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•Background: Multimodal Embedding

Background: Visual Document Retrieval Requires Page-Level Understanding

QUERY

Which report explains
why operating emissions
decreased despite
business growth?

Natural-language information need

SUSTAINABLE FUTURE REPORT 2024 12

Operating Emissions Decreased
Despite Business Growth
In 2024, our operating emissions decreased 18% compared with 2021,
even as revenue grew 27%. This was driven by increased energy
efficiency, a greater share of renewable electricity, and a continued
shift to lower-carbon logistics.
Key Performance Summary

Metric 2021 2022 2023 2024 Change
(2021–2024)

Revenue (USD billions) 8.7 9.6 10.9 11.1 +27%

Operating Emissions
(Mt CO₂e) 5.1 4.7 4.2 4.2 −18%

Emissions Intensity
(t CO₂e / USD million) 0.59 0.49 0.39 0.38 −36%

Operating Emissions and Revenue (Indexed to 2021 = 100)
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Revenue Index Operating Emissions Index
Efficiency gains and the transition to cleaner energy enabled emissions
to decline while we scaled the business.

Text

Tables

Figures

Layout

Why is this hard?

The explanation may be implicit

Evidence spans regions

Layout carries meaning

The retriever must understand the page, not merely read its text. 
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Current Paradigm: Fine-Grained Late Interaction

Natural-language query

What does the symbol ‘ε’
represent in the bottleneck
section of the depicted
autoencoder architecture?

Query-token embeddings

autoencoder …

epsilon …

bottleneck …

Token–Patch Similarity + MaxSim

p1 p2 p3 p4 p5 p6

autoencoder 0.18 0.27 0.82 0.25 0.41 0.12

epsilon 0.05 0.07 0.11 0.91 0.09 0.04

bottleneck 0.10 0.16 0.20 0.24 0.88 0.09

low similarity high similarity

select strongest match per token

𝑆(𝑞, 𝑑) = ∑ᵢ maxⱼ ⟨𝑞ᵢ, 𝑝ⱼ⟩

Semantically matched page regions

semantic
match

symbol
match

visual/
concept
match

Late interaction matches query tokens to relevant page regions.
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Challenge: Fine-Grained Matching, but Coarse Supervision
The retriever scores locally, but learns only from a page-level label.

INFERENCE: Local Interactions TRAINING: Page-Level Supervision WHAT THIS MEANS

Query tokens  × Page patches
Many fine-grained interactions
p₁ p₂ p₃ p₄ … pₙ

q₁

q₂

⋮

qₙ

Nq × Nd local similarity scores

low similarity high similarity

One page
One global relevance label

y ∈ {0, 1}

0 = not relevant
1 = relevant

The label tells whether the
page is relevant,	but not 
where or why.

The retriever may learn
shortcuts rather than true
semantic alignment.

The missing piece is fine-grained supervision.
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Motivation: Attention as a Scalable Local Signal
An MLLM can highlight query-relevant regions beyond exact keyword matches.

Query: What does the symbol ‘ε’ represent in the bottleneck 
section of the depicted autoencoder architecture?

Retriever similarity map (ColQwen2.5)

Decder

11×11128

21×21×643

MLLM attention map (Qwen2.5-VL)

Evidence aspect
Retriever

similarity map
MLLM

attention map

1 Exact term:
“bottleneck” Captured Captured

Small symbol: “ε”
Missed Captured

Implicit relation:
“autoencoder →
encoder–decoder”

Partial Captured

MLLM attention can serve as a scalable proxy for fine-grained supervision.

ε
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Method: AGREE in one view

Motivation       Method       Experiments     Conclusion

1 Query-Conditioned 
Attention Annotation 2 Spatially Preserved 

Patch Alignment
3 Global and Local 

Retriever Training

Stages 1& 2 construct the fine-grained supervision; Stage 3 trains the retriever.
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Stage 1: Query-Conditioned Attention Annotation

Motivation       Method       Experiments     Conclusion

Use the frozen MLLM to extract where it attends for a query on a relevant page.

What it does

Extracts query-token attention over page patches
and aggregates it across layers.

Why it matters
Makes the fine-grained supervision source
explicit and transparent.

8

1 Query–Page Input 2 All Query Tokens 3 Layer-wise Attention
(within each layer)

4 Multi-layer Aggregation
Query (natural language)

Q: What % of the
US workforce are

not women?

Page (screenshot)

Extract attention from
all query tokens
to image patches.

What % of … women ?

Nq tokens

Why all tokens?

✓Captures all pieces of evidence.

✓ Independent of answer generation.

For layer ℓ, each query token attends
to image patches.

𝑞!

𝑞"

𝑞#!
⋮

Average over all query tokens within this layer

𝐴(ℓ)

𝐴(ℓ) =
1
𝑁'

&
(

𝐴(ℓ,()

Layer 1 Layer 2 Layer L

⋯

Average over L layers
(element-wise)

Final Attention Map

𝐴 =
1
𝐿
&
(

𝐴(ℓ)

𝐴
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Stage 2: Patch-Level Attention Alignment

Motivation       Method       Experiments     Conclusion

Align the MLLM attention to the retriever’s patch grid.

High-resolution Attention
(2048 patches)

Retriever Patch Grid
(1024 patches)

Adaptive Max Pooling
(keep the peak in each window)

What it does
Aligns high-resolution MLLM attention with 
the retriever’s patch grid.

Why it matters
Preserves salient evidence (peaks) 
instead of averaging them away.
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Stage 3:  Global and Local Retriever Training

Motivation       Method       Experiments     Conclusion

Train the retriever with both global relevance and local rationale supervision.

Global Ranking (In-batch)
Learn whether the page matches.

· · ·
Positive

Page
Negative
Page 1

Negative
Page 2

Negative
Page N

· · ·

ℒ#$%&'$

= log 1 + exp max
(
	𝑆 𝑞, 𝑑() − exp(𝑆 𝑞, 𝑑* )

Local Alignment (Positives only)
Learn which regions support relevance.

Retriever Patch Scores 𝑺 Target Attention 𝑨

ℒ$%+'$ = 1 −
𝑆 ⋅ 𝐴
𝑆 , 𝐴 ,

Total Loss:   ℒ𝒕𝒐𝒕𝒂𝒍 = ℒ𝒈𝒍𝒐𝒃𝒂𝒍 + 𝝀ℒ𝒍𝒐𝒄𝒂𝒍

Align

What it does
Combines global ranking loss with local 
attention alignment.

Why it matters
Teaches the retriever both whether a page is 
relevant and where the evidence lies.

10



中国科学院计算技术研究所 全国重点实验室 研究方向一 研究方向二 研究方向三 研究方向四Motivation       Method       Experiments     Conclusion

11

Experimental Setup



Motivation Method Experiments Conclusion

Main Results on ViDoRe V2
Detailed results adapted from the paper's original ViDoRe V2 table.

† : Significant improvement over ColPali; * : Significant improvement over ColQwen2.5.

Model ESG
nDCG@1

ESG
nDCG@5

Biomedical
nDCG@1

Biomedical
nDCG@5

Economics
nDCG@1

Economics
nDCG@5

ESG Human
nDCG@1

ESG Human
nDCG@5

Avg
nDCG@1

Avg
nDCG@5

Vision-Language Models

BiCLIP 10.53 11.38 20.16 22.39 26.29 22.83 17.31 22.74 18.57 19.84

SigLIP (0-shot) 26.75 28.19 20.16 24.30 18.97 16.34 19.23 23.07 21.28 22.98

BiSigLIP 29.83 34.92 25.78 29.05 30.60 28.23 34.62 45.83 30.21 34.51

Multi-modal Large Language Models

DSE 47.37 55.15 52.66 55.29 62.50 52.80 57.69 61.74 55.06 56.25

ColPali 51.75 54.05 52.03 57.56 55.17 53.30 54.49 63.67 53.36 57.14

ColQwen2.5 51.75 57.12 56.56 60.64 52.59 52.90 58.33 63.70 54.81 58.59

Ours

AGREEₚₐₗᵢ 57.46† 58.87† 52.03 55.51 59.05† 51.33 67.95† 65.28† 59.12 57.75

AGREEQwen2.5 60.09* 58.43 56.41 60.49 59.05* 56.50* 71.80* 70.73* 61.84 61.54

✓ Takeaway AGREE achieves the best average results on ViDoRe V2; gains are especially strong with Qwen2.5 and 
remain consistent across multiple subsets.
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Generalization Across Base Retrievers and Benchmarks

ViDoRe V2 (Implicit Queries) ViDoRe V1 (Explicit Queries)

Methods

Baseline
(Original)

AGREE
(Ours)

↑ Higher is
better

nDCG@1

0.45

0.50

0.55

0.60

0.5481

0.6184

+12.82%

ColQwen2.5

0.5336

0.5912

+10.79%

ColPali

nDCG@5

0.45

0.50

0.55

0.60 0.5859

0.6154

+5.03%

ColQwen2.5

0.5714 0.5775

+1.07%

ColPali

nDCG@1

0.75

0.77

0.79

0.81

0.8328
0.8381

ColQwen2.5

0.7692 0.7660

ColPali

nDCG@5

0.82

0.84

0.86

0.88

0.8910 0.8936

ColQwen2.5

0.8434 0.8405

ColPali

0.65 0.65

0.83

0.85 0.90

✓ Takeaway AGREE shows strong gains on ViDoRe V2; on ViDoRe V1 it remains competitive, with small 
Qwen gains and slight Pali drops.
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How Should We Align Retriever Scores with MLLM Attention?

✓ Takeaway
Fine-grained attention supervision consistently improves over global-only 
training; cosine gives the most robust local alignment.
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Case Study: AGREE Captures Implicit Semantic Evidence

Query: What steps has Shake Shack taken
to create a welcoming environment
for gay customers?

Original document page

Focus region

Baseline (ColQwen2.5)
Similarity Map

✕ Focuses mainly on the entity “Shake Shack”.

VS.

AGREE (Ours)
Similarity Map

✓ Also captures “LGBT Equality” as
implicit semantic evidence.

✓ Takeaway AGREE captures the implicit correspondence between “gay” and “LGBT 
Equality”, beyond the entity match on “Shake Shack”.
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AGREE:

1 Query-conditioned MLLM attention provides fine-grained supervision for visual 
document retrieval, without manual region annotations

2 AGREE achieves a +12.82% relative nDCG@1 improvement on ViDoRe V2, 
while retaining standard MaxSim inference and requiring no MLLM at deployment.

Code: https://www.github.com/VickiCui/AGREE
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