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Query Query
. After “Rated power” in the product type
>
Where was Gestalt psychology conceived? L table, what is the next key item?

LT

Which page refers to the figure shown on
page 252

\ Directly retrieve using simple matching

Q Indirectly retrieve using document context ':'
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el &

I8 HE

Relevant page Document context

Relevant page Document context Relevant page

Gestalt Principles of Visual Perception

Gestalt psychology was conceived in the Berlin School of Experimental Psychology,

and tries to understand the laws of our ability to acquire and maintain meaningful
perceptions.
o (German: Gestalt [ge'alt] "shape, form")
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e

BER-—DEIXREZEE L o~ LFE—
BENLXERBREAZ CMDR BXURY F<v—72
CMDR-Bench #$2%3 5. CMDR-Bench &, X &2
KDL IER R & WV o 72 RIE®R 2 T2 D
LT, 7oV ICEE#HTZR—DEBRET 3 EER
MBERERTZ. T/, BHER—IZFARICHEDIA
A, XAREREHREINCRHT 2R RET L
CMDR-Embed Zf2L 3 2. X512, F—XENTD
AR AR D T H3 & R % 1E 3 % 0 IR CMCL
ZEAT . EBTED, SUREHRZIEH L RWHE
KRFHEEH LT, BEFEZIA V7 v 7 2bx &
WZL2oD, mdEWIRERMREZIEM L /2.

1 LIS

KA CERZTFTF R FPHEBR (MER
¥) kEA, BEGMEE - BADPFEETS. 25 L
T2 BT LT, 2 —F OB i 3 IER
%E%kﬁ%?%&ﬁ@%ﬁi Al 5355 N O pE 3

DB AEEREO—DOTH 3. ZOFE I
L, 7% X bOAEWRD TERDORZEEA [1,2] 21X
B, XERZEGYL LTRHVWVERREZITSSLF
E—XVLEBBREK(3,4,5,6, 7| DEEHRIATVS.
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TILFE—RANLBERRIIBI2MERT Xty
PB4 T, K1IZRT LI, 72V eR=Y
DONFIZH D L BB TF A b - EE—HEM 5 X
AW ESTED, R—VJIEIABTPLERK
DOER « BT DXk (Context) ZFHH»1b &
L72MREEN ZFHEiCE TV, X512, kT
%105,6,71 T, BER=—ID0oRILFELR=
%ufﬁikl/:—bﬁét® R—IHIZEE S

BHRIKFEDFEL RN & 2 BEBICRELTED
Y%%%ﬁbtﬁf%&@%t%ﬁéhfhtm.

ARIFFRTIE, BBER-—JRCEIXREEEL
R LFE—RILLERE X ZX 2 CMDR
(Contextual Multimodal Document Retrieval), 8 X O
N F<—2 CMDR-Bench Z2L ¥ 2. ¥ 111
3 & 512, CMDR-Bench 13— %W EHEA
MEDBEETIMBENF—TTHE. XHIT,
BRI 2RI DIAALT 2 Z 8T, X%z
EJ8T ¥ 7-7E 7 )L CMDR-Embed Z12& T 5.
CMDR-Embed (&, XIRMEHMDIER &, R—3CEFMIZ
B 2 A% WAL X B 7z i MR CMCL
(Contextual Multimodal Contrastive Learning) 2 & D
YEINS. EBOMR, 1RO XIRERETEHL
BROWHRET VLT, £ T v 7 2bichh b
R 2 HIT LoD, KiEREREA B2 @k L.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



100 100

» 80 80
§ g0 8

% 5 60
8 40 g 40
* 20 20

+ 0+
100110120 130 140 150 160 170 180 190 > 200 0 10 20 30 40 50 60 70 80 90 >100
#Pages # Page Index

(a) XEHT=HDR—I (b) Bl — U HE

Meeting minutes
&summaries
(13.7%) - I e
(qu;:’)s MR (21.0%)
Books & ) (30.8%)
e-books
(16.1%)
;e;(elgrecr: reports CR
Project (13.3%) (220
Proposal SU
(14.1%)  Theses & (25.5%)
Dissertafions
(17.6%)

(©) XEHFTIV
B 2 CMDR-Bench IZBIFB3XEL 7Y DIT.

d Z7xVHTaY

2 CMDR-Bench

2.1 CMDR#&RX¥

271 g ¥ NKRDR—I D572 % E (H{HRRY])
I={L,....In} 520N %, XEORER
ZIERA LB S, ¢ T 2HE L2 EUOHER—-Y
ZMET 5. CMDR BT 3 HE~R—I1%, XHkE
ML TrZ) 2O TYS (K 1 ).

22 F—ARN&E

WEIVE Common Crawl ¥ ManualsLib 7> & Z
72 PDF XEZINEL, ~—I8 (100 *—I B E)
BXUERE () CXkoT74 MR I %To
7. 0%, BohlXFHE%z 6 MEICFHTHHE
L, ER=VZHEHBFELTLIYXY VI LT

TR UUTo4fED I ) 24 Tt
L, EXFWZOX 3 EAFTI Y ZER L 7.
(1) Text Completion (TC) : 7 & X s WA EER—
JIPEIEINTED, R=II2 - 7RO %
3B 5. (2) Coreference Resolution (CR) ;| S 83
Wz AR — JITFEE T 2 SUIRTE R 2 BB 5 5 i
BHH 5. (3) Structured Understanding (SU) © 5
R=IJIZHET B EEER (B0 R) ZIEL < HF
T BR0ENH 5. (4) Multi-hop Reasoning (MR) : Bff
NTeR—=DIWHET 2 E B O TE % EEHIN S O
FEREND .

mEEE RAMOMRETLVEHWT, AFIC
X2 MEEHEZ R L. BRI, XREHZE
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£1 BAET—%ty b DL Query annotation: M
(Manual), S (Synthesized), R (Repurposed).

Benchmarks Require Multi Multi-hop Query #Avg.

Context Modal Type Annot. Pages
ConTEB [10] v X - R 1.0
MP-DocVQA [11] X v - R 8.1
SlideVQA [3] X 4 Direct M+R 20.0
MMLB-Doc [4] X v Direct M+R 47.5
LongDocURL [12] X v Direct S 85.6
MMDocIR [13] X v Direct R 65.1
ViDoRe [5] X v - S+R 1.0
OpenDocVQA [7] X v Direct S+R 3.1
VisR-Bench [14] X v - S 4.5
CMDR-Bench (Ours) v v/ Indirect M 183.5

EALZWIHORBETIL(S,9,5] ZHWTHER
L, &7 T VIZH T 2 Recall@l OFEHfEZEH L
2. 2a7 10027 V%, XRERZF HE 3
Y IRIRATREI R 7 — AT H 2 A[REMED @, Z D7z
B, R=IHOKEEGFRE L DEI BB TS5 XS
2, TNHD 7Y BEELR. —/HFT, Ra7n
BWZZViconTiE, 7/ 75— a2 VbR
T2LD0ZMBEL, RYPHERI N —REE
IEFEBRAN L. BRI, 2272V D5 5 16%
MR X, 4% BIBIEE 7.

2.3 HEHER CEERR C DL

X 21273 & 512, CMDR-Bench i%, 6 FEFE®D X
EXAL SIS 255 RO EXFEITH LT, Ft 800
Dy REte. %112, CMDR-Bench & 5E 7 —
Xty b DH# /RS, CMDR-Bench IZ, kL
fRE=NFE—ZNLHBBRZERICERT 54
DRYFR—=2TH3. FFEOINLFE—XNLY
EMFR(11,3,4,13,7, 15, 14] 1ZEBR— I XEZR
25HDD, FIXTFAM—BUTED L Direct 7515
RICESEYTTWS., ZHIH L, CMDR-Bench
3, XIRBHRZIEH LT, 7V HRNER
BRWEEH R — DB RE T B Indirect 72~ NVFE—X
WRRZE NG T 5K THETHS. CMDR-Bench
DEZZYVIANFTHEINTEY, BWE»DOHE
HROFAHRHRZ & D BIITKMT 5. —7, R
g2, &R% (B : VisR-Bench [14]) A (#
ConTEB [10]) IZFLTED, MRIHI KW T
UREENS. X512, CMDR-Bench 13D THEW
XEZMNRE L, NlRRRREZRIET 2. XF
DFHFEI1Z 1835 R—YTH D, LongDocURL [12]
(85.6 R—) D 215U ETH 3.
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(b) CMCL (Contextual Multimodal Contrastive Learning)

Bl 3 (a) CMDR-Embed D#E ¥, (b) XARDIEH & [F—XHE MBI 2 A1MHZ M X8 2 729 DR RS CMCL.

3 IEBEETIL

312, CMDR-Embed O FI/UHEL ¥ 228 ik %
R BN, () BZER—JHBONEICIMZT, X
IRIEH D HE X 72 DA A DHEENTRE, (2) XIRTE
WEIEH LoD, F—3EMICEBT 2300 % M -
XV 272D DFT 7B FIE CMCL DIRETH 5.

3.1 EFIIEBE

XIR(EIILFE—FILFSIL UREREZIERT
570, BER—Y (Fry v 2) RREAICAILTZY
a— R, EXR=—IVOHEDIAARIZTET S, £,
XEI={I,..., INYDEZbhi-e & Bigw, B
g s ZTHOWTXEZBROF v 712087 5.
tHEDF ¥ ¥ 7 {I-1)s1s- - -» L1y} R
MESEET L (LVLM) X AhZh, EX=T D
b =2 Y RBAE 1)+, - - - Eg(i_1)sw} € RVXNXD
WHEIST S, NOGHER =2 28, DIXHEDIA
ARILERT. FYy oy IBF—nN—ov FXN3
(s<w) W, BROFv > Z7ICEBELTEENS
=2, TIEREITEZRIT 579, BRIOF ¥
VIR BIAIREETHT 5. &K, SURIE
FHHDAALRYI{EL ..., El} e RVXN'XD 2157,

BEABER 72V &R—=—Ir0HLEI,
BE — 7 VDAL W MBRFIETH 2B
HAEA (LI: Late Interaction) [16, 17] ZHW3%. 2
TV, LVIM IZX W FEfLEIN b =27 VA
HEC e RN*P ¥y LTRBE XN, NI Z7 ) b—
TUBERT. 72V g k BHOR=-I L, 2D
HUER a7k, XATEHEIIRS

I;

max (E%, E/). €))

1,N1T]

Li(g,[)= ).

ie[t.na] /€l
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3.2 MIMERILFE—FILHRER

YIRIEHR % Z R L - AADREL Y, F—X
PN BT 20 OMER 2 WAL T 578, FERY
¥ CMCL 2857 5. BIKMICIE, InfoNCE [18] IZ
HOHMBEEFHITBWT, A—XENDOMF v >~
7, BEUFR—F ¥ Y I7HADFIR=I 2= FH
il (In-Doc Negatives Syoc/ In-Seq Negatives Sgeq) & L
TS, 2z kb, FA—XHENOEDIAARINE
R ERT 2T, XWRIBROMERIEFICX 2
REABE R E 0D, &F v > 7 DEHDIERE R
FL7@BRIN R EETE 2 L HffaN 5.

FB|IBEL CMCLIE, £ = 1%context + (1 = ) Lpatch
ERAMET 2 X 51T 5. BHl, AflR—-I%
rhEn, I35, XTEEINS.

a1/

gContext =- 10g eLI(q,1+)/T + ZI,: S eLI(q,l,f)/T
eLI(q,I*)/T (2)
— log eld(g.I") /7 4 Z[; €84eq elg.I;)/7’
eLI(q,I*)/T
ZLBach = )

—lo
P ICR I R P PN e

TIRIRER T X =&, Spuen 13Ny FNARIZET.

4 B

F¥F—A2 Common Crawal 2» 5 X% L 7= PDF
ZFIZ, Qwen2.5-VL 72B [21] & HWT, 39,796 D
YT — R EER LT, BETRIERTORT.

EREFTIL CRE®REZIEHH L & W Non-
Contextual Models % FLEEIF SR & 5 5. EAKRIZI,
XETFRA 23— K35 34D Text Retriev-
ers, —MX/ SCEHEG R X 4 > THE INZEFE—
2 D E T )L General Multimodal Retrievers/Multimodal
Document Retrievers % 2124 3 £, 5 HHERA L 7.
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& 2 CMDR-Bench IZB1F 2 R— IR, R:Recall, nD: nDCG. Overall 1% 2.2 filC/RTH/ 27 TV H 53V OF(HE.

TC CR SU MR Overall
Model Backbone  #Params ¢ o5 D@5 R@5 nD@5 R@5 nD@S R@S nD@S R@5 nD@S
Non-Contextual Models Text Retrievers
BM25 [1] - - 429 29.1 293 195 328 209 39.7 249 362 235
Contriever [2] BERT-base  109M 53.6 357 238 150 36.8 235 405 264 386 25.1
NV-Embed-v2 [8] Mistral-7B 79B 560 362 260 169 446 286 47.8 304 43.6 28.0
7777777777777777777777 General Multimodal Retrievers
CLIP [19] CLIP-large  428M 202 133 7.7 58 176 106 206 132 16.6 10.7
VLM2Vec [9] Phi-3.5-V 4.2B 399 279 243 164 397 264 389 282 357 247
GME [20] Qwen2-VL 22B 577 37.1 387 260 49.0 308 53.8 380 498 33.0
7777777777777777777777 Multimodal Document Retrievers
VisRAG-Ret [6] MiniCPM-V  34B 536 353 304 198 456 27.8 502 339 449 292
ColPali [5] Paligemma 2.9B 59.5 38.8 37.6 242 485 31.0 551 357 502 324
+Finetune Paligemma 29B 625 41.0 425 275 559 368 563 399 543 363
ColQwen [5] Qwen2-VL 2.2B 59.5 37.7 392 272 510 303 547 350 51.1 326
+Finetune Qwen2-VL 22B 66.1 458 508 348 57.8 387 603 422 588 404
Contextual Models (Ours)
CMDR-Embedp,;; (Ours) Paligemma 2.9B 673 459 448 302 716 506 67.6 514 628 445
CMDR-Embedgyen (Ours) Qwen2-VL 22B 851 66.0 547 403 819 648 785 599 751 577
R3I 77— a YFHli. Overall 227 2L T 5. R4 WRESH. Overall 22 7H XX, A100GPU —&

12 & % Index (LI H 2 2 R (page/ms) G T 3.

R@5 nD@5
CMDR-Embedpy; 628 445 R@5 nD@> Index
“w/o In-Doc Negatives 592 416 ColPali + Finetune 543 363 373
w/o In-Seq Negatives 59.9 41.3 CMDR-Embedp,; 62.8 445 27.7
w/o CMCL (= Only In-Batch Negatives) 57.1 38.8 CMDR-Embedp,; w/o Overlap (w =s) 582 41.7 134
w/o LI (< Mean Pooled Single Vector) 38.7 252

4.1 FHESRE D

XiRiEHRISERERLICTESETEHD? L2111 F
X512, XMRIEWMZTEH 3T % CMDR-Embed 723, X
REZEBLRENVETLVEKRE L LA ZHREEZER L
7. ZOMREM L, FET-XOMHEICXEHD
TRV, [A—D7F—XTEELEIEXRET LD
ColPali % ColQwen /%, X% 7 /L' CMDR-Embedp,;
& CMDR-Embedqgyen % NE 2GR TH o 7.

CMDR-Bench Q53 @b ? E21TRT LD
2, HEMRRETADTFAMERETLELD D E
WHREZ R L, X HICREREIEH T 2 2 & °
REM E2ERE C= 5. LI E XD, CMDR-Bench i <
T — ZOUVIEHR & CESRD W % BN FHET
EMEN BN F—TTHZ IR 5.

CMCL [3MREICEEETED? K3 WWRT LD
12, CMCL T & o THREM EZ2ER L. X 51T,
F—XENOF v > 7RV ZEEOafiznwg
NDIENTH 2By hoiz.

LI I3MEEICHETEIH? K3 XD, LIIFHE—
F=2 X ZBELERE LD D, SOHEREEZRL
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Tz BEAR =Y RIS REFRICB VT,
BB Z RS EER LIXEME e EZ 6N 5.
CMDR-Embed D¥EMEIEZ? K41 RT XS
12, CMDR-Embedpy; {ZX— 2 D ColPali ¥ FL#E L T
BWHRER RT BT, 4 Ty 7 2L D E
, BWERIREERLE. EER—Y 2 HEICHED
Ate Z & T forward GIEEIEDBD T 570 TH 5.

5 &HDIC

XRZEERBL:YNLFE—RILLERRE A
CMDR #12R L, A7EFICEI 2 XRIERIEHOEHE
FEERHH ST L. RIFSEE, PEXE LEERFEM
RXFEEWNRE LEREROEEICERT 5.

BIEMREER ko~ lFE—X L EM
#[3,4,5,6,711%, R—TBLOMV Iz —HITED <
Fitic kb, XREEELI-REPEHRTETWA
W, KT, XREEZEBLIZILFEX —LIR
RERAZ B XXV F < —2 CMDR/ICMDR-Bench
ZIREL, XMEHANIIRHAT I2MEBET L
CMDR-Embed ZE A L7z, X512, [A—XENTD
RPN 2 RO IEZEE CMCLIC & D, M2 iR
LD DKIE 2 MREM % 2R L 7z,
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According to the Action Plan 2014, what plans What parameters should | enter when adding
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Prompt: Filter pages if requring contextual information

You are given an image of a single page from a multi-page PDF document. Determine whether the content of this page is
*xself-containedx* (can be fully understood on its own) or **not self-contained*x (requires other pages).
Criteria for judgment:
- Self-contained (Yes):

- The page presents complete information that can be understood without referring to other pages.

- The text begins and ends naturally (not cut off in the middle).

- Title pages or pages with no text are considered self-contained.

- Figures, tables, or explanations are understandable on this page alone.
- Not self-contained (No):

- The page refers to figures, tables, or sections on other pages.

- The page is incomplete or depends on missing context.

- The page starts in the middle of a sentence, paragraph, or table.
Output: [Yes/No]

R6 ¥HF—2MIUBT 5 G) TEAILETBY T b,

Prompt: Generate queries requiring contextual information

Create one short retrieval-oriented query in English following the conditions below.

1. The query should appear to be about Image 1, but the correct answer is found only in Image 2.

- At first glance, it should seem that the answer could be in Image 1.

- Only by reading both pages carefully should it become clear that the answer is actually in Image 2.
2. The query must require contextual understanding across both pages, not a simple keyword search.
3. Query Type: {query type}

4. Do not quote or copy any text from Image 2 directly into the query.

- Do not include explicit hints or keywords that would guide the reader to look into Image 2.

5. Only output the query in the specified format without any additional explanation.

6. Use only one question word and keep the query in a single sentence.

Output: <Your query here>
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