal 152

mechanisms and frequently fail when queries and 153

evidence are connected solely through intermediate 154

bridge entities (Gutiérrez et al., 2024). 155

2.2 Structure-Aware RAG 156

To transcend the limitations of flat vector spaces, 157

recent works integrate explicit structural priors. Hi- 158

erarchical approaches like RAPTOR (Sarthi et al., 159

2024) organize text into recursive trees, while 160

graph-based frameworks such as GraphRAG (Edge 161

et al., 2025) and LightRAG (Guo et al., 2025) 162

leverage Knowledge Graphs to traverse entity re- 163

lationships. The state-of-the-art neuro-symbolic 164

approach, HippoRAG (Gutiérrez et al., 2024) and 165

its successor, HippoRAG 2 (Gutiérrez et al., 2025), 166

simulates associative memory via PPR to link dis- 167

parate facts. However, these methods suffer from 168

the "Static Graph Fallacy": edge weights are fixed 169

during indexing and cannot adapt to query-specific 170

intent. This rigidity causes semantic drift, where 171

high-degree "hub" nodes disproportionately domi- 172

nate traversal probabilities, leading to the retrieval 173

of structurally connected but contextually irrelevant 174

paths. 175

2.3 Dynamic & Adaptive Retrieval 176

To address static retrieval limitations, iterative 177

frameworks like IRCoT (Trivedi et al., 2023) and 178

Self-RAG (Asai et al., 2023), or agentic systems 179

such as PRISM (Nahid and Rafiei, 2025) and FAIR- 180

RAG (Asl et al., 2025), employ multi-step loops 181

to refine search queries. While effective, these 182

methods incur high latency and computational 183

costs by requiring repeated LLM calls for multiple 184
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Figure 1: Comparison of graph traversal between HippoRAG 2 and CatRAG. We illustrate the retrieval process
for the multi-hop query “Which university did Marie Curie’s doctoral advisor attend?”. In HippoRAG 2 (top), the
static graph structure causes semantic drift; probability mass is diverted to high-weight generic edges (e.g., Marie
Curie → Radioactivity), missing the downstream evidence ENS. CatRAG (bottom) prevents this by applying (1)
Symbolic Anchoring, injecting "University" as a weak seed, (2) Query-Aware Dynamic Edge Weighting amplifying
relevant paths (e.g., Attend in ENS) while pruning irrelevant ones, and (3) Key-Fact Passage Weight Enhancement to
strength, boosting relevant context edge. This steers the random walk to successfully retrieve the complete evidence
chain for ENS

searches. CatRAG instead introduces a "one-shot"185

context-aware graph modification that dynamically186

re-weights edges before traversal. Unlike iterative187

cycles, our approach maintains the efficiency of188

a single retrieval pass, effectively combining the189

reasoning precision of adaptive methods with the190

speed and structural integrity of graph-based re-191

trieval.192

3 Methodology193

In this section, we propose three mechanisms194

to optimize HippoRAG 2’s retrieval on a knowl-195

edge graph: Symbolic Anchoring, Query-Aware196

Dynamic Edge Weighting and Key-Fact Passage197

Weight Enhancement, also present in Figure1.198

3.1 Preliminaries199

We build our approach upon the graph structure200

defined in HippoRAG 2. The knowledge base is201

modeled as a directed graph G = (V,E). The node202

set V = VE ∪VP consists of entity phrases VE and203

passage nodes VP .204

The edge set E is composed of three distinct205

types of semantic connections:206

• Relation Edges (Erel): Edges between en-207

tity nodes (u, v ∈ VE) derived from OpenIE208

triples.209

• Synonym Edges (Esyn): Edges connecting 210

entity nodes with high vector similarity, cap- 211

turing linguistic variations of the same con- 212

cept. 213

• Context Edges (Ectx): Edges linking a pas- 214

sage node p ∈ VP to the entity nodes e ∈ VE 215

contained within it. 216

We adopt the Personalized PageRank (PPR) al- 217

gorithm to model the retrieval process. The proba- 218

bility distribution over nodes at step k is updated 219

as: 220

v(k+1) = (1− d) · es + d · v(k)T (1) 221

where es is the personalized probability distribu- 222

tion over seed nodes, and T is the row-normalized 223

transition matrix. In the standard framework, T is 224

static. Our work focuses on dynamically refining 225

T into a query-specific transition matrix T̂q to bet- 226

ter capture the reasoning requirements of the user 227

query. 228

3.2 Symbolic Anchoring 229

While the "Query to Triple" retrieval in HippoRAG 230

2 effectively captures implicit semantic cues, we 231

argue that relying solely on dense vector alignment 232

leaves the graph traversal susceptible to semantic 233

drift. Without explicit constraints, the PPR prop- 234

agation can easily be siphoned into high-degree 235
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"hub" nodes that have high similarity but lack pre-236

cise relevance to the query. To mitigate this, we237

introduce Symbolic Anchoring, a regularization238

strategy that grounds the stochastic walk using ex-239

plicit query constraints.240

Rather than treating NER as an alternative re-241

trieval path, we utilize extracted entities as strictly242

auxiliary topological anchors. We extract a set of243

entities and inject them as weak seed, assigning244

reset probabilities for retrieval. We assign these245

symbolic anchors with small reset probabilities ϵ,246

to ensure that their influence is subordinate to the247

initial entity from contextual triples.248

This weak seeding serves a specific regulatory249

function: it aligns the PPR propagation with the250

query’s intent. By placing a non-zero probabil-251

ity on the exact named entities mentioned in the252

query, we create a gravitational pull that resists the253

diffusion of probability mass into generic graph254

hubs. Even as the random walk explores the neigh-255

borhood defined by the static graph, these weak256

anchors ensure the traversal recurrently grounded257

to the specific entities in the query, effectively sup-258

pressing semantic drift. As a secondary benefit, this259

mechanism naturally balance the system’s capabil-260

ity: it retains the triplet-based strength in interpret-261

ing implicit clues while ensuring robust coverage262

for containing explicit entity mentions.263

3.3 Query-Aware Dynamic Edge Weighting264

Current graph-based RAG models rely on a static265

transition matrix T , where transition probabilities266

are fixed during indexing. We argue that this267

rigidity induces stochastic drift: without query-268

specific guidance, the random walk indiscrimi-269

nately diffuses probability mass into high-degree270

"hub" nodes that are structurally prominent but271

semantically irrelevant. To mitigate this, we ap-272

proximate a query-conditional transition matrix T̂q,273

concentrating the random walk on edges that maxi-274

mize information gain. We implement a two-stage275

coarse-to-fine strategy to dynamically modulate276

the weights of relation edges (Erel).277

3.3.1 Adaptive Entity Contextualization278

To assist the LLM in evaluating the relevance of a279

transition from seed u to neighbor v, we augment280

the prompt with a semantic summary of v. Since281

providing all connected facts for dense nodes is282

computationally intractable, we employ a condi-283

tional summarization strategy. Let F(v) be the set284

of fact triples connected to entity node v. We define285

the context content C(v) as: 286

C(v) =

{
Summary(F(v)) if |F(v)| > τ

Concat(F(v)) otherwise
(2) 287

where τ is a density threshold. For information- 288

dense nodes (|F(v)| > τ ), we generate a concise 289

summary; for sparse nodes, we use raw triples. 290

This hybrid approach balances context complete- 291

ness with token efficiency. 292

3.3.2 Stage I: Coarse-Grained Candidate 293

Pruning 294

Evaluating the semantic relevance of every edge us- 295

ing an LLM is computationally prohibitive. There- 296

fore, we first apply a topological filter to constrain 297

the search space to the most plausible local neigh- 298

borhoods. We define two hyperparameters: the 299

maximum number of seed entities Nseed and the 300

maximum number of edges per seed Kedge for fine- 301

grained alignment. First, we select the top-Nseed 302

entity nodes based on their initial reset probabilities 303

(derived from the dense retrieval alignment). Let 304

u be such a selected seed. For the seed phrase u 305

within top-Nseed, if the number of outgoing rela- 306

tion edges exceeds a threshold Kedge, we prune its 307

outgoing edges by prioritizing the top-Kedge neigh- 308

bors based on the vector similarity between the 309

query embedding and fact embeddings of relation 310

edges. Neighbors v /∈ Ntop(u) are bypassed by 311

the scoring module and assigned a minimal Weak 312

weight. This step acts as a low-pass structural filter, 313

discarding statistically improbable paths before the 314

intensive semantic scoring. 315

3.3.3 Stage II: Fine-Grained Semantic 316

Probability Alignment 317

In the second stage, we refine the weights of the sur-
viving edges in Ntop(u) to minimize semantic drift.
While vector similarity (Stage I) captures general
relatedness, it often fails to distinguish between
generic associations and precise evidentiary links.
We employ a Large Language Model (LLM) as a
discrete approximation of the conditional transi-
tion probability P (v|u, q). The LLM evaluates the
necessity of the transition u → v given the query
q and the neighbor’s summary C(v). We prompt
the model to classify the relationship into discrete
tiers L ∈ {Irrelevant, Weak, High, Direct}. We de-
fine a mapping function ϕ : L → R+ to project
these judgments into scalar weights. The updated
dynamic weight ŵuv is computed as:

ŵuv = ϕ
(
LLM(q, u, v, C(v))

)
· w(static)

uv
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This modulation is asymmetric, applied only to318

forward edges originating from the seed set. By319

suppressing irrelevant edges and amplifying crit-320

ical ones, we actively steer the PPR propagation,321

ensuring the traversal tunnels through the graph322

along the query’s intent rather than diffusing into323

topological sinks.324

3.4 Key-Fact Passage Weight Enhancement325

In the directed graph setting, a seed entity node326

u ∈ VE may connect to multiple passage nodes VP327

via context edges. We aim to bias the walk towards328

passages containing "Key Facts"—fact triplets that329

were explicitly identified and filtered during the330

filtering Recognition memory filtering proposed in331

HippoRAG 2.332

Let Tseed be the set of verified seed triples. We333

identify a "Key Fact" connection if the edge Ectx334

from seed entity u to passage p is supported by335

a triple in Tseed. We enhance the weight of such336

edges:337

ŵup = wup · (1 + β · I(u, p ∈ Tseed)) (3)338

where β is a boost factor and I(·) is an indicator339

function.340

This enhancement prioritizes passages provid-341

ing evidentiary support. Unlike the previous mod-342

ule which requires LLM inference, the Key-Fact343

Enhancement is a purely algorithmic adjustment344

based on triple-matching. It incurs zero additional345

token cost and negligible latency, making it a highly346

efficient approach to guide the random walk.347

3.5 Unified Retrieval Process348

We integrate Symbolic Anchoring, Dynamic Edge349

Weighting, and Passage Enhancement to construct350

a query-adapted graph. Standard PPR (Eq. 1) is351

executed on this refined structure. The resulting352

stationary distribution of PPR provides the final353

passage ranking, prioritizing nodes reachable via354

semantically relevant reasoning paths.355

4 Experimental Setup356

4.1 Baselines357

We evaluate CatRAG against a comprehensive suite358

of baselines spanning two paradigms: standard359

RAG with retrieval methods, and structure-aware360

RAG.361

For standard retrieval comparisons, we em-362

ploy several strong and widely used retrieval363

model,including BM25 (Robertson and Walker,364

Table 1: Dataset statistics.

Dataset MuSiQue 2Wiki HotpotQA HoVer

# of Queries 1,000 1,000 1,000 1,000
# of Passages 11,656 6,119 9,811 9,440

1994), Contriever (Izacard et al., 2022b), GTR 365

(Ni et al., 2022), text-embedding-3-small 1 model, 366

to represent standard embedding-based approaches. 367

Our primary comparison targets structure-aware 368

RAG frameworks. We compare against RAPTOR 369

(Sarthi et al., 2024), which constructs a recursive 370

tree structure for hierarchical summarization. Cru- 371

cially, our main baseline is HippoRAG 2 (Gutiér- 372

rez et al., 2025),the state-of-the-art in graph-based 373

neuro-symbolic retrieval. We omit the original Hip- 374

poRAG (Gutiérrez et al., 2024) from our evalu- 375

ation, as HippoRAG 2 has demonstrated that it 376

consistently outperforms its predecessor; thus, Hip- 377

poRAG 2 serves as the most rigorous and relevant 378

control. Since our method is instantiated upon the 379

HippoRAG 2 architecture, this comparison isolates 380

the specific gains attributable to our proposed dy- 381

namic edge weighting and passage enhancement 382

mechanisms. 383

4.2 Datasets 384

To evaluate the ability of CatRAG to maintain pre- 385

cise retrieval in multi-hop scenarios, we conduct 386

experiments on four benchmarks across two chal- 387

lenge types: Multi-hop QA and Multi-hop Fact 388

Verification. We summarize the key statistics of 389

these datasets in Table 1. 390

Multi-hop QA. We conduct experiments on 391

MuSiQue (Trivedi et al., 2022), 2WikiMulti- 392

HopQA (Ho et al., 2020), and HotpotQA (Yang 393

et al., 2018). These datasets require the system to 394

reason over multiple passages to derive an answer. 395

To ensure a fair comparison and reproducibility, we 396

utilize the subsets defined in prior work (Gutiérrez 397

et al., 2024), which sampled 1,000 queries ran- 398

domly and collected all candidate passages (includ- 399

ing supporting and distractor passages) to form 400

a corpus for each dataset. Crucially, HotpotQA 401

and 2WikiMultiHopQA are composed of 2-hop 402

queries, while MuSiQue presents more challeng- 403

ing questions requiring 2 to 4 hops. This gradation 404

is essential for our analysis. 405

1https://platform.openai.com/docs/models/text-
embedding-3-small
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Multi-hop Fact Verification. We extend our406

evaluation to the HoVer dataset (Jiang et al., 2020)407

to test the robustness of our model in a claim veri-408

fication setting. HoVer is adapted from HotpotQA409

but increases reasoning complexity by substituting410

named entities in the original claims with details411

from linked Wikipedia articles, thereby extending412

the reasoning chain to 3 and 4 hops. This sub-413

stitution process creates deep, fragile reasoning414

chains where a single missed retrieval step results415

in failure. Following the protocol in HippoRAG,416

we randomly sample 1,000 claims from the dataset417

(specifically 3 and 4 hops) and form the retrieval418

corpus by collecting all candidate passages (sup-419

porting evidence and distractors) associated with420

the original HotpotQA lineage questions of our421

selected claims.422

4.3 Metrics423

We report Recall@5 for standard retrieval evalua-424

tion and F1 for downstream QA. However, these425

aggregate metrics often mask incomplete reason-426

ing, as models may retrieve partial evidence or427

guess correct answers without grounding. To rigor-428

ously assess reasoning integrity, we introduce Full429

Chain Retrieval (FCR), defined as the percent-430

age of queries where the retrieved context contains431

the entire set of gold supporting documents. Fur-432

thermore, we report the Joint Success Rate (JSR),433

which counts a query as successful only if the sys-434

tem achieves FCR and the generated response con-435

tains the correct answer. This metric conceptually436

aligned with the strict evaluation established in437

the FEVER Shared Task (Thorne et al., 2018) and438

HoVer (Jiang et al., 2020), ensuring that accurate439

answer stem from complete evidentiary support440

rather than hallucinated or accidental correctness.441

4.4 Implementation Details442

We implement CatRAG upon the HippoRAG 2 ar-443

chitecture, using GPT-4o-mini2 as the backbone444

for all LLM components and text-embedding-3-445

small as the retriever. While newer open-weight446

models like NV-Embed-v2 (Lee et al., 2025) show447

strong performance, our primary objective is to iso-448

late the topological gains provided by the CatRAG449

mechanism from the raw semantic capacity of450

the underlying encoder. For fair comparison, all451

structure-augmented baselines are reproduced us-452

ing the same extractor and retriever. Downstream453

2https://platform.openai.com/docs/models/gpt-4o-mini

responses are generated by Llama-3.3-70B-Instruct 454

using the top-5 retrieved passages. Key hyperpa- 455

rameters include: symbolic anchor reset probabil- 456

ity ϵ = 0.2 (weighted by inverse passage count 457

|Pi|−1), boost factor β = 2.5, dynamic weight- 458

ing limits Nseed = 5 and Kedge = 15. More 459

implementation details and hyperparameters are 460

provided in Appendix A.1. 461

5 Results 462

Standard Retrieval and QA. Table 2 and Ta- 463

ble 3 demonstrate that CatRAG consistently outper- 464

forms all baselines across standard metrics. On the 465

complex MuSiQue dataset (2–4 hops), CatRAG 466

achieves a Recall@5 of 64.9%, surpassing the 467

dense retriever text-embedding-3-small by a sub- 468

stantial 8.1% margin and confirming the necessity 469

of structure-aware methods. 470

Compared to the state-of-the-art static baseline, 471

HippoRAG 2 across all benchmarks, CatRAG 472

raises Recall@5 to 89.5% on HotpotQA and 76.8% 473

on HoVer. This retrieval quality directly trans- 474

lates to downstream performance, where CatRAG 475

yields the highest F1 scores across all datasets 476

(e.g., 45.0% on MuSiQue), validating that query- 477

conditional edge weighting surfaces relevant evi- 478

dence without disrupting structural integrity. 479

Strict Reasoning Completeness Evaluation. 480

While standard metrics indicate general relevance, 481

they often mask a critical failure mode in multi-hop 482

retrieval: the loss of intermediate "bridge" docu- 483

ments that connect disjoint facts. To assess the 484

recovery of the full evidence paths, we evaluate 485

FCR and JSR in Table 4. CatRAG effectively mit- 486

igates probability dilution, achieving an FCR of 487

34.6% compared to 30.5% for HippoRAG 2. The 488

gain is most pronounced on HoVer, where precise 489

3–4 hop claim verification is required. CatRAG im- 490

proves JSR to 31.1%, a relative gain of 18.7% over 491

the HippoRAG2. These results confirm that our 492

dynamic steering successfully anchors the traver- 493

sal to the specific bridge documents required for 494

grounded reasoning. 495

5.1 Ablation Study 496

We conduct an ablation experiment, to isolate 497

the contributions of Symbolic Anchoring, Query- 498

Aware Dynamic Edge Weighting (Erel), and Key- 499

Fact Passage Weight Enhancement, with results 500

summarized in Table 5. First, the removal of Sym- 501

bolic Anchoring precipitates a consistent perfor- 502
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Table 2: Retrieval Performance (Recall@5). Retrieval performance on multi-hop QA and fact verification datasets.

Method MuSiQue 2Wiki HotpotQA HoVer

Standard Retrieval
BM25 31.6 52.1 64.8 50.8
Contriever 46.6 57.5 75.3 62.3
GTR (T5-base) 49.1 67.9 73.9 55.6
text-embedding-3-small 55.4 70.8 81.3 65.7

Structure-Aware RAG
RAPTOR 53.3 69.8 79.5 62.4
HippoRAG 2 61.4 85.9 87.1 71.2

CatRAG 64.9 87.0 89.5 76.8

Table 3: Downstream QA Performance. QA performance on multi-hop QA and fact verification datasets using
Llama-3.3-70B-Instruct as the QA reader. We report F1 for QA datasets, accuracy for the HoVer dataset. * denotes
the results from (Gutiérrez et al., 2025).

Method MuSiQue 2Wiki HotpotQA HoVer

Standard Retrieval
None 26.1* 42.8* 47.3* −
BM25 22.9 39.9 54.1 61.4
Contriever 31.3 41.9 62.3 66.0
GTR (T5-base) 34.6 52.8 62.8 62.7
text-embedding-3-small 36.1 56.9 64.6 64.2

Structure-Aware RAG
RAPTOR 36.0 56.7 64.4 65.3
HippoRAG 2 43.2 68.1 69.4 67.2

CatRAG 45.0 69.7 71.4 69.0

Table 4: Reasoning Completeness Evaluation. We evaluation the Full Chain Retrieval (FCR) and Joint Success
Rate (JSR) on multi-hop QA and fact verification datasets.

Method MuSiQue 2Wiki HotpotQA HoVer

Standard Retrieval
BM25 6.4/4.5 20.5/19.1 38.3/26.1 8.2/6.3
Contriever 11.3/8.3 27.2/23.9 54.1/37.6 18.1/13.8
GTR (T5-base) 15.0/11.5 35.8/31.3 53.0/37.9 10.3/6.8
text-embedding-3-small 21.1/13.8 41.6/34.9 64.9/46.3 22.1/16.0

Structure-Aware RAG
RAPTOR 19.6/13.2 40.1/34.2 61.4/44.2 18.6/13.7
HippoRAG 2 30.5/21.5 66.1/53.0 75.5/53.4 34.8/26.2

CatRAG 34.6/24.3 67.6/55.0 80.4/56.8 42.5/31.1

mance degradation, most notably a 3.2% drop on503

HoVer. This confirms that injecting extracted en-504

tities as weak topological anchors is critical for505

mitigating semantic drift. Second, excluding Erel506

weighting results in significant losses across all507

benchmarks, confirming that dynamically pruning508

irrelevant semantic branches is foundational to mit-509

igating drift. Finally, we observe that Key-Fact510

Enhancement provides consistent gains across un-511

structured datasets (HotpotQA, MuSiQue, HoVer)512

where evidence is buried in dense text. On the513

highly structured dataset 2WikiMultiHopQA, this514

heuristic introduces slight noise, leading to a minor515

performance regression . However, given that real- 516

world RAG scenarios involve messy, unstructured 517

corpora, we prioritize the gains on the unstructured 518

datasets. 519

6 Discussion 520

6.1 Impact on Multi-Hop Dependency: 521

Mitigating Hub Bias 522

A fundamental limitation of static graph retrieval 523

is Hub Bias (or degree centrality bias). In standard 524

formulations like HippoRAG 2, transition proba- 525

bilities are determined by static structural proper- 526

7



Table 5: Ablations. We report passage recall@5 on
multi-hop benchmarks using several alternatives to our
final design in dynamic update.

MuSiQue 2Wiki HotpotQA HoVer

CatRAG 64.9 87.0 89.5 76.8

w/o Symbolic anchor 63.0 86.1 88.6 73.6
w/oErel weighting 63.2 85.6 88.1 75.0
w/o Passage Enhance 64.7 88.4 89.0 76.6

Figure 2: Distribution of PPR-Weighted Node
Strength (Sppr). Comparison of the HippoRAG 2 ver-
sus CatRAG. The distribution for CatRAG is shifted to
the left, indicating a reduction in the retrieval of high-
degree "Hub" nodes. The dashed lines represent the
mean Sppr for each method.

ties. Consequently, random walks disproportion-527

ately converge on high-degree nodes (e.g., generic528

entities like ’United States’ or ’Song’), which act529

as "topological sinks". We hypothesize that this530

structural noise disrupts multi-hop dependency by531

diverting the retrieval path away from the specific532

"bridge" entities required to connect disjoint facts.533

Quantifying Semantic Drift. To assess whether534

our proposed framework mitigates this drift, we535

analyzed the topological properties of the top-10536

retrieved entity nodes after PPR across 100 ran-537

domly sampled queries from MuSiQue. We in-538

troduce PPR-Weighted Strength (Sppr) to measure539

the effective structural prominence of the retrieved540

context:541

Sppr(q) =
∑

v∈Vtop

p̂(v) · Strength(v) (4)542

where p̂(v) is the PPR probability mass of node543

v re-normalized over the retrieved set Vtop (i.e.,544 ∑
p̂(v) = 1), and Strength(v) is the weighted de-545

gree of the node. A higher Sppr indicates that546

the PPR result is more reliant on generic, high-547

connectivity nodes.548

Mitigation of Hub Bias. As illustrated in Fig- 549

ure 2, CatRAG exhibits a systematic structural 550

shift toward specificity. The distribution of PPR- 551

Weighted Strength for CatRAG is distinctively 552

shifted to the left compared to the static base- 553

line HippoRAG. CatRAG reduces the Mean PPR- 554

Weighted Strength from 837.0 to 761.7. Further- 555

more, we quantified the probability mass allocated 556

to "Super Hubs" (nodes in the top 1% of weighted 557

degree). While the baseline allocates 45.7% of its 558

probability mass to these generic hubs, our method 559

significantly reduces this to 42.5%. 560

Correlation with Reasoning Completeness. 561

This structural correction directly explains the im- 562

provements in reasoning integrity observed in Ta- 563

ble 4. While the relative reduction in hub mass 564

(7%) may appear moderate, it represents a criti- 565

cal redistribution of probability mass away from 566

topological distractors and toward specific bridge 567

entities. This aligns with our results on the HoVer 568

dataset, where avoiding generic associations is cru- 569

cial for verification; specifically, this structural 570

enhancement enables the 11% relative improve- 571

ment in JSR. By structurally decoupling promi- 572

nence from relevance, CatRAG ensures that the re- 573

trieved context preserves the complete dependency 574

chain, bridging the gap between partial recall and 575

grounded reasoning. 576

7 Conclusion 577

We identify and address the "Static Graph Fallacy" 578

inherent in current structure-aware RAG systems, 579

where fixed transition probabilities predispose re- 580

trieval to semantic drift and prevent the recovery of 581

complete evidence chains. We propose CatRAG, a 582

framework that transforms the Knowledge Graph 583

Traversal into a context-aware navigation structure. 584

Experiment across multi-hop benchmarks demon- 585

strate that CatRAG consistently outperforms base- 586

lines, including HippoRAG 2, while significantly 587

reducing the bias of high-degree hub nodes. Our 588

analysis reveals that these topological adjustments 589

yield substantial improvements in reasoning com- 590

pleteness, effectively bridging the gap between re- 591

trieving partial context and enabling fully grounded, 592

multi-hop reasoning. 593

Limitations 594

While CatRAG significantly enhances reasoning 595

completeness, it introduces certain trade-offs re- 596

garding efficiency. First, the mechanism for query- 597

8



aware dynamic edge weighting requires run-time598

LLM inference to assess semantic relevance, which599

incurs additional computational overhead and la-600

tency compared to purely static graph traversals.601

Although we mitigate this via coarse-grained prun-602

ing, the approach remains more computationally603

intensive than standard dense retrieval. Further-604

more, our experimental evaluation intentionally uti-605

lized standard embedding models (text-embedding-606

3-small) rather than larger, state-of-the-art embed-607

ding models to strictly isolate the topological gains608

provided by our framework from the raw semantic609

capacity of the encoder. Consequently, while our re-610

sults demonstrate the superiority of dynamic traver-611

sal, the absolute performance ceiling of CatRAG612

could potentially be further elevated by integrating613

these larger foundational models in future work.614

Due to proprietary data protection policies, the615

source code cannot be publicly released. To mit-616

igate this, we have provided full hyperparameter617

tables in to facilitate reimplementation.618

8 Ethical considerations619

This study utilizes four publicly available bench-620

mark datasets, MuSiQue, 2WikiMultiHopQA,621

HotpotQA, and HoVer, which are standard in622

the field. These datasets are derived from623

Wikipedia/Wikidata sources and may therefore con-624

tain publicly available information about real peo-625

ple and may incidentally include sensitive topics;626

however, we did not collect new personal data627

or interact with human participants. Regarding628

computational resources and model access, we uti-629

lized GPT-4o mini and text-embedding-3-small via630

the Microsoft Azure API, and accessed Llama-3.3-631

70B-Instruct through the OpenRouter API.632

According with AI Assistance policies, we ac-633

knowledge that we used generative AI tools to as-634

sist with code implementation and language polish-635

ing. All scientific content and results were verified636

by the authors.637
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Table 6: Hyperparameters for CatRAG. Note that
Synonym Edge weights are dynamic, scaled by their
vector similarity, whereas the standard HippoRAG 2
framework uses raw vector similarity.

Parameter Value

Synonym Similarity Threshold 0.8
Synonym Edge Weight 2.0× Similarity
PPR Damping Factor (d) 0.5
LLM Temperature 0.0
Symbolic Anchor (ϵ) 0.2
Max Seed Nodes for scoring (Nseed) 5
Max Pruning Edges for scoring (Kedge) 15
Passage Boost Factor (β) 2.5

LLM scores s ∈ {0, . . . , 10} to specific weight in-812

tervals (Table 7). This non-linear mapping acts as a813

high-pass filter, strictly pruning noise (scores ≤ 3)814

while exponentially amplifying high-confidence ev-815

idence paths.816

Table 7: LLM Score to Edge Weight Projection. Dis-
crete relevance scores are mapped to weight intervals.
Within the Weak and High tiers, weights are linearly
interpolated.

Semantic Tier LLM Score (s) Output Weight ϕ(s)

Irrelevant 0− 3 0
Weak 4− 6 0.2− 0.3
High 7− 9 2.0− 3.0
Direct 10 5.0
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B Prompts817

Entity Summarization Prompt (Adaptive Entity Context)

— Task —
Generate a concise, entity-focused summary that captures the core identity and key relationships of a
given entity based on its associated fact triplets.

— Instructions —
1. **Input Format**: You will receive:

- A ‘target_entity‘ (the entity being summarized)
- A ‘fact_triplets‘ list in JSON format containing relationships where this entity appears

2. **Output Requirements**:
- Focus on the **target entity** as the summary’s subject
- Integrate ALL key relationships from the provided triplets
- Explain **what the entity is** and **what it connects to** through its relationships
- Maintain strict coherence and factual accuracy
- Maximum length: 150 tokens
- Language: English (preserve proper nouns in original form when needed)

3. **Content Guidelines**:
- Start with the entity’s core identity/type
- Group related relationships logically (e.g., all professional roles together)
- Highlight notable connections to other significant entities
- Avoid listing facts mechanically - synthesize into narrative form

— Example Structure —
[Entity Name] is a [core type/description] known for [key attributes]. It [main
relationships/activities] with entities such as [notable connections]...

[... One in-context learning examples ...]

— Input —
Target node: ${entity}
Fact Triplets: ${fact_triplets}

Table 8: Prompt for generating entity summaries.
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Knowledge Graph Neighbor Scoring Prompt (Fine-Grained Semantic Probability Alignment)

You are a knowledge graph reasoning expert. Score neighbor entities (0-10) on their utility for
answering a QUERY.

### Input Data
1. A user QUERY.
2. The CURRENT ENTITY node we are exploring.
3. A set of RETRIEVED FACTS (trusted evidence).
4. A list of NEIGHBORS, each with:

- The specific LINKING TRIPLET(s) connecting the current entity to this neighbor.
- A short summary of the neighbor information.

### Scoring Criteria
- **10 (Solution):** The neighbor IS the answer or contains it.
- **7-9 (Bridge):** Critical step in the reasoning chain (e.g., Subject -> Attribute).
- **4-6 (Weak):** Valid semantic link, but tangential to query intent.
- **0-3 (Noise):** Irrelevant, generic, or contradicts facts.

### Rules
1. **Trust Facts:** If a neighbor contradicts RETRIEVED FACTS, score 0.
2. **Output Format:** - ‘ID (Entity Name): Score‘ (if Score < 4)
- ‘ID (Entity Name): Score | Concise reasoning‘ (if Score >= 4)

3. **Constraint:** You must copy the Entity Name exactly as it appears in the input.

[... Two in-context learning examples ...]

Output ONE line per neighbor: ‘ID (Entity Name): Score | (Reasoning if Score >= 4)‘

Table 9: The prompt for scoring neighbor nodes.
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