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Abstract

Recent advances in Retrieval-Augmented Gen-
eration (RAG) have shifted from simple vector
similarity to structure-aware approaches like
HippoRAG, which leverage Knowledge Graphs
(KGs) and Personalized PageRank (PPR) to
capture multi-hop dependencies. However,
these methods suffer from a "Static Graph Fal-
lacy": fixed transition probabilities set dur-
ing indexing ignore query-dependent edge
relevance, causing semantic drift where ran-
dom walks are diverted into high-degree "hub"
nodes before reaching critical evidence. Mod-
els often achieve high partial recall but fail
to retrieve the complete evidence chain for
multi-hop queries. To address this, we propose
CatRAG, Context-Aware Traversal for robust
RAG, which builds on the HippoRAG 2 and
transforms the static KG into a query-adaptive
navigation structure. CatRAG steers the ran-
dom walk via three mechanisms: (1) Symbolic
Anchoring, injecting weak entity constraints
to regularize the random walk; (2) Query-
Aware Dynamic Edge Weighting, dynami-
cally modulating graph structure to prune ir-
relevant paths and amplify query-aligned ones;
and (3) Key-Fact Passage Weight Enhance-
ment, a cost-efficient bias anchoring the walk
to key evidence. Experiments across multi-hop
benchmarks show that CatRAG outperforms
state-of-the-art baselines. While standard Re-
call gains are modest, CatRAG achieves sub-
stantial improvements in reasoning complete-
ness—the capacity to recover entire evidence
chains without gaps. These results reveal that
CatRAG effectively bridges the gap between
retrieving partial context and enabling fully
grounded reasoning. Resources are available at
https://github.com/kwunhang/CatRAG.
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1 Introduction

Large Language Models (LLMs) have demon-
strated transformative capabilities across a spec-
trum of natural language tasks, ranging from cre-
ative composition to complex code generation (Joel
et al., 2025; Li et al., 2024; Ren et al., 2024; Tou-
vron et al., 2023; Brown et al., 2020). Despite these
advances, the widespread deployment of LLMs
still remains restricted by hallucinations(Xu et al.,
2025; Liu et al., 2024) in response generation, of-
ten caused by outdated training data or lack of
domain-specific knowledge, resulting in seemingly
plausible but actually incorrect content. Retrieval-
Augmented Generation (RAG) (Gao et al., 2024;
Fan et al., 2024) has emerged as a feasible solution
to mitigate the issue, which incorporates external,
reliable documents within LLM prompts for re-
sponse generation.

Standard dense retrieval methods, which select
document chunks based on semantic similarity
(Izacard et al., 2022), frequently fail in multi-hop
reasoning scenarios when the answer relies on con-
necting disjoint facts. To overcome this limita-
tion, recent research has shifted towards Structure-
Aware RAG, which organizes information into hier-
archical trees (Sarthi et al., 2024) or global knowl-
edge graphs (Guo et al., 2025) to capture long-
range dependencies. Among these, the HippoRAG
framework (Gutiérrez et al., 2024, 2025) distin-
guishes itself by leveraging Personalized PageR-
ank (PPR) over Knowledge Graphs. Inspired by
the Hippocampal indexing theory (Teyler and DiS-
cenna, 1986), HippoRAG simulates neurobiologi-
cal memory by using PPR to perform associative
retrieval across network of linked concepts, mim-
icking the way the brain traverses connected neu-
rons to integrate disparate facts. This mechanism
enables deeper and more efficient knowledge inte-
gration that vector similarity alone cannot resolve.

However, a critical bottleneck remains in these
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graph-based paradigms: reliance on a static graph
structure. In standard HippoRAG, the transition
matrix guiding the Random Walk is fixed during
indexing, determined solely by structural proper-
ties or a priori semantic similarity. This rigidity
imposes two limitations. First, edge relevance is
treated as context-independent. Consider the query:
“Which university did Marie Curie’s doctoral advi-
sor attend?”” This requires a precise two-step traver-
sal: Marie Curie — Gabriel Lippmann (Advisor)
— Ecole Normale Supérieure (University). Yet, in
a static graph, generic edges like Marie Curie —
Radioactivity often possess dominant weights. Con-
sequently, the random walk often suffers from se-
mantic drift: it effectively retrieves the initial entity
but is statistically diverted into irrelevant clusters
before reaching the second-hop evidence. This re-
sults in a common failure mode where retrieval met-
rics (like Recall) appear high due to partial matches,
yet the reasoning chain is broken. Second, traversal
is susceptible to the "hub node" problem, where
high-degree entities (e.g., Nobel Prize, French) act
as semantic sinks, disproportionately diluting the
probability mass and causing the retrieval to drift
into irrelevant documents.

To mitigate the constraints imposed by static
graph topologies, we develop CatRAG (Context-
Aware Traversal for robust RAG). This framework
extends the HippoRAG 2 (Gutiérrez et al., 2025)
paradigm by integrating a novel optimization layer
tailored for context-driven navigation. First, we
introduce Symbolic Anchoring. By injecting ex-
plicitly recognized entities as weak topological an-
chors, we constrain the starting distribution to pre-
vent immediate drift into generic hubs. Second, we
introduce Query-Aware Dynamic Edge Weight-
ing. By employing an LLM to assess the relevance
of outgoing edges from seed entities, we dynami-
cally modulate the graph edge weight, effectively
pruning irrelevant paths while amplifying those
aligned with the query’s intent. Third, we propose
Key-Fact Passage Weight Enhancement, a cost-
efficient method to structurally anchor the random
walk to documents containing verified evidentiary
triples. It guides the random walk to documents
that provide distinct evidence, rather than those
containing only superficial mentions of seed enti-
ties.

We evaluate CatRAG across multiple multi-hop
benchmarks. Results demonstrate that while our ap-
proach yields consistent gains in standard retrieval
metrics, it achieves a significant breakthrough in

reasoning sufficiency. CatRAG substantially im-
proves Full Chain Retrieval—the ability to retrieve
complete evidence chains—confirming that dy-
namic graph steering effectively mitigates semantic
drift where static baselines fail.

2 Related Work

2.1 Dense Retriever

The foundational paradigm for RAG matches
queries and documents in a shared vector space,
evolving from probabilistic term-matching (Robert-
son and Walker, 1994) and dense bi-encoders (Izac-
ard et al., 2022) to granular late-interaction mech-
anisms (Santhanam et al., 2022). Recently, the
field has shifted toward Large Embedding Models
like E5-Mistral (Wang et al., 2024a), NV-Embed
(Lee et al., 2025) and GritLM (Muennighoff et al.,
2025), which repurpose LLMs to achieve superior
benchmark performance (Muennighoff et al., 2022).
However, these models remain constrained by the
static nature of vector similarity. By compressing
complex reasoning paths into a single geometrical
proximity, they lack explicit multi-hop traversal
mechanisms and frequently fail when queries and
evidence are connected solely through intermediate
bridge entities (Gutiérrez et al., 2024).

2.2 Structure-Aware RAG

To transcend the limitations of flat vector spaces,
recent works integrate explicit structural priors. Hi-
erarchical approaches like RAPTOR (Sarthi et al.,
2024) organize text into recursive trees, while
graph-based frameworks such as GraphRAG (Edge
et al., 2025) and LightRAG (Guo et al., 2025) lever-
age Knowledge Graphs to traverse entity relation-
ships(Zhou et al., 2025). KGP (Wang et al., 2024b)
constructs a passage-level KG and employs LLM
agent to navigate it hop-by-hop, incurring multiple
LLM calls per query and risking error propaga-
tion across hops. Similarly, recent agentic mem-
ory frameworks like LiCoMemory (Huang et al.,
2025b) introduce lightweight hierarchical graphs to
decouple semantic indexing from knowledge stor-
age. The state-of-the-art neuro-symbolic approach,
HippoRAG (Gutiérrez et al., 2024) and its succes-
sor, HippoRAG 2 (Gutiérrez et al., 2025), simu-
lates associative memory via PPR to link disparate
facts. HyperGraphRAG (Luo et al., 2025) models
knowledge as a hypergraph, enabling the represen-
tation of higher-order relational facts that are lost
under pairwise decomposition. KET-RAG (Huang
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et al., 2025a) addresses the practical scalability of
graph-based indexing, constructs indices at varying
levels of granularity, trading off retrieval precision
against computational overhead. PropRAG (Wang
and Han, 2025) replaces coarse KG triples with
propositions as graph nodes. Retrieval is then per-
formed via an LLM-free beam search over propo-
sition paths, guided by embedding similarity and
graph connectivity. However, these methods suffer
from the "Static Graph Fallacy": edge weights are
fixed during indexing and cannot adapt to query-
specific intent. This rigidity causes semantic drift,
where high-degree "hub" nodes disproportionately
dominate traversal probabilities, leading to the re-
trieval of structurally connected but contextually
irrelevant paths.

2.3 Dynamic & Adaptive Retrieval

To address static retrieval limitations, iterative
frameworks like IRCoT (Trivedi et al., 2023) and
Self-RAG (Asai et al., 2023), or agentic systems
such as PRISM (Nahid and Rafiei, 2025) and FAIR-
RAG (Asl et al., 2025), employ multi-step loops
to refine search queries. While effective, these
methods incur high latency and computational
costs by requiring repeated LLM calls for multiple
searches. CatRAG instead introduces a "one-shot"
context-aware graph modification that dynamically
re-weights edges before traversal. Unlike iterative
cycles, our approach maintains the efficiency of
a single retrieval pass, effectively combining the
reasoning precision of adaptive methods with the
speed and structural integrity of graph-based re-
trieval.

3 Methodology

In this section, we propose three mechanisms
to optimize HippoRAG 2’s retrieval on a knowl-
edge graph: Symbolic Anchoring, Query-Aware
Dynamic Edge Weighting and Key-Fact Passage
Weight Enhancement, also present in Figurel.

3.1 Preliminaries

HippoRAG(Gutiérrez et al., 2024) is inspired by
the hippocampal indexing theory of human long-
term memory. During indexing, an LLM extracts
OpenlE triples from each passage to construct a
schemaless KG, augmented with synonym edges
between entity nodes of high vector similarity. Hip-
poRAG 2 (Gutiérrez et al., 2025) extends this by
elevating passage nodes Vp as members of the
KG, linked to entity nodes via context edges F;,.

For retrieval, it replaces NER-based seeding with
Query-to-Triple retrieval, where the query embed-
ding is matched against indexed triples via dense
retrieval. A subsequent Recognition Memory Filter-
ing step screens these triples, retaining only query-
relevant ones to form the verified triplet set 7seeq. It
serves as the basis for our Passage Weight Enhance-
ment in Section 3.4. The constituent entity nodes
of the triples, combined with passage-level dense
retrieval scores, jointly initialize seed probability
of PPR.

We build our approach upon the graph structure
defined in HippoRAG 2. The knowledge base is
modeled as a directed graph G = (V, E). The node
set V = Vg U Vp consists of entity phrases Vg and
passage nodes Vp.

The edge set E is composed of three distinct
types of semantic connections:

* Relation Edges (F,.;): Edges between en-
tity nodes (u, v € Vg) derived from OpenlE
triples.

» Synonym Edges (F,,): Edges connecting
entity nodes with high vector similarity, cap-
turing linguistic variations of the same con-
cept.

* Context Edges (F.;;): Edges linking a pas-
sage node p € Vp to the entity nodes e € Vg
contained within it.

We adopt the Personalized PageRank (PPR) al-
gorithm to model the retrieval process. The proba-
bility distribution over nodes at step k is updated
as:

vk — (1 —d).eg+d-vPT (1)

where e is the personalized probability distribu-
tion over seed nodes,and T is the row-normalized
transition matrix. In HippoRAG framework, T is
fixed at indexing time and remains static across all
queries. Our work focuses on dynamically refining
T into a query-specific transition matrix Tq to bet-
ter capture the reasoning requirements of the user

query.
3.2 Symbolic Anchoring

While the "Query to Triple" retrieval in HippoRAG
2 effectively captures implicit semantic cues, we
argue that relying solely on dense vector alignment
leaves the graph traversal susceptible to semantic
drift. Without explicit constraints, the PPR prop-
agation can easily be siphoned into high-degree
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‘Which university did Marie
Curie's doctoral advisor attend?

Top-K Docs (O Passage Node
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Figure 1: Comparison of graph traversal between HippoRAG 2 and CatRAG. In the static baseline (top),
probability mass is siphoned into generic high-degree nodes (e.g., Radioactivity), causing semantic drift and missing
the evidence chain. CatRAG (bottom) employs (1) Symbolic Anchoring, (2) Dynamic Edge Weighting, and
(3) Key-Fact Enhancement to prune irrelevant paths and amplify query-aligned transitions. This context-aware
steering ensures the random walk successfully recovers the complete reasoning path (Marie Curie — Gabriel

Lippmann — ENS).

"hub" nodes that have high similarity but lack pre-
cise relevance to the query. To mitigate this, we
introduce Symbolic Anchoring, a regularization
strategy that grounds the stochastic walk using ex-
plicit query constraints.

Rather than treating NER as an alternative re-
trieval path, we utilize extracted entities as strictly
auxiliary fopological anchors. We extract a set of
entities and inject them as weak seed, assigning
reset probabilities for retrieval. We assign these
symbolic anchors with small reset probabilities e,
to ensure that their influence is subordinate to the
initial entity from contextual triples.

This weak seeding serves a specific regulatory
function: it aligns the PPR propagation with the
query’s intent. By placing a non-zero probabil-
ity on the exact named entities mentioned in the
query, we create a gravitational pull that resists the
diffusion of probability mass into generic graph
hubs. Even as the random walk explores the neigh-
borhood defined by the static graph, these weak
anchors ensure the traversal recurrently grounded
to the specific entities in the query, effectively sup-
pressing semantic drift. As a secondary benefit,
this mechanism naturally balances the system’s
capability: it retains the triplet-based strength in
interpreting implicit clues while ensuring robust
coverage for containing explicit entity mentions.

3.3 Query-Aware Dynamic Edge Weighting

Current graph-based RAG models rely on a static
transition matrix 7', where transition probabilities
are fixed during indexing. We argue that this
rigidity induces stochastic drift: without query-
specific guidance, the random walk indiscrimi-
nately diffuses probability mass into high-degree
"hub" nodes that are structurally prominent but
semantically irrelevant. To mitigate this, we ap-
proximate a query-conditional transition matrix 1.,
concentrating the random walk on edges that maxi-
mize information gain. We implement a two-stage
coarse-to-fine strategy to dynamically modulate
the weights of relation edges (F,.;).

3.3.1 Adaptive Entity Contextualization

To assist the LLM in evaluating the relevance of a
transition from seed u to neighbor v, we augment
the prompt with a semantic summary of v. Since
providing all connected facts for dense nodes is
computationally intractable, we employ a condi-
tional summarization strategy. Let F(v) be the set
of fact triples connected to entity node v. We define
the context content C'(v) as:

if |[F(v)| > 7

Clw) = Summary(F(v)) @)
otherwise

| Concat(F(v))

where 7 is a density threshold. For information-
dense nodes (|.F(v)| > 7), we generate a concise
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summary; for sparse nodes, we use raw triples.
This hybrid approach balances context complete-
ness with token efficiency.

3.3.2 Stage I: Coarse-Grained Candidate
Pruning

Evaluating the semantic relevance of every edge us-
ing an LLM is computationally prohibitive. There-
fore, we first apply a topological filter to constrain
the search space to the most plausible local neigh-
borhoods. We define two hyperparameters: the
maximum number of seed entities N4 and the
maximum number of edges per seed K g4 for fine-
grained alignment. First, we select the top-Ngeq
entity nodes based on their initial reset probabilities
(derived from the dense retrieval alignment). Let
u be such a selected seed. For the seed phrase u
within top-Ngeeq, if the number of outgoing rela-
tion edges exceeds a threshold Kq44., we prune its
outgoing edges by prioritizing the top-Kq4e neigh-
bors based on the vector similarity between the
query embedding and fact embeddings of relation
edges. Neighbors v ¢ Nop(u) are bypassed by
the scoring module and assigned a minimal Weak
weight. This step acts as a low-pass structural filter,
discarding statistically improbable paths before the
intensive semantic scoring.

3.3.3 Stage II: Fine-Grained Semantic
Probability Alignment

In the second stage, we refine the weights of the sur-
viving edges in N,y (1) 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 £ € {Irrelevant, Weak, High, Direct}. We de-
fine a mapping function ¢ : £ — R to project
these judgments into scalar weights. The updated
dynamic weight w,,, is computed as:

(static)
uv

Wyy = gb(LLM(q, u,v, C(v))) X

This modulation is asymmetric, applied only to
forward edges originating from the seed set. It is
applied only to the surviving top-K edge from Stage
1. By suppressing irrelevant edges and amplifying
critical ones, we actively steer the PPR propagation,

ensuring the traversal tunnels through the graph
along the query’s intent rather than diffusing into
topological sinks.

3.4 Key-Fact Passage Weight Enhancement

In the directed graph setting, a seed entity node
u € Vg may connect to multiple passage nodes Vp
via context edges. We aim to bias the walk towards
passages containing "Key Facts"—fact triplets that
were explicitly identified and filtered during the
filtering Recognition memory filtering proposed in
HippoRAG 2.

Let Tsceq be the set of verified seed triples. We
identify a "Key Fact" connection if the edge E
from seed entity u to passage p is supported by
a triple in Tg..q. We enhance the weight of such
edges:

UA}up = Wyp * (1 +3- H(u,p € 7;eed)) 3)

where [ is a boost factor and I(-) is an indicator
function.

This enhancement prioritizes passages provid-
ing evidentiary support. Unlike the previous mod-
ule which requires LLM inference, the Key-Fact
Enhancement is a purely algorithmic adjustment
based on triple-matching. It incurs zero additional
token cost and negligible latency, making it a highly
efficient approach to guide the random walk.

3.5 Unified Retrieval Process

We integrate Symbolic Anchoring, Dynamic Edge
Weighting, and Passage Enhancement to construct
a query-adapted graph. Standard PPR (Eq. 1) is
executed on this refined structure. The resulting
stationary distribution of PPR provides the final
passage ranking, prioritizing nodes reachable via
semantically relevant reasoning paths.

4 Experimental Setup

4.1 Baselines

We evaluate CatRAG against a comprehensive suite
of baselines spanning two paradigms: standard
RAG with retrieval methods, and structure-aware
RAG.

For standard retrieval comparisons, we employ
several strong and widely used retrieval models,
including BM25 (Robertson and Walker, 1994),
Contriever (Izacard et al., 2022), GTR (Ni et al.,
2022), text-embedding-3-small | model, to repre-
sent standard embedding-based approaches.

Uhttps://platform.openai.com/docs/models/text-
embedding-3-small
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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

Our primary comparison targets structure-aware
RAG frameworks. We compare against RAP-
TOR (Sarthi et al., 2024), which constructs a re-
cursive tree structure for hierarchical summariza-
tion, and LightRAG (Guo et al., 2025), leverage
a KG structure to generate corpus-level concept
summaries. Crucially, our main baseline is Hip-
PoRAG 2 (Gutiérrez et al., 2025),the state-of-the-
art in graph-based neuro-symbolic retrieval. We
omit the original HippoRAG (Gutiérrez et al., 2024)
from our evaluation, as HippoRAG 2 has demon-
strated that it consistently outperforms its prede-
cessor; thus, HippoRAG 2 serves as the most rig-
orous and relevant control. We further benchmark
against the HyperGraphRAG(Luo et al., 2025),
which extends graph-based RAG beyond binary
relations by modeling knowledge as a hypergraph,
and PropRAG(Wang and Han, 2025), advances
graph-based retrieval by replacing coarse triples
with contextually rich propositions as graph nodes.
This bears conceptual similarity to our framework
in that both methods personalize graph traversal
to the query; the key distinction is that PropRAG
utilizes beam search over proposition paths (local
search), whereas CatRAG utilizes PPR (global dif-
fusion).

4.2 Datasets

To evaluate the ability of CatRAG to maintain pre-
cise retrieval in multi-hop scenarios, we conduct
experiments on four benchmarks across two chal-
lenge types: Multi-hop QA and Multi-hop Fact
Verification. We summarize the key statistics of
these datasets in Table 1.

Multi-hop QA. We conduct experiments on
MuSiQue (Trivedi et al., 2022), 2WikiMulti-
HopQA (Ho et al., 2020), and HotpotQA (Yang
et al., 2018). These datasets require the system to
reason over multiple passages to derive an answer.
To ensure a fair comparison and reproducibility, we
utilize the subsets defined in prior work (Gutiérrez
et al., 2024), which sampled 1,000 queries ran-
domly and collected all candidate passages (includ-
ing supporting and distractor passages) to form
a corpus for each dataset. Crucially, HotpotQA

and 2WikiMultiHopQA are composed of 2-hop
queries, while MuSiQue presents more challeng-
ing questions requiring 2 to 4 hops. This gradation
is essential for our analysis.

Multi-hop Fact Verification. We extend our
evaluation to the HoVer dataset (Jiang et al., 2020)
to test the robustness of our model in a claim veri-
fication setting. HoVer is adapted from HotpotQA
but increases reasoning complexity by substituting
named entities in the original claims with details
from linked Wikipedia articles, thereby extending
the reasoning chain to 3 and 4 hops. This sub-
stitution process creates deep, fragile reasoning
chains where a single missed retrieval step results
in failure. Following the protocol in HippoRAG,
we randomly sample 1,000 claims from the dataset
(specifically 3 and 4 hops) and form the retrieval
corpus by collecting all candidate passages (sup-
porting evidence and distractors) associated with
the original HotpotQA lineage questions of our
selected claims.

4.3 Maetrics

We report Recall @5 for standard retrieval evalua-
tion and F1 for downstream QA. However, these
aggregate metrics often mask incomplete reason-
ing, as models may retrieve partial evidence or
guess correct answers without grounding. To rigor-
ously assess reasoning integrity, we introduce Full
Chain Retrieval (FCR), defined as the percent-
age of queries where the retrieved context contains
the entire set of gold supporting documents. Fur-
thermore, we report the Joint Success Rate (JSR),
which counts a query as successful only if the sys-
tem achieves FCR and the generated response con-
tains the correct answer. This metric conceptually
aligned with the strict evaluation established in
the FEVER Shared Task (Thorne et al., 2018) and
HoVer (Jiang et al., 2020), ensuring that accurate
answer stem from complete evidentiary support
rather than hallucinated or accidental correctness.

4.4 Implementation Details

We implement CatRAG upon the HippoRAG 2 ar-
chitecture, using GPT-40-mini’ as the backbone
for all LLM components and text-embedding-3-
small as the retriever. While newer open-weight
models like NV-Embed-v2 (Lee et al., 2025) show
strong performance, our primary objective is to iso-
late the topological gains provided by the CatRAG

Zhttps://platform.openai.com/docs/models/gpt-40-mini

5854



Table 2: Retrieval Performance (Recall@5). Retrieval performance on multi-hop QA and fact verification datasets.
LightRAG and HyperGraphRAG is not presented because they do not directly produce passage retrieval results.

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
PropRAG 61.8 83.5 90.0 71.9
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 229 39.9 54.1 614
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
LightRAG 43.0 49.7 68.3 66.5
HyperGraphRAG 44.8 61.7 69.5 67.0
HippoRAG 2 432 68.1 69.4 67.2
PropRAG 46.1 63.9 71.2 66.9
CatRAG | 45.0 69.7 71.4 | 69.0

Table 4: Reasoning Completeness Evaluation. We evaluate the Full Chain Retrieval (FCR) and Joint Success
Rate (JSR) on multi-hop QA and fact verification datasets. LightRAG and HyperGraphRAG are not presented
because they do not directly produce passage retrieval results.

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 27.2/239  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
PropRAG 33.8/24.5 62.8/50.8 81.0/58.2 | 34.9/25.6
CatRAG \ 34.6/24.3 67.6/55.0  80.4/56.8 \ 42.5/31.1

mechanism from the raw semantic capacity of
the underlying encoder. For fair comparison, all
structure-augmented baselines are reproduced us-
ing the same extractor and retriever. Downstream
responses are generated by Llama-3.3-70B-Instruct
using the top-5 retrieved passages. Key hyperpa-
rameters include: symbolic anchor reset probabil-

ity e = 0.2 (weighted by inverse passage count

|P;]~1), boost factor 3 = 2.5, dynamic weight-
ing limits Ngeeq = 5 and K.q9e = 15. More
implementation details and hyperparameters are
provided in Appendix A.1.

5 Results

Standard Retrieval and QA. Tables 2 and 3
show CatRAG consistently outperforms or rivals
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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/oE,.; weighting 63.2 85.6 88.1 75.0
w/o Passage Enhance 64.7 88.4 89.0 76.6

baselines. On MuSiQue, CatRAG’s 64.9% Re-
call@5 surpasses text-embedding-3-small by 9.5%
and structure-aware methods like HippoRAG 2.
While PropRAG shows strong performance on Hot-
potQA, CatRAG maintains its lead on 2Wiki and
HoVer with 87.0% and 76.8%.

This retrieval quality effectively drives downstream
QA. CatRAG achieves the highest F1/Accuracy,
69.7% on 2Wiki and 69.0% on HoVer . Although
PropRAG yields a slightly higher MuSiQue QA
F1 (46.1% vs. 45.0%), CatRAG maintains supe-
rior retrieval performance (Recall@5: 64.9% vs.
61.8%). We speculate that this is because Pro-
pRAG’s secondary PPR concentrates probability
mass on the top 1-2 ranks, inflating QA perfor-
mance via LLM position bias despite lower recall.
However, CatRAG’s dynamic global transition ma-
trix reliably recovers the complete evidence paths
for strictly grounded reasoning.

Strict Reasoning Completeness Evaluation.
While standard metrics indicate general relevance,
they often mask a critical failure mode in multi-hop
retrieval: the loss of intermediate “bridge” docu-
ments that connect disjoint facts. Because reli-
able generation requires the entire evidence chain,
we evaluate FCR and JSR (Table 4). CatRAG
effectively mitigates probability dilution, achiev-
ing an FCR of 34.6% on MuSiQue and 67.6%
on 2Wiki, surpassing both HippoRAG 2 and Pro-
pRAG. CatRAG’s fundamental advantage—its dy-
namic global transition matrix—excels on HoVer’s
complex 3—4 hop queries, improving JSR to 31.1%,
18.7% and 21.5% relative gain over HippoRAG
2 and PropRAG respectively. These results con-
firm our dynamic steering consistently recovers
the complete evidence paths necessary for strictly
grounded reasoning.

5.1 Ablation Study

We conduct an ablation experiment, to isolate
the contributions of Symbolic Anchoring, Query-
Aware Dynamic Edge Weighting (F,.¢;), and Key-

i Reduced Hub 3 HippoRAG 2 (Static)
i\ o— Influence =3 CatRAG (Ours)

Probability Density

0 500 1000 1500 2000
PPR-Weighted Strength

Figure 2: Distribution of PPR-Weighted Node
Strength (S,,,-). 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 Sy, for each method.

Fact Passage Weight Enhancement, with results
summarized in Table 5. First, the removal of Sym-
bolic Anchoring precipitates a consistent perfor-
mance degradation, most notably a 3.2% drop on
HoVer. This confirms that injecting extracted en-
tities as weak topological anchors is critical for
mitigating semantic drift. Second, excluding FE,.;
weighting results in significant losses across all
benchmarks, confirming that dynamically pruning
irrelevant semantic branches is foundational to mit-
igating drift. Finally, we observe that Key-Fact
Enhancement provides consistent gains across un-
structured datasets (HotpotQA, MuSiQue, HoVer)
where evidence is buried in dense text. On the
highly structured dataset 2WikiMultiHopQA, this
heuristic introduces slight noise, leading to a minor
performance regression . However, given that real-
world RAG scenarios involve messy, unstructured
corpora, we prioritize the gains on the unstructured
datasets.

6 Discussion

6.1 Impact on Multi-Hop Dependency:
Mitigating Hub Bias

A fundamental limitation of static graph retrieval
is Hub Bias (or degree centrality bias). In standard
formulations like HippoRAG 2, transition proba-
bilities are determined by static structural proper-
ties. Consequently, random walks disproportion-
ately converge on high-degree nodes (e.g., generic
entities like "United States" or "Song"), which act
as "topological sinks". We hypothesize that this
structural noise disrupts multi-hop dependency by
diverting the retrieval path away from the specific
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"bridge" entities required to connect disjoint facts.

Quantifying Semantic Drift. To assess whether
our proposed framework mitigates this drift, we
analyzed the topological properties of the top-10
retrieved entity nodes after PPR across 100 ran-
domly sampled queries from MuSiQue. We in-
troduce PPR-Weighted Strength (S,,,) to measure
the effective structural prominence of the retrieved
context:

Sppr(q) = Z p(v) - Strength(v) (4)

vE€Vtop

where p(v) is the PPR probability mass of node
v re-normalized over the retrieved set V), (i.e.,
> p(v) = 1), and Strength(v) is the weighted de-
gree of the node. A higher S, indicates that
the PPR result is more reliant on generic, high-
connectivity nodes.

Mitigation of Hub Bias. As illustrated in Fig-
ure 2, CatRAG exhibits a systematic structural
shift toward specificity. The distribution of PPR-
Weighted Strength for CatRAG is distinctively
shifted to the left compared to the static base-
line HippoRAG. CatRAG reduces the Mean PPR-
Weighted Strength from 837.0 to 761.7. Further-
more, we quantified the probability mass allocated
to "Super Hubs" (nodes in the top 1% of weighted
degree). While the baseline allocates 45.7% of its
probability mass to these generic hubs, our method
significantly reduces this to 42.5%.

Correlation with Reasoning Completeness.
This structural correction directly explains the im-
provements in reasoning integrity observed in Ta-
ble 4. While the relative reduction in hub mass
(7%) may appear moderate, it represents a criti-
cal redistribution of probability mass away from
topological distractors and toward specific bridge
entities. This aligns with our results on the HoVer
dataset, where avoiding generic associations is cru-
cial for verification; specifically, this structural
enhancement enables the 11% relative improve-
ment in JSR. By structurally decoupling promi-
nence from relevance, CatRAG ensures that the re-
trieved context preserves the complete dependency
chain, bridging the gap between partial recall and
grounded reasoning.

6.2 Efficiency Analysis

To assess the practical deployment of CatRAG, we
conduct a performance—efficiency analysis using

Table 6: Efficiency Analysis. Efficiency comparison
between HippoRAG 2 and CatRAG on MuSiQue. La-
tency values represent the average per-query processing
time.

Metric HippoRAG 2  CatRAG
Initial Seed Latency 2.75s 2.86s
Dynamic Edge Weighting Latency N/A 4.65s
w/oE,.; weighting 2.92s 7.73s
API Cost (per 1,000 queries) $0.50 $2.00

GPT-40-mini on 1,000 queries from the MuSiQue
dataset.’

As detailed in Table 6, the introduction of Sym-
bolic Anchoring, which operates in parallel with
LLM based triplet filtering, introduces a negligible
latency overhead of 0.11s. The primary compu-
tational investment occurs during Dynamic Edge
Weighting, resulting in a retrieval process approxi-
mately 2.6 x slower than the static baseline.

We argue that this increased latency is the necessary
cost of resolving the Static Graph Fallacy. By dy-
namically reasoning over graph structures at query
time, CatRAG identifies critical evidence paths that
static methods overlook. This investment drives
our primary contribution: an 18.7% relative gain
in JSR on HoVer. For high-stakes domains, such
as legal, medical, where reasoning completeness
is paramount, this nominal trade-off ($0.0015 and
4.8s additional latency per query) is a practical and
justifiable exchange for significantly more robust
evidence retrieval.

7 Conclusion

We identify and address the "Static Graph Fallacy"
inherent in current structure-aware RAG systems,
where fixed transition probabilities predispose re-
trieval to semantic drift and prevent the recovery of
complete evidence chains. We propose CatRAG, a
framework that transforms the Knowledge Graph
Traversal into a context-aware navigation structure.
Experiments across multi-hop benchmarks show
that CatRAG outperforms baselines, including Hip-
poRAG?2, while reducing high-degree hub-node
bias. Our analysis reveals that these topological ad-
justments yield substantial improvements in reason-
ing completeness, effectively bridging the gap be-
tween retrieving partial context and enabling fully
grounded, multi-hop reasoning.

3At the time of writing, the cost of the API is $0.15 for
IM input tokens and $0.6 for 1M output tokens.
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Limitations

While CatRAG significantly enhances reasoning
completeness, it introduces certain trade-offs re-
garding efficiency. First, the mechanism for query-
aware dynamic edge weighting requires run-time
LLM inference to assess semantic relevance, which
incurs additional computational overhead and la-
tency compared to purely static graph traversals.
Although we mitigate this via coarse-grained prun-
ing, the approach remains more computationally
intensive than standard dense retrieval. Further-
more, our experimental evaluation intentionally uti-
lized standard embedding models (text-embedding-
3-small) rather than larger, state-of-the-art embed-
ding models to strictly isolate the topological gains
provided by our framework from the raw semantic
capacity of the encoder. Consequently, while our re-
sults demonstrate the superiority of dynamic traver-
sal, the absolute performance ceiling of CatRAG
could potentially be further elevated by integrating
these larger foundational models in future work.
Datasets and prompts are available. Due to propri-
etary data protection policies, the original source
code cannot be publicly released. To mitigate this,
we have provided full hyperparameter tables to fa-
cilitate reimplementation.

Ethical Considerations

This study utilizes four publicly available bench-
mark datasets, MuSiQue, 2WikiMultiHopQA,
HotpotQA, and HoVer, which are standard in
the field. These datasets are derived from
Wikipedia/Wikidata sources and may therefore con-
tain publicly available information about real peo-
ple and may incidentally include sensitive topics;
however, we did not collect new personal data
or interact with human participants. Regarding
computational resources and model access, we uti-
lized GPT-40 mini and text-embedding-3-small via
the Microsoft Azure API, and accessed Llama-3.3-
70B-Instruct through the OpenRouter APIL
According with Al Assistance policies, we ac-
knowledge that we used generative Al tools to as-
sist with code implementation and language polish-
ing. All scientific content and results were verified
by the authors.
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A Appendix

A.1 Implementation Details and
Hyperparameters

We summarize the core hyperparameters for
CatRAG in Table 7. To ensure fair comparison,
we maintain the QA prompts established in the
HippoRAG 2 benchmark (Gutiérrez et al., 2025).

Table 7: 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 x Similarity
PPR Damping Factor (d) 0.5

LLM Temperature 0.0
Symbolic Anchor (€) 0.2

Max Seed Nodes for scoring (Nseed) 5

Max Pruning Edges for scoring (Kcage) 15
Passage Boost Factor (/3) 2.5

Dynamic Edge Scoring Schedule. To translate
the LLM’s semantic assessment into topological

structure, we employ a tiered projection strategy.
We define four distinct semantic tiers—Irrelevant,
Weak, High, and Direct—and map the discrete
LLM scores s € {0, ..., 10} to specific weight in-
tervals (Table 8). This non-linear mapping acts as a
high-pass filter, strictly pruning noise (scores < 3)
while exponentially amplifying high-confidence ev-
idence paths.

Table 8: 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 ¢(s)
Irrelevant 0-3 0

Weak 4—-6 0.2-0.3
High 7-9 2.0-3.0
Direct 10 5.0

B Case Studies: Hub Mitigation and
Entity Recovery

To demonstrates the performance improvement of
CatRAG, we present two query-level case studies
from MuSiQue. These examples illustrate how
CatRAG reduces the influence of generic hub
entities and recovers essential bridge entities for
multi-hop retrieval.

Our first case highlights an end-to-end retrieval
improvement for the question: “When did the
person chosen to be president of the confederacy
end his fight in the Mexican-American war?” In
HippoRAG 2, the top linked entities are dominated
by broad concepts like Mexican-American War and
Jefferson Davis, failing to recover the essential con-
nection between them. Consequently, HippoRAG2
retrieves none of the complete supporting chain,
yielding Recall@5 = 0.0. In contrast, CatRAG
successfully surfaces the missing bridge entity,
president of the confederate states. This addition
leads the retriever to recover both gold supporting
passages, improving Recall@5 to 1.0.

The second case directly illustrates CatRAG’s
hub-mitigation mechanism on the question: “What
year saw the publication of the version of the
Molotov—Ribbentrop Pact, engineered by the politi-
cian who succeeded the leader of the Bolsheviks in
the November Revolution?” HippoRAG?2 retrieves
the generic date node /939, which is a hub node
(this node has a graph degree of 94—well above
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the 99th-percentile hub threshold of 57). CatRAG
successfully filters out this hub date node and
introduces highly specific query-related entities,
including Vyacheslav Molotov and Bolsheviks.
This targeted shift aligns the retrieved evidence
with the question’s compositional structure,
improving Recall@5 from 0 to 0.333.

These cases demonstrate that CatRAG improves
retrieval quality by suppressing high-degree nodes
and concentrating walk on semantically precise
bridge entities.
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C Prompts

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

3. x*Content Guidelinesxx*:
- 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]l is a [core type/description] known for [key attributes]. It
relationships/activities] with entities such as [notable connections]...

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

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

[main

Table 9: 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

- *%10Q (Solution):** The neighbor IS the answer or contains it.

- *x7-9 (Bridge):** Critical step in the reasoning chain (e.g., Subject -> Attribute).
- *x4-6 (Weak):** Valid semantic link, but tangential to query intent.

- *x@-3 (Noise):** Irrelevant, generic, or contradicts facts.

### Rules
1. **Trust Facts:*x If a neighbor contradicts RETRIEVED FACTS, score 0.
2. **Qutput Format:** - ‘ID (Entity Name): Score‘ (if Score < 4)
- ‘ID (Entity Name): Score | Concise reasoning‘ (if Score >= 4)
3. **Constraint:*x 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 10: The prompt for scoring neighbor nodes.
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