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Recap – Team 1

• Motivation

‒ VLM verifier is costly, slow, and can hallucinate “pass”

‒ Free-form rationales are hard to reproduce/debug

• Key Idea

‒ Tool-based image editing + rule-based verification

‒ MLLM-free verifier for cheaper and more structured validation
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enables feedback-driven 
image editing while 
improving runtime efficiency.
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Limitations of Vector RAG: Why Graph?

• Embedding-based vector search cannot achieve perfect recall

‒ SOTA dense retrievers average Recall@100 is 65–68% on BEIR

‒ Single-vector embeddings have a theoretical upper bound on representable top-k 

combinations (DeepMind, 2025)

‒ Graphs provide a principled solution to these limitations
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Agentic RAG

Step 1: vector
search

Step 2: graph search



Limitations of Existing Graph RAG

• L1: No unified graph RAG

‒ Graph RAG has no well-established academic definitions

• L2: Existing graph retrieval approaches are naïve

‒ Claim to use graphs but fail to leverage graph structure in practice

‒ Or rely solely on LLM calls extremely slow inference

• L3: Lack of accurate graph evaluation framework

‒ Evaluation still borrows Recall and nDCG directly from vector RAG

‒ No metrics exist that reflect what makes graph RAG fundamentally different
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Our Contributions!

• C1: Propose unified graph retrieval taxonomy for primitive graph 

RAG operations

• C2: Propose a graph-aware insightful retrieval algorithm that fully 

leverages graph structure, replacing costly LLM interleaving 

methods

• C3: Propose a graph-structure-aware metric as Topological Recall 

beyond Recall & nDCG
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C1. Graph retrieval taxonomy

• Three basic graph retrieval operations (motivated from [3])

‒ In a corpus graph 𝒢 = (𝓝, ℇ), a retrieval operator 𝑶 is defined as a composite function 𝓟 ∘ 𝓡

where ranking function 𝓡 scores nodes, pruning function 𝓟 selects final node subset

7[3] Macdonald et al. "PyTerrier: Declarative experimentation in Python from BM25 to dense retrieval." CIKM 2021

Table 1. Three basic operators.

Definitions Methods

Vector 
Search 𝑶𝒗𝒔

Input: 𝐯𝑞 ,𝒩

Output: 𝒩𝑉𝑆

𝒩VS = 𝑶𝒗𝒔 𝐯q,𝒩, 𝑘 = 𝓟VS 𝓡VS 𝐯𝑞 , 𝑛 n ∈ 𝒩, 𝑘

= arg topk
n∈𝒩

𝐬𝐢𝐦(𝐯𝑞 , 𝐯𝑛)

Sparse Vector Search [4]

Dense Vector Search [5]
Late interaction [6]

Graph 
Search 𝑶𝒈𝒔

Input: 𝒩seed⊂ 𝒩,Ηseed, ℇ

Output: 𝒩𝐺𝑆

𝒩𝐺𝑆 = 𝑶𝒈𝒔(𝒩seed, Ηseed, ℇ) = 𝓟GS(𝚮
(𝑳))

*𝚮(𝑳): iterative signal propagation

1-hop traversal 
Personalized PageRank [7]
Flow algorithm [8]

Model-
based search 
𝑶𝒎

Input:  𝑞,𝒩seed ⊂ 𝒩, 𝑘

Output: 𝒩𝑀

𝒩𝑀 = 𝑶𝒎(𝐯𝑞 ,𝒩seed, 𝑘) = 𝓟M 𝓡M 𝑞, 𝑛 n ∈ 𝒩seed, 𝑘

= arg topk
n∈𝒩seed

𝑃𝜙 𝑞, 𝑛

Retrieve-then-Rerank

LLM Reranker



Example retrieval using 
our taxonomy- GAR
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• Goal: finding gold 𝑛4 and 𝑛2

Agentic RAG

Step 1: 𝑶𝒗𝒔

Step 2: 𝑶𝒎

via reranker

𝓝𝒔𝒖𝒃

Query: Explain components of conventional Agentic RAG methods.

Step 3: 𝑶𝒈𝒔

1-hop from 𝑛3

𝑶𝒗𝒔 → (𝑶𝒗𝒔, 𝑶𝒈𝒔, 𝑶𝒎)

Step 4: 𝑶𝒎 Step 5: 𝑶𝒗𝒔
Step 6: 𝑶𝒎

[9] MacAvaney et al., “Adaptive Re-Ranking with a Corpus Graph.” CIKM 2022.



Existing methods

Methods
Basic operations

𝑶𝒗𝒔 𝑶𝒈𝒔 𝑶𝒎

HyKGE
✓ ✘ ✘

HippoRAG

GNN-RAG
✓ ✓ ✘

G-Retriever

SubgraphRAG ✓ ✘ ✓

LightPROF
✓ ✓ ✓

ToG

LightRAG, PathRAG ✓ ✓ ✘

GRAG ✓ ✘ ✘

KG2RAG ✓ ✓ ✓

ToG 2.0 ✓ ✓ ✓

HippoRAG 2 ✓ ✓ ✘
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Table 2. Classification of existing Graph RAG methods based on their graph retrieval operator usage.

• Our taxonomy encompasses all existing graph RAG methods!



L2. Challenge in graph retrieval 

• Existing graph retrieval methods based on basic operators (𝑶𝒗𝒔, 

𝑶𝒈𝒔, 𝑶𝒎) face an inherent challenge

‒ Semantics-blindness of 𝑶𝒈𝒔: Retrieve exclusively on graph topology, 

ignoring semantic relevance
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𝒏𝟓: 𝐇𝐚𝐥𝐥𝐮𝐜𝐢𝐧𝐚𝐭𝐢𝐨𝐧

Query: Explain components of conventional Agentic RAG methods.

Should not retrieve semantically 

irrelevant neighbor n5



C2. Our New Fusion operator

• Leverage both semantic and topological inputs to expand search 

space

‒ Overcome semantic-blindness by adding query vector 𝐯𝒒 to 𝑶𝒗𝒈𝒔 traversal
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Table 4. Fusion operator proposed by our method

Definitions Methods

Vector-Graph
search 𝑶𝒗𝒈𝒔

Input:  𝐯𝒒, 𝒱,𝒩seed, ℇ

Output: 𝒩𝑉𝐺𝑆

𝒩𝑉𝐺𝑆 = 𝑶𝒗𝒈𝒔(𝐯𝒒, 𝒱,𝒩seed, ℇ)
*STeX in GraFine (ours)



C2. Full GraFine algorithm

• A novel fast and effective graph retrieval method that integrates 𝑶𝒗𝒈𝒔
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Query: Explain components of conventional Agentic RAG methods.

Agentic RAG

Step 1: 𝑶𝒗𝒔

Step 2: 𝑶𝒎

via reranker
Step 3: 𝑶𝒗𝒈𝒔

1-hop from 𝑛3 Step 4: 𝑶𝒎

…

Step 5: 𝑶𝒗𝒈𝒔

𝑶𝒗𝒔 → (𝑶𝒗𝒈𝒔, 𝑶𝒎)

𝓝𝒔𝒖𝒃



C2. STeX for Vector-Graph Search (𝑶𝒗𝒈𝒔)

• (L2) Conventional graph search methods are semantics blind

• Solution: Rank and retrieve candidates in 𝒩𝑠𝑢𝑏 using a composite score of both semantic 

representations and topological structure (weighted by 𝛽)

𝑆core𝑛 ← 𝑰𝒔𝒊𝒎 + 𝛽 ∙ 𝑰𝒔𝒕𝒓𝒖𝒄𝒕
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• Step 1: Structural importance 

‒ (L3-L8) Favor candidates connected to highest-ranked 

nodes 

‒ (L9-L12) Use bridging factor 𝐴(𝑛) to reward nodes acting 

as information brokers across graph structure

• Step 2: Semantic similarity

‒ (L13) Preserve semantically relevant nodes using dot 

product similarity between candidate and query v𝒒

• Step 3: Composite scoring

‒ (L14) Rank based on both structure and semantics



Experiments

• Retrieval experiments

‒ Five datasets: One citation dataset and four IR datasets

‒ Four baselines: Four graph retrieval baselines (adapted to our graph setting)

• Generation experiments

‒ Four datasets: One citation dataset and three QA datasets

‒ Compared with four baselines 
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Dataset statistics
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Table 5. Dataset statistics for retrieval and RAG experiments. 

UD: UltraDomain datasets; Graph shading: reference networks.



Research Questions

• We experiment and evaluate the effectiveness of GraFine by answering 

the following three research questions
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Research Questions

RQ1
Does GraFine (ours) demonstrate superior retrieval accuracy and generation 
quality compared to state-of-the-art baselines on corpus graphs?

RQ2
Is GraFine (ours) significantly more time-efficient than existing graph retrievers, 
particularly compared to interleaving methods?

RQ3
Does the performance improvement of GraFine (ours) primarily stem from the 
realization of insightful retrieval that effectively exploits graph topology?



RQ1: Effectiveness Analysis
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Table 6. Retrieval results on five corpus graph datasets. All metrics reported in percentage (%).

• Our method shows consistent retrieval performance improvements 

across all evaluated datasets

‒ Improvement of 9.9% in R@10 and 9.1% in nDCG@10

• GraFine (ours) consistently achieves higher average generation win rates

Table 7. Overall Win Rates (%) of Baselines v.s. GraFine across Four Datasets and Average.



RQ2: Efficiency Analysis
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Table 8. Time efficiency on SciFact-G: GraFine vs LLM interleaving methods.

• Demonstrate time-efficiency compared to conventional interleaving

methods (e.g., IRCoT+Vector Search, Think-on-Graph) that face high 

latency from iterative LLM inference

• Our method GraFine overcomes computational bottleneck

‒ Time efficient: Reduces Query Processing Time (QPT) (▼)

‒ Accuracy gain: Improves R@10 by 11.7% compared to IRCoT



C3. Topological Recall (TR)

• Limitation: Conventional Recall is binary, ignoring nodes close to 

the answer but is not the answer

• We introduce a new metric Topological Recall (TR) to quantify 

graph-theoretic proximity between retrieved nodes 𝒩sel and 

oracles nodes (𝒩oracle)
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: target node in 𝒩𝑜𝑟𝑎𝑐𝑙𝑒 ∖ 𝒩𝑠𝑒𝑙

: nodes in retrieved 𝒩sel
𝑅@5 =

1

min 5,2
= 𝟎. 𝟓

𝒏𝟑𝒏𝟐

𝑇𝑅 ℇ,𝒩sel,𝒩oracle = avg
ni𝜖{n2,n4}

{
1

1 + 𝒖 ℇ,𝓝𝒔𝒆𝒍, 𝒏4
,

1

1 + 𝒖 ℇ,𝓝𝒔𝒆𝒍, 𝒏𝟐
} ≈ 𝟎. 𝟕𝟎𝟗𝟓

considers that we are approaching gold node!



TR Explanation

• TR extends conventional Recall by assigning partial credit to oracle 

nodes not directly retrieved (𝒩𝑜𝑟𝑎𝑐𝑙𝑒 ∖𝒩𝑠𝑒𝑙) but are close in the 

graph

𝑇𝑅 = 𝑅𝑒𝑐𝑎𝑙𝑙 +
𝒩𝑜𝑟𝑎𝑐𝑙𝑒 ∖ 𝒩𝑠𝑒𝑙

𝒩𝑜𝑟𝑎𝑐𝑙𝑒
∙ 𝑇𝑅 ℇ,𝒩𝑠𝑒𝑙,𝒩𝑜𝑟𝑎𝑐𝑙𝑒 ∖ 𝒩𝑠𝑒𝑙 = 𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑴𝒊𝒔𝒔𝑻𝑹
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: target node in 𝒩𝑜𝑟𝑎𝑐𝑙𝑒 ∖ 𝒩𝑠𝑒𝑙

: nodes in retrieved 𝒩sel

: nodes in 𝒩oracle ∩𝒩sel

𝑅𝑒𝑐𝑎𝑙𝑙

Insightful

target
𝒏𝟏 𝒏𝟏

target

𝑇𝑅

TR can quantify insightful retrieval!



• Does the performance improvement of GraFine come from better exploitation of 

graph topology? 

‒ Yes! Our method shows higher TR value

RQ3: Analysis on Exploitation of Topology
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Figure 6. Evolution of Topological Recall (TR) as a 

function of retrieval budget (𝑏𝑚𝑎𝑥)

• GraFine show steeper initial rise in 

TR than GAR

‒ STeX actively steers node selection 

toward oracle-rich neighborhoods 

in early retrieval stages



Conclusion

• Summary of contributions

‒ Novel graph retrieval taxonomy: deconstructed existing graph retrieval methods into (𝑂𝑣𝑠 , 

𝑂𝑔𝑠, 𝑂𝑚) and identified (Challenge) semantics-blindness 𝑂𝑔𝑠

‒ Advanced fusion operator: introduced 𝑂𝑣𝑔𝑠 and presented STeX implementations

‒ New evaluation metric: proposed new Topological Recall to measure how well graph traversal is 

working

• We propose GraFine, a novel fast and effective graph retrieval method across large 

graphs while maintaining strong time efficiency

‒ Fast: Cuts query time by nearly half (42-58%) compared to LLM-based methods

‒ Effective: +9.9% Recall gain over SOTA

‒ Exploit Graph Topology: Approaches undiscovered oracle nodes that others miss
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Role of Members

• Yoonho Lee — TR(Topological Recall) Proposal & Experiment Support

‒ Proposed graph-aware evaluation metrics to assess how effectively graph 

structure is leveraged, and supported the corresponding experiments

• Chaejeong Hyun — Method & Algorithm Design

‒ Design trajectory-level retrieval framework, search process, and refinement 

strategy

‒ Develop scoring/objective functions and overall retrieval pipeline

• Minjun Kim — Experiments & Implementation

‒ Implement retrieval framework and reproduce baselines

‒ Design experiments, evaluation metrics, ablations, and runtime analysis
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Thank you

Q & A



Appendix 1: IRCoT

• IRCoT [15] interleaves chain-of-thought (CoT) generation and iterates knowledge 

retrieval steps to guide retrieval

‒ Reason step: generates next CoT sentence based on query, so far retrieved knowledge and CoT

‒ Retrieve step: retrieves K more passages based on the last CoT sentence

26
[15] Trivedi et al., “Interleaving Retrieval with Chain-of-Thought Reasoning for Knowledge-Intensive Multi-Step Questions.” 
ACL 2023.

Figure 5. Workflow of IRCoT



Appendix 2: Topological Recall (TR)

• Limitation: Conventional Recall is binary, ignoring nodes close to the answer but is not the 

answer

• We introduce a new metric Topological Recall (TR) to quantify graph-theoretic proximity 

between retrieved nodes 𝒩sel and oracles nodes (𝒩oracle)

27

Definitions

Recall@k

Input:  𝒩sel, 𝒩oracle, 𝑘

Output: 𝑅@𝑘

𝑅@𝑘 =
𝒩sel ∩𝒩oracle

min 𝑘, 𝒩oracle

Topological 

Recall (TR)

Input:  ℇ,𝒩sel, 𝒩oracle

Output: 𝑇𝑅

𝑇𝑅 ℇ,𝒩sel,𝒩oracle = avgni𝜖𝒩oracle

1

1 + 𝒖 ℇ,𝓝𝒔𝒆𝒍, 𝒏𝒊

𝑢 ℇ,𝒩sel, ni = min
nj𝜖𝒩sel

෍

nk𝜖𝑺𝑷(ℇ,𝒏𝒋,𝒏𝒊),nk≠ni

ln(1 + degℇ(nk))

: target node in 𝒩𝑜𝑟𝑎𝑐𝑙𝑒 ∖ 𝒩𝑠𝑒𝑙

: nodes in retrieved 𝒩sel

𝒖 ℇ,𝓝𝒔𝒆𝒍, 𝒏2 = min
nj𝜖{𝒏𝟏,𝒏𝟑,𝒏4,𝒏𝟓}

{𝒍𝒏(𝟏 + 𝟑), (ln(1 + 𝟑) + ln(1 + 𝟑)), (ln(1 + 𝟑) + ln(1 + 𝟑) + ln(1 + 𝟏)), (ln(1 + 𝟑) + ln(1 + 𝟑) + ln(1 + 𝟏))}

𝑅@5 =
1

min 5,2
= 0.5

𝑇𝑅 ℇ,𝒩sel,𝒩oracle = avg
ni𝜖{n2,n4}

{
1

1 + 𝒖 ℇ,𝓝𝒔𝒆𝒍, 𝒏4
,

1

1 + 𝒖 ℇ,𝓝𝒔𝒆𝒍, 𝒏𝟐
} ≈ 𝟎. 𝟕𝟎𝟗𝟓

𝒏𝟑𝒏𝟐
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