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Preliminary: Visual Document Retrieval

Visual Document Retrieval (VDR): Retrieve relevant pages from a corpus of visually rich documents

* Real-world documents are rich with visual elements (e.g., charts, tables, figures).

* Cannot be captured by text alone.

[ISEr—

Mamgeroe's Disumtonad st of Pl Conion s Fasl ofDpeators MDA i doscoed o provie e of T+ el
gz I MDA nedsssin

emorin Focke Tht My Al Pt R s ko v s U Gicomin of

ovem e

. iy st i ke I8, v

- . ; - sy nduaria Sabes e Urphir by
Car s ad Brary;nd Eonnane, s g e, e i EMEA e e, Ml o i o

oring e shane (7S ol b T commen v - e

et bt b 01 crpad 0 3006,

s e A (FC4)
et g b

Logal - s o cnsns e
s epesse ™
e L YT STr——

s

— s
T T —

g =1 uz

o peiod, e i M Nl B Deages (I 5 il
TCIA mossnes perod et e
N = w

e i i i

parents talk often about thei pride in their ancestor's country of oigin.

Attending

A hildh

d experiences with Hi Jtural

celebrations, such as posadas or
quinceaiieras, decline for Americans with

Childhood experiences at Latino cultural
declit

pan y
their immigrant roots.

Among immigrant self-identified Hispancs,
59% say that when they were growing up, their
parents took them to Hispanie coltural
celebrations often, eflecting that the majority
of this group grew up outside the U.S.

Second-generation self-identified Hispanics
were about as lkely to say this happened
during their childhood. Half (49%) report that
when they were growing up, their immigrant
‘parents took them often to Hispanic cult
eelebrations. A smaller share (35%) of third o
higher generation self-identified Hispanics
report the same sbout their childhoods.

By comparison, among Americans who say
they have a Latino ancestry, but do not self-
identify as Latino, just 9% report that when
they were growing up, their parents took them
to Latino cultural celebrations. Meanswhile,
60% say this never happened.

#ONen *Sometimes < Rarey - Newr

et Y
Hispanics ___
e e
-~ 1
o

geersion R 1

Seficentiied
st - = EUL)

PEW RESTARCH CENTER

Pratect yourself from the heat generated by the ac power adapter.

Whnthe & powse adaple s Corscted o wh sectical cullel i your
compua,  peneratss heat.

Estonded cortsct with your by, even threugh cething, my cause o sk
b,

mhio s use.

& Mo uss 1 0 warm yous body.

Prevent your computer rom getting weL.

“To svaid spile s the dange of ssciical shock, eep iics swy For your
comene

=,

Protect the cables from being damaged.

— Agoiying seong lorcs ta cables may damage or bresh them

DO, B e, oF Ay ORher lectronk: GEVCa, 30 That
makied o, red v, inched by you computer o other cbiscts, o any
may sy s reatment hat cculd deriere it e operation of your
compter,

Pratect your computer and data when maving it.

Betons a9 & compules eUODR WA hard sk orive, 60 00 of e
oliowng

o Tumeon

+ Putit i slees ke

+ Futil nhibermaticn mare,

Thia heipa 10 prevnt damage t 1 Comouiar, i passibs 10 of dat.

Vi T s uise

Hybrid-Vector Retrieval for Visually Rich Documents: Combining Single-Vector Efficiency and Multi-Vector Accuracy




Preliminary: Visual Document Retrieval (Cont.)

Visual Document Retrieval (VDR)

* Traditional methods: OCR or complex layout parsing - process visual content into text

* Recent LVLMs: encode each page directly as an image - visual embeddings for retrieval

— No OCR or complex layout parsing needed!
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Preliminary: Retrieval Framework

 Single-Vector Retrieval: Single embedding per Query/Page

* Multi-Vector Retrieval: Multiple Token/Patch embeddings per Query/Page - MaxSim aggregation

Document Page Query Document Page Query

Single-Vector Retrieval Multi-Vector Retrieval
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Motivation

Two Key Observations

* [Obs 1] Single-Vector Retrieval is More Efficient than Multi-Vector Retrieval
* Up to 99.94% fewer FLOPs per query

* [Obs 2] Single-Vector Retrieval can be acceptable for Coarse-Grained Retrieval.

- The performance gap narrows from 22.5% at K=1 to only 0.63% at K=200
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Proposed Method: HEAVEN

 HEAVEN: Plug-and-Play Hybrid-Vector Two-stage Retrieval framework
e Stage 1. Single-Vector Retrieval of Candidate Pages

» Stage 2. Multi-Vector Reranking of Pages
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Proposed Method: HEAVEN (cont.)

» Stage 1. Single-Vector Retrieval of Candidate Pages
* Visually-Summarized pages (VS-pages): Compress Multiple Pages into Single VS-pages by
assembling representative title layouts

* [Motivation] Most pages are irrelevant or contain repetitive/uninformative content — only

a few elements are actually informative
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Proposed Method: HEAVEN (cont.)

» Stage 1. Single-Vector Retrieval of Candidate Pages
* [1] Candidate VS-page Retrieval - Candidates C

* [2] Candidate Page Refinement: combine VS-page + page scores —> Candidates Cy

Query q

What is the estimated
value of the UK’s
market for automated
vehicles by 20357?

Stage 1. Efficient Retrieval of Candidate Pages
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Proposed Method: HEAVEN (cont.)

e Stage 2. Multi-Vector Reranking of Pages
* Key Token: Filtered query tokens by linguistic importance (nouns/named entities)
[Motivation] Many query tokens (e.g., stopwords) are less informative for the task

e computing similarities for all tokens causes redundant computation
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Proposed Method: HEAVEN (cont.)

e Stage 2. Multi-Vector Reranking of Pages
e [1] Reranking with Filtered Query Tokens - Candidates C*

* [2] Reranking Refinement: combine Stage 1 + Stage 2 scores — Final Page Ranking

Stage 2. Fine-Grained Reranking of Pages
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Proposed Benchmark: ViMDoc

* ViMDoc: Benchmark for Visually Rich, Multi-Document, and Long-Document retrieval

Que
ry q Benchmarks |Document Page‘ Query ’M i T G
. . Test Split #Total Avg./Doc #Total #Cross| Doc Doc Que
What is the estimated (Test Split) | g | | Query
value of the UK’s market MP-DocVQA 62k 65 |50k -
o et ated] vl idles by VisR-Bench 24.2k 18.5 35.6k -
SlideVQA 8.0k 20.0 2.2k 0.6k v
2035?
MMDocIR 204k  65.1 1.7k 0.3k v v
MMLongBench-Doc| 6.5k  47.5 1.1k 0.4k v v
—1 LongDocURL 339k 856 | 23k 1.2k 7
= — ViDoRE 83k 10 [38 - | v
ViDoSeek 5.4k 18.4 1.1k - v
REAL-MM-RAG 8.6k 52.8 4.6k - v v
. M3DocVQA 41.1k 12.2 2.4k + v v
A Corpus of Multiple VisDoM 200k 164 |23k 1 | v v
Visually Rich Long OpenDocVQA 1067k 3.1 | 25k 03k | v Y
Documents D VIMDoOC (Ours) |763k 554 [109k 0% | v v v
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Proposed Benchmark: ViMDoc (cont.)

* ViMDoc: Benchmark for Visually Rich, Multi-Document, and Long-Document retrieval
* Challenge: Most sourced queries are Context-dependent (e.g., “What is the title?”)
—> Unsuitable for Multi-document Retrieval
* Two-stage Query Filtering (Heuristic + LLM) - Retain only Self-contained queries

- Enables evaluation over a large, multi-document search space

Avg,. Search Space Corpus

Benchmarks #Page  #Doc

VisR-Bench 18.5 1.0 Single-Doc

MMDocIR 65.1 1.0 Single-Doc

MMLongBench-Doc 47.5 1.0 Single-Doc

LongDocURL 85.6 1.0 Single-Doc

REAL-MM-RAG 2151.0 40.8 Multi-Doc

VIMDoOC (Ours) 76347.0 1379.0 | Multi-Doc 4R\
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Experimental Result

ACL 2026

* [1] Main Result: HEAVEN preserves 99.87% of the state-of-the-art retrieval performance of

ColQwen2.5 (in terms of Recall@1) while reducing per-query FLOPs by 99.82%

‘ VIMDoc (Proposed) ‘ OpenDocVQA ViDoSeek M3DocVQA AVERAGE
Model R@1 R@3 FLOPs  R@1 R@3 FLOPs|R@1 R@3 FLOPs| R@1 R@3 FLOPs | R@1 R@3 FLOPs
. BGE-M3 (dense) 4489 61.62 0.156 |38.67 5245 0.165 [54.82 7601 0011 [57.56 7711 0084 | 4899 6680 0.104
S NV-Embed-V2 50.06 69.08 0.625 |47.37 64.59 0.658 6646 83.89 0.044 | 6265 8577 0336 |56.64 7583 0416
" VisRAG ™ 4503 6449 0352 | 5141 6739 0370 [63.31 8433 0.025 | 5039 6959 0.189 | 5253 7145 0.234
= GME = 5701 76.62 0235 |54.19 71.93 0247 |71.19 89.40 0017 | 59.85 77.83 0.126 | 60.56 7895 0.156
“ DSE = 5803 77.08 0235 | 5938 75.82 0247 [69.53 87.13 0017 | 55.14 7130 0.126 | 60.52 77.83 0.156
HEAVEN (only Stage 1) 57.64 76.58  0.134 | 59.89 76.05 0.147 |69.35 87.39 0.010 | 5940 7396 0.026 |61.57 7850 0.079
(vs. DSE) 99.34% 99.35% -42.76% |100.87% 100.32% -40.47% |99.75% 100.30% -42.40% |107.73% 103.73% -79.67% [101.74% 100.86% -49.31%
5 BGE-M3 (multi) @ |53.60 70.66 5863.387| 46.60 62.80 888.097|56.74 76.01 30.777| 56.88 76.96 1408.110| 53.46 71.61 2047.590
8 ColPali 63.38 80.58 669.670 | 67.50 82.13 665.152/66.29 84.41 57.086| 58.01 78.65 398.295|63.79 8144 447551
 ColQwen2 6699 82.51 407.320 | 7227 86.14 482.049|75.13 90.63 415145932 80.69 288.507 | 68.43 84.99 304.847
S ColQwen2.5 & 71.13 8639 407.320 | 72.63 86.38 482.049|75.57 91.94 41514 |57.99 78.73 288.507 | 69.33 85.86 304.847
HEAVEN 7105 8641 0486 | 71.56 84.53 0541 |75.04 9133 0.623 | 59.31 78.66 0.545 |69.24 8523 0.549
(vs. ColQwen2.5) 99.88% 100.02% -99.88% | 98.52% 97.86% -99.89% |99.30% 99.33% -98.50% |102.27% 99.90% -99.81% |99.87% 99.27%

-99.82% RN
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Experimental Result (cont.)

* [2] Comparison with Efficiency-oriented Variants of Multi-Vector model:

e Patch Pooling, Patch Pruning, Token Pooling, Token Pruning

* In the accuracy-efficiency trade-off, HEAVEN achieves higher accuracy with significantly fewer FLOPs.

ViMDoc OpenDocVQA ViDoSeek M3DocVQA
70| ek 20 oK e 60 Sk
= - 70/ m 55/ M
.:60 - 60! m
®: 60 >
g 50 45 of
240
« 40 50 40
30 35
10° 101 102 10° 10! 102 10! 10° 101 107t 100 101 102
FLOPs (B, log-scale, |) FLOPs (B, log-scale, |) FLOPs (B, log-scale, |) FLOPs (B, log-scale, |)
—— : HEAVEN (Ours) : Query Token Pooling —&— : Document Patch Pooling
® :ColQwen2.5 m :DSE —&— : Query Token Pruning —&— :Document Patch Pruning
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Experimental Result (cont.)

* [3] Ablation Study: All components are effective

* removing any component degrades either efficiency or accuracy.

VIMDoC (Proposed) OpenDocVQA
Stage 1 R@100 R@200 FLOPs R@100 R@200 FLOPs
HEAVEN 9720 9796 0.134 | 93.02 94.59 0.147

w/o VS-pages 97.68 98.51 0.235 | 93.54 9486 0.247
w/o refinement 5947 68.02 0.017 | 59.47 68.02 0.024

Stage 2 R@1 R@3 FLOPs R@l R@3 FLOPs

HEAVEN 71.05 86.41 0486 | 71.56 84.53 0.541
w/o query filtering| 71.08 86.38 0.871 | 71.76 85.10 0.957
w/o refinement 58.05 77.08 0.358 | 59.53 75.82 0.402
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Experimental Result (cont.)

* [4] Plug-and-play Analysis: Consistent performance across different encoder combinations,

confirming HEAVEN's modular design.

Base Encoder VIMDoc (Proposed) OpenDocVQA
Stagel Stage2 R@1 R@3 FLOPs | R@l R@3 FLOPs

VisRAG ColPali 6095 79.19 1.298 | 65.27 80.02 1.287
VisRAG ColQwen2 | 6245 80.07 0.553 | 67.79 81.28 0.615
VisRAG ColQwen2.5 | 64.06 82.07 0.553 | 67.54 8140 0.615

DSE ColPali 63.46 80.68 1.231 | 67.50 81.81 1.214
DSE ColQwen2 | 66.63 82.63 0.486 | 6991 8331 0.541
DSE  ColQwen2.5 | 71.05 8641 0.486 | 71.56 84.53 0.541
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Experimental Result (cont.)

 [5] Efficiency Analysis: HEAVEN achieves 99.88% faster online retrieval latency than ColQwen2.5.

VIMDoc (Proposed)
Offline Indexing (min) Online Retrieval (sec, B)
OCR VS-page Encode | Latency FLOPs
2 NV-Embed-V25 | 4730 NA 99.5 0.133 0.625
5 DSE™ NA NA 146.7 0.115 0.235
Z  BGE-M3 (multi) 514730 NA 323 | 20953.468  5863.387
S ColQwen2.5™® NA NA 129.1 | 2006.361  407.320
HEAVEN NA 58.9 286.4 2.412 0.486
Stage 1 NA 58.9 157.3 0.079 0.134
Stage 2 NA NA 129.1 2.333 0.352

ACL 2026 Hybrid-Vector Retrieval for Visually Rich Documents: Combining Single-Vector Efficiency and Multi-Vector Accuracy



Experimental Result (cont.)

* [6] Hyperparameter Analysis: HEAVEN is robust to hyperparameter choices across reduction

factor r, filtering ratios p;/p,, and weighting parameters a/f.

Stage 1 Stage 2 Stage 1 o Stage 2
100 — 100/_._._._-.—0—0—0 80 100 'I ! 2 o o o s & ®
™ 1 80
3 % 77"—_° S i . == 1370 “V S 80 570
N X ® ® ©
S S ® = 70 © 60
® 90 @ 90 O 60| oy possssssssssoses S b
o o
[N I N 1 I I N N 50
5 10 15 40 45 02 04060810 °° 0204060810 0.0 02 04 06 08 10 00 02 04 06 08 10
Reduction Factorr Filtering-ratio p, Filtering-ratio p, Weighting Hyperparameter a Weighting Hyperparameter f§
—eo— :ViMDoc - ViDoSeek —e— :ViMDoc —e— :ViDoSeek
—eo— :0penDocVQA —e— :M3DocVQA —o— :0penDocVQA —e— :M3DocVQA
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Takeaway

 Single-Vector is Efficient but Coarse; Multi-Vector is Accurate but Computationally Expensive

* HEAVEN bridges the Efficiency-Accuracy Tradeoff

* 99.87% of ColQwen?2.5 Recall@1 at 99.82% fewer FLOPs

* VimDoc benchmark for Visually Rich, Multi-Document, and Long-Document retrieval

* Enables Evaluation over a Large, Multi-Document Search Space
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