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Background: Visual Document Retrieval Requires Page-Level Understanding

SUSTAINABLE FUTURE REPORT 2024 12

Operating Emissions Decreased -
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\ Despite Business Growth Why is this hard®

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.
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Efficiency gains and the transition to cleaner energy enabled emissions
to decline while we scaled the business. €« =7=- L ayO ut

ﬂ;} The retriever must understand the page, not merely read its text.




Current Paradigm: Fine-Grained Late Interaction

Natural-language query Token—Patch Similarity + MaxSim Semantically matched page regions
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A smaller d limits capacity and improves generalization.

Late interaction matches query tokens to relevant page regions.




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
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A smaller d limits capacity and improves generalization.

The missing piece is fine-grained supervision.



Motivation: Attention as a Scalable Local Signal
An MLLM can highlight query-relevant regions beyond exact keyword matches.

Query: What does the symbol ‘g’ represent in the bottleneck Retriever MLLM

section of the depicted autoencoder architecture? Evidence aspect similarity map attention map

Retriever similarity map (ColQwen2.5)

Encoder

Exact term:
“bottleneck” Captured Captured
- Missed Captured

Small symbol: “g”
MLLM attention map (Qwen2.5-VL)
‘ Implicit relation:
Q “autoencoder — Captured
encoder—decoder”

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



Method: AGREE in one view

Query-Condition.ed Spatially Preserved Global and Local
Attention Annotation Patch Alignment Retriever Training
I Stages 1& 2 construct the fine-grained supervision; Stage 3 trains the retriever.



Stage 1: Query-Conditioned Attention Annotation

Use the frozen MLLM to extract where it attends for a query on a relevant page.
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Makes the fine-grained supervision source
explicit and transparent.

Extracts query-token attention over page patches
and aggregates it across layers.
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Align the MLLM attention to the retriever’s patch grid.

Stage 2: Patch-Level Attention Alignment

High-resolution Attention Retriever Patch Grid
(2048 patches) (1024 patches)

B Adaptive Max Pooling .
-

(keep the peak in each window)

.

What it does Why it matters
Aligns high-resolution MLLM attention with Preserves salient evidence (peaks)
the retriever’s patch grid. instead of averaging them away.



Stage 3: Global and Local Retriever Training

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

Global Ranking (In-batch) Local Alignment (Positives only)
Learn whether the page matches. Learn which regions support relevance.
Retriever Patch Scores S Target Attention A
Positive Negative Negative Negative

Page Page 1 Page2 | °°° Page N Align

l l l l

Lglobal
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; IS1I211All2
Total Loss: Ligtai = Lgiobal + ALiocal

What it does Why it matters

Combines global ranking loss with local Teaches the retriever both whether a page 1s

attention alignment. relevant and where the evidence lies.
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Experimental Setup
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Main Results on ViDoRe V2

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

ESG | N & Biomedical Biomedical Economics | Economics | ESG Human | ESG Human

nDCG@1 | nDCG@5 nDCG@1 nDCG@5 nDCG@1 | 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
SigL.IP (0-shot) 26.75 28.19 20.16 24.30 18.97 16.34 19.23 23.07 21.28 22.98
BiSigL.IP 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
AGREE, 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 /

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

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)
nDCG@1 nDCG@5 nDCG@1 nDCG@5
Methods +12.82% +5.03%
_ 0.65 P +10.79% 0.65 /7 0.85 0.90 0.8936
Baseline ’ 0.lss /! 0.6¥154 +1.07% 08328 (0 .
.. P,
(Original) 0.60 :l 0.5912 0.60 0.5859 / 083 0.88
I 0.5714 0-5775
AGREE 0.5481 : o8t
. 0.55 0. 5336 0.55 0.86
(Ours) 0.79 0.8434
943% 0.8405
0.50 0.50 077 0.7692 § 7650 0.84 l
T Higher is 0.45 0.45 0.75 . 0.82
better ColQwen2.5  ColPali ColQwen2.5  ColPali ColQwen2.5 ColPali ColQwen2.5 ColPali

AGREE shows strong gains on ViDoRe V2; on ViDoRe V1 it remains competitive, with small

Takeaway Qwen gains and slight Pali drops.
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How Should We Align Retriever Scores with MLLM Attention?

— Fine-grained attention supervision consistently improves over global-only
akcaway training; cosine gives the most robust local alignment.

14
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Case Study: AGREE Captures Implicit Semantic Evidence

Baseline (ColQwen2.5 AGREE (Ours
Query: What steps has Shake Shack taken : .( ) . ) . ( )
- - Similarity Map Similarity Map
to create a welcoming environment
for gay customers? LGBTQ+ INCLUSION
In 2022, the Human Rights Campaign neognl:ods In 2022, the Human Rights Campaign recognized Ehoko Shocklcs
a “Best Place to Work for LGBT Equality™ for our inclusive b its a “Best Place to Work for LGBT Equality”” for our inclusive benefits
o policies and workplace practices. We are committed to creating policies and workplace practices. We are committed to creating
Ol‘lgln al dO cument page welcoming spaces for our team members and guests and continue to welcoming spaces for our team members and guests and continue to
do so by: do so by:
I o Educating our & bors on how to be an ally through I ¢ Educating our team members on how to be an ally through
LGBTQ+ INCLUSION our LGBTQ+ olly guide and our new tronsgender olly guide, 1 [| our LGBTQ+ ally guide and our new transgender ally guide, 1
[F° T — —————— ——————— ——————— - ) I both of which were created by our LGBTQ+ ERG. \ I both of which were created by our LGBTQ+ ERG. |
| In 2022, the Human Rights Campaign recognized Shake Shack as [ * Encouraging our team members to share their pronouns and | I ® Encouroging our toam members to share their pronouns and |
| @ "Best Place to Work for LGBT Equality” for our inclusive benefits | I gender identity beyond binary classifications within our internal 1 I :ﬂ'd" B o within our InfSmas I
: policies.cnd workplace practices. We are committed to creotir.\g | I o c':'::'l':lo:' 5 o. woll as by wearing patches on their | ' w\::\*c:m c:p:t::’r;::‘, : well as by wearing patches on their ‘
: welcoming spaces for our team members and guests and continue to | I R Ak asaing St Ter Kiariity ond s Xoal orlentation discimination \ ' T A dcassins Cacer Identity/and sestel orlaniation disciminetion |
do so by I as port of required anti-harassment training. as part of required anti-harassment troining.
o T R MO S SN WO : [ | | |
) I * Classifying more single-stall restroom facilities as gender \ @ Classifying more single-stall restroom facilities as gender |
e Educating our team members on how to be an ally through I U shacke | ol ETour Shocke.
our LGBTQ+ ally guide and our new transgender olly guide, | | I |
both of which were created by our LGBTQ+ ERG. I 1 I |
| | |
¢ Encouraging our team members to share their pronouns and I 1 |
gender identity beyond binary clessifications within our internal \4 \ / v

humaon copital system, as well as by wearing patches on their

In 2022, the Human Rights Campaign rocognizo* Shake Shack|as

a “Best Place to Work for LGBT Equality” for our inclusive benefits

work attire in our Shacks.

In 2022, the Human Rights Campaign recognized|Shake Shack Ius
a “Best Place to Work forli.GBT Equality] for our inclusive benefits

policies and workplace practices. We are committed to creating

VS. —

os port of required anti-harassment training. policies and workplace practices. We are committed to creating

welcoming spaces for our team members and guests and continue to

r
|
|
¢ Addressing gender identity and sexual orientation discrimination I
|
: welcoming spaces for our team members and guests and continue to
|
|

¢ Classifying more single-stall restroom facilities as gender
inclusive in our Shacks. do so by: do so by:
\ /] \S
"l Foeus resion X Focuses mainly on the entity “Shake Shack”. / Also captures “LGBT Equality” as
- 8 implicit semantic evidence.

AGREE captures the implicit correspondence between “gay” and “LGBT

Tak :
PR Equality”, beyond the entity match on “Shake Shack”.
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AGREE:

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

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

[
) Code: nttps:/www.github.com/VickiCui/AGREE ~ SaEqk:
E o
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