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Colpali simplifies Document Retrieval

Standard Retrieval % 0.66 NDCG@5

offline online
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Layout
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Colpali simplifies Document Retrieval

Standard Retrieval - prior data ingestion pipeline

Standard Retrieval 4] 0.66 NDCG@5

online

|
- a — 5 Tent |I Text
> rmETa——— m—»ﬁ.ﬁ“xﬂ E’ L ( E ) Model L
::f - <Chunm
ViTs?
3 Layout
(O 7.22s/page  OCR detsction (S 22ms / query
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Prior Data Ingestion Pipeline
1. PDF parsers/OCRZ pagelild /A E ==
2. Document Layout Detection 2 2 = page 2|
table, figure, etc.
3. (Optional) Captioning &I 2t
4. Chunking &1

&l
—

__I'"

ox 02

CH =2 segment — e.g., paragraph, title,
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Colpali simplifies Document Retrieval
Standard Retrieval - Pain Points

Standard Retrieval 4] 0.66 NDCG@5

offline online

E
ol — 3 Text || Text
- :mm—»ﬂ":::‘ . ...,s.m( u' )I° E.::::,:‘: -
e —
Layout
@ 7.22s / page OCR detsction @ 22ms / query

1. Visual Cues0i| list 8 £
a. Modern retrieval system==2 1A E HE0|| A 2=

2. 21 FHst HI0IH =& & A0l TH0| Z2tQ!l (e.g., PDF parsing, layout detection,
chunking, captioning)
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Colpali simplifies Document Retrieval

Ours - Late Interaction Based Vision Retrieval

ColPali (ours) &l 0.81 NDCG@5
Vision LLM B online
; (g maxsim ( , ) <« what )
: —> : > ﬁ
____________ > Vision : E are
1 encoder LLM ' E
— 8
! uus.m(ﬁ, )
@ 0.39s / page e s 5K R e @ 30ms / query

ColPali = ColBERT + PaliGemma

l l

Late Interaction Vision Language Model
Mechanism
Architecture
1. Vision-Language Model: Multi-modal &S50l A &l &l = text & image token= 2| alignmentE
2. Late Interaction: )1 query2t document 2 2+2| S st Qs;a&%

3. Contrastive Loss
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Colpali simplifies Document Retrieval
Ours - ColBERT s Late Interaction Mechanism

Similarity(query, document)

Early full interaction

T
B N N

(only query-document)

t
Query Document

Ll(q,d) = ax (EqV|Eq"
g ,E[fT—’; ”.«z‘el[llllc.lf)\idll< a’ |Ba™)
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Colpali simplifies Document Retrieval

Ours - Late Interaction Based Vision Retrieval

ColPali (ours) &l 0.81 NDCG@5
Vision LLM B onfae
: : maxsim ( ,ﬁ) <« What |
R —:> ﬁ
I + | B + LLM
———————————— : encoder LLM : E
él_’ B
' g MaxSim ( % y ﬁ)
@ 0.39s / page e e g e @ 30ms / query

Architecture - VLM; leverage the alignment b/w output embeddings of text & image tokens
1. PaliGemma.
a. SigLIP2| patch embedding= 2 Gemma-2B2| text vector space0il projection
b. Pali3
2. Bag of Embedding.
a. =A4F XH& (D=128)2 vector spacelil language model2| token embedding= OH & 6t
|8t projection layer =t
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Colpali simplifies Document Retrieval

Ours - Late Interaction Based Vision Retrieval

ColPali (ours) &1 0.81 NDCG@5
_MelonitW . i erine
5 : M..s.m(%,ﬁ) «—{ What )
.... E > Vision : E s ﬁ L
——————————— \  encoder Lm | E E
; g mxsam( ,%)
@ 0.39s / page | s WO e ! proj. pav®. g2 1 ol @ 30ms / query
b b
Architecture - Contrastive Loss £=—+Y log l o () ] = 23 log (1+exp (s — 5))
b k=1 exp (Sk ) +exp (Sk ) b k=1
1. Relevant query-doc pairs0ll =2 similarity score X & st = LI(gqx,dx)
2. Jt&E 2 negative scorelfl &S 2=M,
CE2 BHIXIUOIA DI EStAEHLE 0 H & negative s =max LI(gx,d)

1,1#k
example@ 2 £ H positive pairE Z0t&ES &%
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Colpali simplifies Document Retrieval

ViDoRe - Visual Document Retrieval Benchmark

Dataset Language # Queries # Documents Description

Academic Tasks

DocVQA English 500 500 Scanned documents from UCSF Industry
InfoVQA English 500 500 Infographics scrapped from the web
TAT-DQA English 1600 1600 High-quality financial reports
arXiVQA English 500 500 Scientific Figures from arXiv
TabFQuAD French 210 210 Tables scrapped from the web
Practical Tasks

Energy English 100 1000 Documents about energy
Government English 100 1000 Administrative documents
Healthcare English 100 1000 Medical documents

Al English 100 1000 Scientific documents related to Al
Shift Project French 100 1000 Environmental reports




Colpali simplifies Document Retrieval

Three main properties for an Efficient Document Retrieval System

(R1) Strong Retrieval Performance
(R2) Fast Online Querying

(R3) High Throughput Corpus Indexation (Offline Indexing)




a
©
=
I
<]
2
[
=
2o
=
i)
o
£
<
o3
=3
£
3

Copyright © 2023 Natural Language Proces:

(R1) Strong Retrieval Performance

ds0 e S8t dIJHK 24
(1) a carefully crafted task-specific dataset
(2) OIDIKI Ho EAE OIDIE O & €Sol)| ?lol At &=

multi-vector embedding At E

BiSigLIP — (1); Document retrieval-oriented dataset (il I} ©!
BiPali —(1)(2); PaliGemma bi-encoder model. SigLIPO|
LLMOfl 2 S0t MstE IHX LHEY M4

ColPali —(1)(2)(3); ColBERT strategy

& & LLM1} Vision Model 2| Z &
(3) =AM LH &iHst A1 E2E O & ZZ0olJ| ?Iol single-vector representation CH4!



(R1) Strong Retrieval Performance

ArxivQ DocQ InfoQ TabF TATQ Shift Al Energy Gov. Health. |Avg.

Unstructured text-only

- BM25 - 34.1 - - 44.0 59.6 90.4 78.3 78.8 82.6 -
- BGE-M3 - 28.4.57 - - 36.1.79 68.5ts9 88.4120 76.8115 T77.7111 84.6120 | -
Unstructured +ocr
- BM25 31.6 36.8 62.9 46.5 62.7 64.3 92.8 85.9 83.9 87.2 65.5
- BGE-M3 31.4002 25.7u110 60.1528 70.81243 50.50122 732189 90.2126 83.6523 84.9110 91.1139 | 66.1106
Unstructured + captioning
- BM25 40.1 38.4 70.0 354 61.5 60.9 88.0 84.7 82.7 89.2 65.1
8 - BGE-M3 35.7144 329554 71.9t19 69.11337 43.81177 73.11122 88.8+08 83.3114 80.4523 91.3121 | 67.0119
%’,’, Contrastive VLMs
E Jina-CLIP 254 11.9 355 20.2 3.3 3.8 15.2 19.7 21.4 20.8 177
2 Nomic-vision 17.1 10.7 30.1 16.3 27 1.1 12.9 10.9 11.4 15.7 12.9
< SigLIP (Vanilla) 432 30.3 64.1 58.1 26.2 18.7 62.5 65.7 66.1 79.1 51.4
g Ours
& SigLIP (Vanilla) 432 30.3 64.1 58.1 26.2 18.7 62.5 65.7 66.1 79.1 51.4
- BiSigLIP (+fine-tuning) 58.5t153 32.9126 70.5t64 62. 7146 30.5t43 26.5t78 7431118 73. 7180 742181 82.3132 [ 58.6172
g BiPali ¢L1m) 56.5,20 30.0p29 67.4131 76.91142 33.4129 43.71172 71.2131 61.9p-117 73.8404 73.6488 | 58.8102
g ColPali (+Late Inter) 79.11226 54.4:2:5 81.8+124 83.9:70 65.8::21 73.2:205 96.2:250 91.0:291 92. 71159 94.41205 | 81.3:205




(R2) Fast Online Querying

- Querying Latency: ColPali (30ms/15 tokens) vs. BGE-M3 (22ms/15 tokens)
- Similarity Computation: Late Interaction >> Bi-encoder

(R3) High Throughput Corpus Indexation (Offline Indexing)

- PDF processing2 Soll AlZ CtE chunkE 2= 20| JH& A
- H=0, Multimodal CIOIEHE Xclot)| ?loll Captioning=
HE=SH= LS

- BtHAH, ColPali= 2 M page?| image representation= & & encodinga!
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§ PDF Parser |

§ (7.225s) [ Layout Detection
% SiglipAJ 1 OCR

2 (0.12s) [ Captioning

o C0|pa|i_:| [ Page Encoding
i (0.39s)

M 0 1 2 3 4 5 6 7

Latency (s)




Interpretability

a
©
=
®
s}

sing & Artificial Intelligen

Query: "Which hour of the day had the highest
overall eletricity generation in 20197"

User Query2| 2t Z0{0ll CHoll, ColPali= JI&E 2&HAH == 2Al 0I0|X| patchE A& 0l1) query-page
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Conclusions

1. ViDoRe (Visual Document Retrieval Benchmark)
a. Visually Complex document=0| & &t = realistic settingll Al &M & 48 Al A El

=Pl
2. ColPali
a. JSZ& 2| multi-vector embedding= & & otJ| ?/of Vision-Language Model
2 EZote ME22 ZM &Y

gF
a. Out-of-Domain0il Ci 8t generalization
b. End-to-End RAG system - = (+ visually grounded Query Answering)
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Lost in OCR Translation? Vision-Based Approaches to Robust
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VLM-based vs. OCR-based RAG

[VLM-Based Pipeline] [OCR-Based Pipeline] VLM-Based
ColPali Llama 3.2 (90B) 1) CoIQwenZ (7B)
( Directlmfage ] [ OCR Text ] OCR-Based
e e 1) OCR pipeline w/Nougat OCR
([ Multi-Vector [ Qwen Text 2) OCR pipeline w/Llama 3.2 OCR
" | Encoding J . Embedding ]
: 1. Retrieval Performance
= Vector Vector .
[ Storage } Storage ] 2. Semantic Answer Accuracy
| 3. Computational Efficiency
4. In-Domain Performance

Evaluation Metrics
1. Retrieval: MRR, P@5, NDCG@5

2. Semantic: ROUGE-L, BERTScore
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imensioaal correlation spoctros-
at has improved on traditional
ng samples to a variable amount
they have been probed spectro-
ete. These perturbed signals s
nt wavenumber axis and after
ramic spectrum is created that
hromous spectra, The dynamic
hanges in the material are corre-
sm of material degradation can
that Noda proposed.? This tech
ic studies because of improved
ation of complex or overlapping
1 in traditional analytical meth
y utilized since its inception, and
laes, as well s even wine chem
bilities of band separation. Two
sion analysis has also been de-
tra with different spectroscopic
schnigue has increasing aveoues
used in many other fields in the

wrier  Transform  Infrared-
h was created by Isao Noda,
shows an increase in resolu-
lotting spectra against a sec-
wis.! The desire for this tech-
sional spectroscopy became
R field. As 2D spectroscopy
ical spectroscopy began 1o be
2D-FTIR arose from rela

gincered Matenals, Matenals Science and Techmn

Generalized Two-Dimensic
(2D-COS). This technique it
spectra and overlapped band:
in traditional IR spectroscoy
the correlation in bands betw
methods (IR, Raman, etc). A
nigue is that it can
copy or analytical technique
exposed 10 any of the previo
external perturbations befo
ment (Figure 1). By increas
wrbation, distinct changes

served by overlaying multp

e uIve

changes in a material, Specit
generate a 2D correlation con
dynamic spectrum.”

External

I

Figure ral process (o ok
a sample already affected by the

Flectro-Magre
Probw (IR, L

The dynamac spectr
the reference spectrum, (v

(a) level-0

Digital Copy.
No Visible Degradation

ng experience in the context of existing behavior
ise of ATHEANA is that error-forcing contexts'
uipmeny/material conditions and performance shaping
1s under which unsafe actions (UAs) can occur. (See!
vianual [Taylor et. al., 1997] and Implementation Gu
iformation.)

IA relies heavily on the analysis of operm'oml events
ing creative thinking about p EFCs,a

called the Human Events Reference for ATHEANA (K

1wdology. This report d the initial develop

d

pment effort is a follow-on activity to two earlier dbd
in Action Classification Scheme (HACS) (Barriere,
4) pre-dates ATHEANA. It was patterned on existing
tigation Process (HPIP) (Paradies, Unger, Haas, and
ized Library for Amessmg Rauot Rehabllny (NUC1
), so rep d the pted aspects of i
phases, and error types. This strong link between .

»nventions of HRA/PRA, however, rendered the db i)
iRA framework of ATHEANA. Thus, a second eve
System Event Classification Scheme or HSECS, was
f ATHEANA. (See Cooper, Luckas, and Wreathall,

at a definition for the highlighted term is available in the glossa

(b) level-1

Perfect Scan.
Minimal Degradation

tic of ballew.

Documents with Different Degradation Levels
DocDeg Dataset

b

e
ben eeiitene
A %4 by wpireling of ihe
TOPVEW

}.T> 53 T2
L wascao
¥
¢

e ple

SrINE by wevers Vor
Tra pelee analitedes w10

(c) level-2

Imperfect Scan.
Noticeable Degradation

LIS B S S N B e e

s 100 1% 200 % 300
R¥8,, (cm)

rticle confinernent time ry with B2 /p, (where R = r,//2) &

0 (fomt = 0.2% m), aid FRX-C/LSM (1 = 0.35 m) experi

awrerl T anl solicl ayshols represent predietions of LI tra

o it represents & collection of 3 mtarr low-field discharges.

1 Studies

wortmt experine wilecting FRC f ioa in

atrength of the huu lh elel, aned tlie Fiaing of the ringing theta-
ere paratieters wan ohaerved by ising an axial neeay of side- vie
or axinl cont riction steength, an end-viewing visible (500-800
somniee L Lo anondtor azimthial aymimelry during the preic
inl contenction, anel e usanl exclode’ Lax dingnoatic to n
mstiee of the quadity of formation. Hecently, an enc
with 2 px exposure time Tas heen used (in eollal
athal symisetry of the T, - 20 30 eV plasius af

sings for which good confinement conld Lo obtalued, measur

For Wil comelitions, exl
artz wnommn disidier wt e hest £

fromn ool t Dl confiniensent acenrn aa
sk wecurs during formation, This tesisition occae for sim

(d) level-3

Severely Degraded.
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MRR

Retrieval Performance
Across Realistic, visually degraded Conditions

Retrieval Metrics Comparison Across Document Distortion Levels

Mean Reciprocal Rank (MRR) X Recall@5 - NDCG@5

B VLM-Based Bl VM-Ba
0 OCR-Based (Nougat - & OCR o
5 OCR-Based (Llama 5 OCR-Dased (Lama)

“ ‘
vz | =l | == i | | )2
01 | | | 01 | | | 01
ika evel 0 evel Level 2 evel 3 o avel 0 Level 1 evel 2 evel 3 =

1. Llama OCR J|gt T}0[Z2t2l0] VLM J| Bt Ol = 2tol X[SsHM o 2
2. Nougat OCR J|gt 10| Z2t2l0]| levels 1~30 Al VLM J| 8t RAGE
3. Nougat2 =11 & A (level 0)HIME IIE E2 s

NDCG@5

ol or
S

VLA
OCR-Basec (Nougat
OCR-Based (Liama

C

\-Based




Semantic Answer Quality
End-to-End performance

Average ROUGE-L 0.1903 0.2355

Distortion Level Questions Metric VLM-Based OCR-Based RA . . .
Level 0 11190 Exact Matcl 0.0046 0.0080 Fu" G plpellne()“/\—l COIpaII%
eve xact Match A . = - —
Average BLEU 0.0589 0.0753 /\I' % Ol’ a:i D:' = I.I'l ol J:" jl’ Jél R
Average ROUGE-1 0.2088 0.2547 1) Colpaliz & A= 24 010 X0
Average ROUGE-L 0.1912 0.2370 =) = = =
OCRE #2755 |.__)|_ =ES HAEE
Level 1 19154 Exact Match 0.0038 0.0066 n I—TCC: e =
Average BLEU 0.0628 0.0804 LLMOII &< (ours)
Average ROUGE-1 0.2167 0.2643 2) 0|0l X0l CHSt QAJE Jt=st VLM=S
Average ROUGE-L 0.1960 0.2430
; AFR
3 Level 2 6864 Exact Match 0.0033 0.0057
g Average BLEU 0.0587 0.0751
2 Average ROUGE-1 0.1975 0.2410 AN2ZE HAUAS HMEFI= VMO & &
g Average ROUGE-L 0.1785 0.2213
§ Level 3 4748 E ; Matcl 0.0038 0.0066 benefltg DH/S% —O—l Dl & /C\;'%QEE
2 evel : xact Match .00: K =
Average BLEU 0.0595 0.0762 Ol XX =&
& Average ROUGE-1 0.2044 0.2493
g Average ROUGE-L 0.1826 0.2263
3 Total 41956 Exact Match 0.0039 0.0068
3 Average BLEU 0.0607 0.0777
g Average ROUGE-1 0.2100 0.2556
o
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Computational Efficiency Analysis
OCR Time, Embedding Time, Retrieval Latency, Memory Usage

Metric VLM-Based OCR-Based
OCR Time (per document) N/A 6s
Embedding Time (per document) 4739s .5503s
Retrieval Latency (per query) 0.04252s .0311s
Memory Usage (per 1k documents) 1.38 GB 9.5 GB

1. OCRzZ HAE ==ot=0l 4~25/= AlZt: 0s vs. 6s

2. Embedding Al2} VLM < OCR

3. 1,0000f =AME N2 AHIE2 VLM J] 8k I}0IZ2t210] & X o

LIS

= VLM-O|EF EZ28 =2 Ad sS40 A

0
[

FE0A &gt 018 HS



In-Domain Performance

cleaner document conditions —ViDoRe-DocV(QA

Metric OCR+Qwen2 OCR+Qwen2
(Top-5) ColQwen2 (Nougat) (Llama)
NDCG@5 0.6027 0.3373 0.3373
MAP@5 0.5813 0.3147 0.3147
MRR@5 0.5851 0.3164 0.3164
Recall@5 0.6674 0.4058 0.4058

o
©
i
@
o

e St D—I/\H /\—|L§ Cl‘/\'i

DocVQAZ fine- tunlngEI CoIQwen23P HE Z2=set 4
ViDoRe= 0|20} @LXI8H 11 #Hel&S2 HOIA EAES &6 HAAE O

o|l =
MO

N —

sing & Artificial Intelligen

— Subtle semantic link
3. ColQwen2)t =2 ds= €48t 0
fine-tuning&l 1, -1 embedding=0| &
O*OP elEE SsHA)| ey
4. S OCROIBMHIIOIZ2toI2 Sget 8+ JIE — 0lefst RS pdftil M= OCR

Z&0| o 0|4 E=0| otLlct, Query-Page embedding?t2| semantic alignmentO|
B &2 Ol

| %= ViDoRE XtXl2| query-page =2
M &3] e =2 idiosyncratic links 2

i
—
q St
-/
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Conclusion
OCR-based vs. VLM-based RAG pipelines

RAG System Capabilities Comparison

—— Noisy Document Retrieval
R

- . 1. Task-specific fine-tuning 10| & OCR
/ \ JlEt HoMe SAE M Y My
/] : ds M3
/ l \\ 2. Standard Retrieval0] QIS Al A|2+E2
| ‘ H @2 Z2IXI8 query timedl A= O

Processing Speed/

( 2 # G/’ 8 0Clean Document Retrieval § —% &" O|_| /5| %
‘\ ] 3. ColPali= End-to-End QAE
\ | ' XNHNOR XA %S

\ 4 ‘ /
Memory Efﬂcuency\ e /
—
N\ /

A e

o— VLM-Based (ColQwen2) —— Semantic Answer Quality

OCR-Based (Nougat)
OCR-Based (Llama 3.2)
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