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Data Structure & Agentic Retrieval Algorithm



Multimodal Documents Are Everywhere!
• Real-world documents are often multimodal.

• e.g., webpages, PDFs, presentation slides, and way more!

• Accurate question-answering involves correctly resolving the relationships between the components.
• Component: a multimodal element (i.e., text/table/image) which comprises a document.

2An example PDF file An example Amazon page An example Reddit page



Multimodal Document Question Answering
Correctly answering the given question using information of 
multimodal components
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In the mausoleum built by the Mughal emperor who married 
Mumtaz Mahal, how many slender minarets surround the central 
dome?
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Shah Jahan commissioned many 
monuments, including the Red Fort 
and the Taj Mahal, where his 
favorite consort Mumtaz Mahal is 
entombed.

Shah Jahan Taj Mahal

The Taj Mahal is an ivory 
white marble mausoleum 
on the right bank of the 
river Yamuna in Agra, 
India.



Brief Guide to Today’s Seminar
• LILaC: Late Interacting in Layered Component Graph for Open-

domain Multimodal Multihop Retrieval (EMNLP’25)
• Main Question: What is an effective way to capture the characteristics 

of multimodal documents? What is an appropriate data structure?

• Failure is Feedback: History-Aware Backtracking for Agentic 
Traversal in Multimodal Graphs (ICML’26)
• Main Question: What is an effective way to perform traversal on such 

kind of data structure?
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Multimodal Document Question Answering (Revisited)
Correctly answering the given question using information of 
multimodal components
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Our Task
Open-Domain Multimodal Document Retrieval
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Problems of Then-Existing Work
In the mausoleum built by the Mughal emperor who 
married Mumtaz Mahal, how many slender minarets 
surround the central dome?

   The picture captures a classic, 
head-on view of the Taj Mahal in 
Agra, India. The ivory-white 
marble mausoleum dominates 
the scene with its large central 
onion dome.
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   Shah Jahan commissioned many 
monuments, including the Red 
Fort, Shah Jahan Mosque and 
the Taj Mahal, where his favorite 
consort Mumtaz Mahal is 
entombed. 
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Shah Jahan commissioned many 
monuments, including the Red For 
and the Taj Mahal, where his favorite 
consort Mumtaz Mahal is entombed.

Shah Jahan

TextRAG Retriever

VisRAG Retriever

Taj Mahal

The Taj Mahal is an ivory 
white marble mausoleum 
on the right bank of the 
river Yamuna in Agra, 
India.

Minarets? Not a word 
about them!

I see Shah 
Jahan… but 
no trail to 

follow!
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Everything's 
crammed 
into one 

screenshot!
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Keep original modality!

Express the relationships between 
such units, and the documents

Split the document into smaller units



How Can We Model Multimodal Documents?
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• Component: One of paragraph, table or an image

• Document: A set of components

Document Document

Paragraphs
Paragraphs

Images
Images

Tables Tables

Hyperlink

Graph!



Overview of LILaC
• Offline: generate a graph data structure

• Online: retrieve a query-relevant subgraph from the graph
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What Should We Consider for the Graph?
• Modality preservation

• Multimodal multihop reasoning:  Exploit both inter-document links and intra-document relationships

• Consideration of fine-grained granularity [1]: Paragraph -> sentences, Table -> rows, Image -> detected 
objects 

   

[1] Chen, Tong, et al. "Dense x retrieval: What retrieval granularity should we use?." EMNLP (2024). 11
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Layered Component Graph Construction
 

Component Tree Generation

1. Break down components into 
subcomponents
· Passage -> Split into sentences
· Table -> Split into rows
· Image -> Detect subimages

2. Connect each component with 
its subcomponents.

Inter-Component Edge 
Generation

Generate an undirected edge for 

• Every pair of components 
within the same document.

• Every pair of component with 
its linked document’s 
components.

Embedding Generation

 

 

(a) Layered Component Graph Construction

Component 
Tree 

Generation

  Inter-
Component

Edge
Generation

 

: embedding vector



They embed a natural language sequence, an image, or a combination of two into a single vector.

They require an instruction for each retrieval.

• Instruction includes information about the target modality of the retrieval.

Background

Multimodal Embedders
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LILaC
 

Instruction

Retrieve an image 
relevant to the given text



What Should We Consider for the Retrieval Algorithm?

• How should we find the instructions for multimodal embedding?
 Challenge 1: The instructions are not given in our setting

• How should we find subgraphs that need multimodal multihop reasoning?
 Challenge 2: The target subgraph may consist of multiple multimodal nodes (multihop reasoning)
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Key Idea

LILaC Retrieval Algorithm
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• Query decomposition & modality estimation: extract subqueries, then perform modality estimation 
for each subquery.

• Edge-based subgraph retrieval: retrieves query-relevant edges, then merges them into a subgraph

? ?Query 
Decomposition

Modality 
Estimation

   

? ?
          Subqueries

score calculation?
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Edge-level Late Interaction
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Late-Interaction-Guided Graph Traversal
 

 



Overview of LILaC (Revisited)
• Offline: generate a graph data structure

• Online: retrieve a query-relevant subgraph from the graph
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Retriever Accuracy Comparison
• LILaC achieves SOTA performance on all 5 benchmarks.

• LILaC outperforms the previous VisRAG SOTA models, VisRAG-Ret and ColPali, by substantial margins of 
12.39% and 9.85% in R@3, and 14.45% and 10.49% in MRR@10, on average, respectively. 
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End-to-End QA Accuracy Comparison
• LILaC achieves SOTA average end-to-end accuracy, with average EM and F1 scores of 52.57 and 59.36, 

respectively. 

• 17.40% and 18.47% accuracy raise compared to the previously best-performing VisRAG with Qwen2.5-
VL
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LILaC: What We Built, What’s Left
✅

C O N T R I B U T I O N

What LILaC Built

A novel data structure

The Layered Component Graph — modality-typed components (text / 
table / image), linked by hierarchical & navigational edges.

modality-preserving · fine-grained

Effective and efficient retrieval

Edge-level late interaction delivers +17.40% EM and +18.47% F1 over 
the prior best (VisRAG).

SOTA on multimodal multi-hop

⚠️
W H AT  R E M A I N S

A Static Traversal

Decomposition is fixed once

Sub-queries are planned once at the start and never revised — even 
when a hop clearly fails.

no re-planning

Edges scored one way

Relevance is judged by a single embedding-based rule — no hop-
specific reasoning when similarity misleads.

embedding-only scoring

→ The traversal is still rigid & one-shot.

T H E  B R I D G E  T O  O U R  S E C O N D  W O R K

FIF keeps the same graph, but rethinks how to traverse it — making retrieval adaptive and failure-
aware.

NEXT

Failure is Feedback



Joohyung Yun, Doyup Lee, and Wook-Shin Han*

Failure is Feedback: History-Aware Backtracking for 
Agentic Traversal in Multimodal Graphs



Our Task (Revisited)
Open-Domain Multimodal Document Retrieval
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Limitations of LILaC – 1
Static Decomposition of Queries
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?  ? ?Query 
Decomposition

Modality 
Estimation

   

?
          Subqueries

?

Was the Taifun rocket system used at the Battle of Amiens?

Taifun (German for 
"typhoon") was a German 
World War II anti-
aircraft unguided rocket 
system. 

No

Taifun Rocket Shepard Fairey

Documents

The Battle of Amiens was the 
opening phase of the Allied 
offensive, and happened during 
the World War I.

What battles were the 
Taifun rocket system 
used in?

Is there Battle of 
Amiens in such 
battles?

Decomposed Queries

How about adjusting your plan using retrieved 
components to retrieve more information about the 

Battle of Amiens first?

I can’t find what such battles 
are! What are they?



Limitations of LILaC – 2
Embedding-Based-Only Edge Interpretation
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Office Name Term

President Abraham 
Lincoln

1861-
1865

Secretary 
of State

Willim 
Seward

1861-
1865

Hannibal Hamlin 
served from 
1861 to 1865, 
during 
President 
Abraham 
Lincoln's first 
term

Hannibal 
Hamlin Lincoln Memorial

The Lincoln 
Memorial is a 
U.S. national 
memorial 
honoring 
Abraham 
Lincoln

Who is the president 
who served with 
Hannibal Hamlin?

What the number of 
words for the writing 
written behind him?

How about using advanced reasoning in your retrieval process to 
locate the image of Lincoln’s Memorial?

How many words is the writing behind the statue of the president 
who served with Vice President Hannibal Hamlin 24

Abraham Lincoln

In August 16, 1837, 
he wrote Owens a 
letter

According to my vector search, I can 
only find that Abraham Lincoln wrote a 

letter to Owens!

DocumentsDecomposed Queries



2 Scoring of Edges
how edge relevance is judged at each hop

◆ ADAPTIVE

Edge relevance is judged with hop-specific reasoning, not a single 
embedding-based rule.

one fixed rule → reasoning per hop

 FEEDBACK-DRIVEN⟳

Scoring escalates in response to failed hops (vector → LLM rerank), 
not applied uniformly.

uniform scoring → escalate on failure

Key Idea: Adaptive Retrieval
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1 Re-planning of Queries
how sub-queries evolve during retrieval

◆ ADAPTIVE

Sub-queries are revised as evidence accumulates, rather than fixed 
once at the start of retrieval.

fixed upfront → revised mid-traversal

 FEEDBACK-DRIVEN⟳

Re-planning is driven by failure traces and the evidence retrieved so 
far — failures become signal.

ignore failures → learn from failures

STATIC · LILaC decide once

Query Q

q₁ (fixed)

q₂ (fixed)

never changes,
even if a hop fails

ADAPTIVE · FIF revise as you go

Query Q

q₁ ✓

q₂  fail✗ q₂  revised′

re-plan

✓

STATIC · LILaC One scoring rule, always

embedding
similarity only

same cheap
rule for all

ADAPTIVE escalate on fail

Vector only

Vector on
finer granularity

+ LLM rerank

✗

✗



Overview of FiF
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Layered Component Graph

Agentic Retrieval Framework

Memory Structure



Running Example
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Running Example (Cont.)
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Running Example (Cont.)
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Running Example (Cont.)
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Running Example (Cont.)
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Running Example (Cont.)
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Running Example (Cont.)
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Overview of FiF (Revisited)

36

Agentic Retrieval Framework

Memory Structure
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Retriever Accuracy Comparison
• FIF outperforms the previous graph-based SOTA model, LILaC, by substantial margins of 22.03% in 

R@10 and 18.60% in MRR@10, on average.

• Compared to the strongest agentic baselines, FIF gains 12.88% / 11.39% in R@10 and 9.31% / 8.92% in 
MRR@10 over IRCoT and MoLoRAG, respectively, with improvements particularly strong at low-k 
(R@1, R@2).
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End-to-End QA Accuracy Comparison
• 16.37% and 16.79% accuracy raise in EM and F1 compared to the previously best graph-based model, 

LILaC.

• 8.71% and 7.14% accuracy raise in EM and F1 compared to the strongest agentic baseline, IRCoT.
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Algorithm Efficiency
• FIF runs at slightly lower average wall-clock time than IRCoT (116,231 ms vs. 122,458 ms), and is 

25.93% faster on WebQADoc — structure-aware navigation with failure-aware re-anchoring reduces 
unproductive reasoning.

• Compared to LILaC, FIF is 5.20–6.71× slower and 9.64–16.60× more expensive — a favorable trade-off 
given the +22.03% R@10 and +16.37% EM gains.
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Conclusion: Two Papers, One Arc
Q1 · HOW TO REPRESENT MULTIMODAL DOCUMENTS

What data structure captures multimodal documents?

→ Layered Component Graph  (LILaC, EMNLP'25)
+

Q2 · HOW TO TRAVERSE

How to retrieve effectively over that structure?

→ Failure-Aware Traversal  (FIF, ICML'26)

01🧱

A graph for multimodal 
docs
The Layered Component Graph preserves modality 
and fine granularity, with hierarchical & 
navigational edges.

representation

02🔁

Failure is feedback

History-aware backtracking re-plans failed sub-
queries and escalates scoring strategy cost-
effectively.

adaptive traversal

03🏆

Structure + adaptivity = 
SOTA
Together they set state of the art on open-domain 
multimodal multi-hop retrieval & QA.

+22.03% R@10 · +16.37% EM

 ONGOING⟶
Reducing today's inductive bias by making the unit tools more fine-grained — toward retrieval both more effective and 
more efficient. We are evolving the data structure further and exploring what new capabilities it should support.
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Thank You


