E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRINFE

REESES TP391 XEFRIRED: A XEHS: 1006-8961(2025)09-3083-14

WXBI AKX :LiYZ, Ful, Zhu L H, Luo Q D and Tu L. 2025. Multimodal large model-based method for generating visual Q&A data for electronic
document images. Journal of Image and Graphics, 30(9):3083-3096 (Z2FH, fR¥, ARWE, BHUE, IR, 2025, A OB A] ) By SCFY
PUBE I R A . Hh R G B 2541, 30(9) :3083-3096) [ DOL: 10. 11834/jig. 240610 ]

RS KRB TH ) B F 3OS 4 52 18] 2 RO R 4R £

BEE R AR BRI BR

L AR RS N T AR A 2B, 2RI 4300745 2. AP RHE RSB, I 430074

W OE: BEY T ORI ) AR A AR B RS A T SO EHR I SCE N A SR L LA iR AR
XA 58 o I FH e JO () R B 4 4 RO S 2, T DA S5 B T S R I 5 R B SORY B 2 PR R . HAT, A TR
MR 3 A 0 ) B3 B A AR B8 N T e S g (TR DRI, AR ST 1 — P 2 B Rl 5 AT (1 5
PAEUR IRV BB A T . ik R — Rk 2R ORE 5 B 0 KA A 15 1, (45 44 SRR AP R
F A0 5 1128 B S s R A B R DR — SRS G 38 A L SR MR AR R AR A B S R
RERY, W0 A R A ) 506 s AT B SRS A A BB 1 1) 25 ) B T 7 MR R 2 i A 22 2 RS KA
Y, A3k 4wt 5 PR 25 T G TR 22 s DR oA ol FH AR I UL TR 20 5 % fo] — [ 28 %, ) 28 A2 TR AR o 35 A
R 22 A AN ) 3R 1) [ B0, A A [ 28 1 — 350PE , DASHIBR I8N — By ) 8%t . 8658 ARSI T — A i
F B A L7 324 546 IR KRR 2 036 263 A [ 20X o 38 axh X 5] 28 X6 TE B 28 (9 BE AL FE Ge 11, 45 28 7R 1B 22
91.34%. MAh,IBTE DocVQA 5 SRS I EBR4E FINR T BUIE 45 Xt Z RS B SRR M BE S THE . 1o
SLE AR W], #E LLaVA-OV Fl Deepseek-VL AR |, JE T AR AL 191408 GRS 42 T+ DocVQA BEAE Ly T35 —
AR A LEE , Z3 B R T 1. 4% F12. 6%, TH b SE i — LR W], BEREHE L gL IR 5  BORPERE PR T 1. 3%, @
15 N TARESE DocVQA BYEAMESZRY , 45 L0, 7F DocVQA IR JERH_F A A 43 LS ) 45005 42 14711 25
Jei , BT i H AU DocVQA I ZRAE S INHE TH T 1. 3%, 1He4h, 5 BUA 75 1 A A B0 5 HE AT ML e X Ui, AR
SOy A R AR AR P BB AR Oy T R I B . S B A PR SE g i — 2D UE W T R AL A B A A
A B E R I A — s R T AR (], B AR SCHR Y A T 2 S R R R (Y v SR PR 5 ] 2B 4
A BTV A U T B RS SRR D BT R 25 1 IR, L BRI T A R R TR R AR Y SORY ) 152 2 A
CEWI

REEIR . ZBSIBRY ;B SR PR s P08 15 4 TR0 300 42 5 0 o SR R 5 05 37

Multimodal large model-based method for generating visual Q& A
data for electronic document images

Li Yuzhe', Fu Ling', Zhu Linghao', Luo Qidi', Tu Lai*
1. School of Artificial Intelligence and Automation , Huazhong University of Science and Technology, Wuhan 430074, China;
2. School of Software , Huazhong University of Science and Technology, Wuhan 430074, China
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visual question answering (VQA) , especially in the domain of text-centric document understanding. These models have
demonstrated remarkable improvements in tasks that involve the integration of visual and textual information, with several
state-of-the-art models currently leading the field. One critical task in this area is the generation of VQA datasets for elec-
tronic documents, which entails combining the textual content embedded within document images with their visual compo-
nents to generate meaningful and contextually relevant questions and corresponding answers. The integration of high-
quality, fine-tuned datasets—specifically designed for multimodal instruction-following tasks—has greatly enhanced the
document comprehension capabilities of MLLM. However, existing VQA datasets, which are typically generated using
manual annotation techniques or templating methods, face significant challenges in scale and quality. These limitations
impede the scalability and overall effectiveness of training datasets for multimodal models. Therefore, this paper proposes
an innovative method to automatically generate image-based VQA datasets for electronic documents by utilizing an MLLM.
The goal of this work is to address the existing gaps in dataset quality and quantity, thereby facilitating better training and
fine-tuning of MLLM in the context of document-based visual question answering tasks. Method The proposed methodology
involves the use of a large-scale data generation framework, powered by an MLLM. This framework is divided into four dis-
tinct stages: self-question generation, quantity and format verification, data filtering, and consistency validation. In the
initial stage, the MLLM is tasked with generating multiple question-answer (Q&A) pairs by processing the input electronic
document images alongside their corresponding textual descriptions. This stage capitalizes on the model’s ability to simulta-
neously analyze both the visual and textual elements of the document, enabling it to generate a diverse array of questions
that cover various aspects of the content, such as factual inquiries, inferential reasoning, and contextual understanding.
The second stage focuses on ensuring that the generated Q&A pairs meet the required quantity and adhere to the correct for-
matting standards. This stage is critical for eliminating any inconsistencies, errors, or discrepancies in the formatting of the
data, which could otherwise compromise the quality of the final dataset. In the third stage, data filtering is employed to
refine the dataset by eliminating irrelevant or incorrect Q&A pairs. This process involves evaluating the generated Q&A
pairs, along with their corresponding images and instructions, to identify and discard any irrelevant or improperly answered
pairs. This step ensures that the dataset contains only high-quality questions that require multimodal reasoning capabilities
for accurate responses. The final stage involves consistency validation, wherein the MLLM is used to generate multiple
variations of the same Q&A pair. The objective of this stage is to verify that the answers remain consistent across different
rephrasings of the same question. If inconsistencies in the answers are identified, then those pairs are discarded. This step
not only ensures the reliability and accuracy of the dataset but also helps improve the robustness of the dataset by introduc-
ing diverse question formulations. By systematically applying these four stages, the proposed method enables the genera-
tion of a large-scale, high-quality VQA dataset for electronic documents, which can then be leveraged in fine-tune MLLMs
to enhance their performance in document understanding tasks. Result In this study, a high-quality dataset was con-
structed, consisting of 324 546 images and 2 036 263 corresponding Q&A pairs. The overall correctness rate of 91. 34%
was achieved through random sampling of a sufficiently large number of images and their associated Q&A pairs, followed by
manual verification of the selected samples. The effect of this dataset on improving the performance of MLLMs in document-
based question answering tasks, such as DocVQA, was rigorously evaluated. Fine-tuning experiments on the LLaVA-OV
and Deepseek-VL models demonstrated improvements of 1. 4% and 2. 6%, respectively, in average normalized Levensh-
tein similarity on DocVQA. In addition, ablation studies were conducted to assess the effectiveness of the data filtering pro-
cess. These studies revealed that correctness filtering, relevance filtering, and external knowledge filtering each contrib-
uted to the enhancement of the performance of MLLMs when applied to the generated dataset. Interestingly, relevance fil-
tering and external knowledge filtering did not conflict with one another. By contrast, applying both filtering methods simul-
taneously resulted in better model performance than when either one was applied alone. Furthermore, the entire data filter-
ing process resulted in a 1. 3% performance improvement for the Deepseek-VL model on the DocVQA dataset. Complemen-
tarity experiments with the DocVQA dataset showed a 1. 3% performance gain when the model was fine-tuned on both the
DocVQA dataset and a subset of the visual Q&A dataset. This finding demonstrated the ability of the generated dataset to
complement manually labeled data and showcased the effectiveness of the synthetic data generation process. The superior-

ity of the proposed dataset generation method was validated further through comparisons between the model performance
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achieved using the ALLaVA and TG-Doc datasets and the model performance obtained using the generated data from the
proposed method. Specifically, 1 million instruction samples were randomly selected from each of these datasets for full
fine-tuning of the LLaVA-OV model. Experimental results indicated that the generated data from the proposed method led
to the most significant improvement in model performance. Finally, while the proposed dataset resulted in some improve-

ment in model performance, the overall gain was somewhat limited. A more in-depth analysis revealed that redundant char-

acters in the generated answers such as unnecessary phrasing contributed to a degradation in performance. This
issue was addressed by conducting a post-processing experiment using Qwen2. 5-14B. By removing redundant content from
the model’ s outputs, the post-processing technique enhanced performance considerably, indicating that further refinement
in the dataset generation process could yield even better results. Conclusion The proposed method for MLLM-driven gen-
eration of image-based VQA data for electronic documents effectively addresses the challenges of limited dataset size and
poor data quality. The comprehensive evaluation of the dataset’ s effect on model performance, along with the successful
implementation of data filtering and post-processing strategies, demonstrates the potential of this approach to improve the
robustness and accuracy of multimodal models in document-based visual question answering tasks. Future work could fur-

ther refine this process to eliminate redundant content and optimize the generated dataset for even better performance.

Key words: multimodal large model; electronic document image; visual instruction tuning dataset; visual perception and

understanding; visual text
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Table 1 Comparison of methods for generating question-answer pairs using MLLM
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Fig. 1  Overall pipeline
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Question 1: What is the title of the scientific publication?

1. The text in the top of this image tells the title of this scientific publication.

2. What is the name of the research paper ?

3. What is the text on the top of the image ?

Respond to each question individually and evaliate whether the answers convey
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Fig. 2 Data filtering and consistency check flow chart ((a) data filtering process; (b) consistency verification process )
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Tk PR AR AR A 8 8 1) 20k B HS R AR
55 11T S B B IR AR R I DB SR 2R P BE AL IE R AY
FE7R (B0 : “You are given an image and a series of
questions with corresponding answers about the content
of the image. You are required to act as a judge to
evaluate if the answers are correct. ") — [F]i% A Z A4S
RIEH BT HE B K IASG M ) %, 5
Phid k.
1.4 —HHRW

Xof 3k g e A ) 28 ) EAT — B A, B TEE—
AR UE M A W ERPE . 7E 1. 3.3 AR SR AR
A8 et TE A Ao D TC T AR S B A R A [ 25 % DR
X T2 RS RIE F RN R, V2 92 PRl iR A 1R 24
X A% GE Y TE A Mt SR e T I R R A5 BR
— BRI B S A B A 1) 24X v A ) 0
R, AR 1. 1795 v i 21 1) — B G 20 2 7% P vh
Bl AL B Y — 2542 7R (140 : “You are given an image
and a corresponding question about the content of the
image. You are required to generate several questions
with the same meaning but different wording. ”)—[f] 1%
ARG F R, 2 A3k 07 R FE 2%
SR TR] A 1m)

N, 25 72 — WAk 5 L RS B9 2 T B HG 6 )
1 : “What is the text at the top of this image that indi-
cates the title of the scientific publication?” = i i) A8
{4 [a] 8 0] BE AL 46 : “What is the title of the scientific
paper at the top of this image?” . “What is the name of
the research paper? ” | “What text at the top of the
image indicates the title?” 4§, JIT 45 3 B [1] 151 1) 225 S8 4B
PLZ SRR R R bR, 453 il 2R R
T R 0] ok B8 (] B 24 SEHEAT AR, AN SR T A 2K
SEARIET , PR B 22 ) 2 X, 5 DR IR

1277 1% 108 3k R R A U TR AL, A i 2 i
SR IRV R T ORA S TR R S A
Tl AE AL BE AT RE A A8 i 22 B BRI
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2 HIBENAR

W 2 R A SCH S BB AR 40 75 324 546118
ML F-SCRY RIS, Y22k B PubLayNet 204 4E (Zhong 45,
2019) . PubLayNet f& SCFS 5 R 1 43 BT 1) K 78 %4
Y ge , HoAm il it Z G I AE EA T E AR T . 53X
B PR AGO6T I 1Y ) 2 % 2 2 036 263 X, -1 4
LT SCRY ER A 55 6. 27 AN TS %) . 5 2Z RiTHY OCR-
VQA (Mishra 55,2019 ) i F B B4 A5 B I0) 24 K8 42
M ASCR IR 7E ZREME R BIEE . 5SAT
i T 19 B3 42 U1 DocVQA (Mathew 25, 2021) | Info-
graphicVQA (Mathew 55 , 2022 ) fil VisualMRC ( Tanaka

S5 ,2021) FH L, A SCECHE S 7 PG A 0] 28 X 1) 850 i
A B W A, S B R AL 1 1]
XL, R WebSRC(Chen 25,2021 ) 45 i & 1% £
B B[R] 28 X B 3 624, AH — i 145 T 75 1 A 5K
5 RORTE ELN I 2 1 ) AR R A X A &
TEFE I 2 Bie HOJG R LR IR, i 5 KA A A
A UniDoc (Feng %5 , 2023b) 3048 £ M0 1L, 5 # 49
R R A AL B — AN () 2 %), TC A sl B R 5
M5 B o AR SCEUE B 1 SR A AR B T H 2
L2 KA Y KA A A= B %) TextSquare (Tang 45
2024) Fll DocMatix F 5 42 /0N | (0 3 EUZ ) °F- 34
[7) 28 o B S T LAY, s O R R R
FEHLBE ST .

R2 BFXHEEHEESIT

Table 2 Statistics of electronic document question answering datasets

G/ PR KR/ T84 B S48 PG S H R WS
OCR-VQA (Mishra % ,2019) 207 572 1002 146 4.82 AR
DocVQA (Mathew %5 ,2021) 12767 50 000 3.91 AT
InfographicVQA Mishra %5,2019) 5485 30 035 4.63 AT
VisualMRC (Tanaka %5 ,2021) 10 197 30 562 3.00 AT
WebSRC(Chen %5 ,2021) 6 447 400 498 62.12 AT
ALLaVA(Chen%5,2024a) 661 573 1 425 097 2.15 TN A= 1
UniDoc(Fine-tuning)( Feng %5, 2023b) 150 000 150 000 1.00 FKARH A B
TextSquare(PDF)(Tang % ,2024) 1 000 000 3500 000 3.50 KAGHYLE I
DocMatix 2 444 750 9 500 000 3.88 FABI L[ i
A SRR 324 546 2036 263 6.27 FAGHYE AT

XA STl S 5080 A2 B AL A EC 50 W3 ST B 302
AR AT N LR8I R Ge 11, 45 R 91. 34%, ik
BT R A SO 5 vy e 5 S 1 v i . AR S
HB 4 A 4 b I A B3R B (token ) 43 A AN 1AL 3 J9F
7N, AT LA BIBEAR 2 IER 0, a8 8~ 12 IX
() A %) G B T R 4, T[] 250 1) B0 ) 5040 A
WK 4 FT s o A SCE SR [ 24 S &6 4, R
ARV EN T 6 B, XN B R B R % . AT DLIE
WY, AR SCR B R X 2 RS KIE F Ry R A A
B2 A R AE o 2 ] R v AAR 2D 1) B3] 5 [l
2B [l 25 1) PR BIORE 2o 6 B, R B TR EROGT N 1 1]
PGB PR 2 LR AR A A 18125 Y Y B e R R
224>,

ARSCIAREGE T T3 1 0004~ )25 %), 3 A T 4% 8
PAR 5AN AR T 702

DEHAAE BFLIRIRE  F8 J [n]REAR Hh 7 2
IO SEREE 1) S5 AR (5 B (I SCE bR A2
R SUTAE ) 8 R [ 2 A v AL B SCAR B80T,
“What is the title of the journal?”

2) W R SR B ()BT, 8 A TRl PR X
P A S E A 15 B B BT L 3 R SRR
b B 4R BT A 5 AN What is the main graph
in the image titled?”

3)IIEFGI AR, 8 A ) N 3] S e Bl
5T R Al 3 , 0 5 AR T i BUP JR Y
H i F2 50 45 2, W “What is the purpose of RT-
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PCR analysis in this context?”

AW BRI A, 8 A )RR R
T R 1 T S, aE R AR L R A,
“What is the significance of FNAB in defining lesions
without characteristic imaging appearance?” .

5)SCREAR SR RN 4 Y2 [R] R OG T SOk
Y BN A AT 2, BEOR S A el R U D AR A
41 “What is the main focus of the article?”, LA 54~
M oA A e 5 B

oA A TSN
PRI )

SCEA A BN BT
%

15.6% {5 5 B B ) it

HeERIE i@gﬁg@@\ SRR

K5 RS EEST T

Fig. 5 Sampling statistics of problem categories

3 RWIRE

ARSI A0 2 BRI F R R
b LLaVA-OV-0.5B £ B (Li % , 2024a) 5
deepseek-VL AR AY (Lu 45,2024 ) , fifi A SCHHE 4 43
SPEAT T 2 m A5 LoRA (low-rank adaptation ) fi{
P (Hu %5 ,2022) o Ry 1 PPAR G0 5 A ASE AL E Ak 35 50
PYRLBE ) AT 55 v i 2 B, AR SCRE IR T 5 SRS AH G
9 50 # 22 DocVQA (Mathew %5 , 2021) . Infograph-
icVQA (Mathew %% , 2022) il ChartQA (Masry %5 ,
2022) , A3 1715,

3.1 HUE&E

DocVQA J&—A% 11 T SO MG 4 40 5 1) 2274
P4 o "B H 50 0004~ 7] AT 12 000 22 i SOk R 41
B, B I SRS N R ORI R [ 250l A28
U BAT S5 o DocVQA HFRF A& anfar  BR fige
SCRYEHGR I 2 DB AT TRy ),

ChartQA & — PRI EMERIR L, e L ET
P A AL FE B AR 2% B A% 9 6001
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N T 45 [ R8T 23 1004~ N T4 5 19 R R4 2
PR AL ChartQA f9RF U B AL T 58
TSRy RN TG 5 B[R] 250, T HS 6L 4G 1
AR PR, W00 FHEFI B S B E B o X R
BEAUAAZE FR i SOA R ZERERAT S R SE TR
HEEG B HRIATHERL . ChartQA MR TR T fif
AT Bl SR AR S A HE TR AN A2, 33k 26 () T3
ORI TR, SOk A B E AL . ChartQA
BRSSO X Sk BT

InfographicVQA J&— % 1 T 18 R A5 2 A 21 i
FER AL SE ) A e . XN RS T 2R
(1) B 245 B BRI [ ARG 5 T RN A S8 R, . 2K
Hia B v 1% [ 0 Sy 0K HE B SOR AT Ry LSO I
2 VEE TR MBI T L o Infographic VQA %4
AR IR T EOE AR A EEARUOR B RE A [R) 12 L
PEARAD 5 30 035 DI XT, Jr A e 5 485 i F 1% L
YIZREE A 23 9461 IS S AT A 4 406 BRI 15 L
BSIEAR A 2 801 A ) 22X 43 A1 78 500 M EZ L, il
A A 3 288 A& Xt /0 A 76 579 iR R 1. X
L R4 45 BT R DR AN AR Y ), D) R R
BEEBZNERRIE,
3.2 EETM

A SCHTAT 7E ChartQA 45 55 F i 4545k 98
FA B4 VR B JE (relaxed accuracy) , 7E DocVQA 1 Info-
graphicVQA B4fs 5 I 1Y 345 45 24 24 - 2 14—k
Levenshtein £ 111 & (average normalization Levensh-

tein similarity, ANLS) .

4 LIRS

TR R R A T 2 K BEAY LLaVA-OV (Li
4,2023) , BT SHCERAA0.5B(5IL) M
LLaVA-OV-0. 5, KAl FAS SO o 2 1 7 4
T , 43 S A {8 30 0 4% 55 100 T3 %48 2 B dls & 1
TEOL T BRI, &5 R an2e 3 s o FEMEHI 30 J7 4%
$& 4 AT MOM 2 J5 L LLaVA-OV-0. 5B 7E DocVQA il
A FA T 0.5% 4T, R 7E Infographic VQA Fl
ChartQA 28 SCRYECE 42 (1 M4 b A /iR 271
MRS TR R 8 P 1 5 1 TH #1100 5 2 A AR
PEBEA T W A4 T 7E Doc VQA M4 A 1. 4%
(4T}, 78 Infographic VQA FI ChartQ A 25 SCRY K £
AR AR A AT 1% R T, H Bt n] IL, A

ey 3 P 0 T 22 RS ORI SO Pl 152 E ) A
HARTHER

HK,# T Deepseek-VL(Lu 45,2024 ) #& A4 |
BARBARLE 82805 R 1.5 B(1514) 1 Deepseek-
VL-1_3b-chat, 78 4 3C 9 %4 5 _E U847 LoRA (low-
rank adaptation) f§# , F] Y1 Zx 240 0 0. 38%, 73]
N ZREE 1 100 77 5 FIr A 468 2 Bl 915 00 T 2F
77, 2R aNER 4 R . i TR AL ORI S
R B2 BE 18555 , IR AS SC T A4 1t 50 A ok LA fig
FETHHORE W o 1 SR I 2R B B 100 1
i, BB FE DocVQA EAT T 2. 1% [ 42 TT, 7£ Info-
graphicVQA 5 ChartQA A 1% 4 B2 75 244
I 8 Ry A SC I R 3 1 4 4 A I ALY AE DocVQA
R MR A T 2.6%, FE InfographicVQA i
ChartQA 70517 1. 4% F1 1. 3% 4T,

%3 LLaVA-OV-0.5BERGIELIGEER
Table 3 Experimental results of LLaVA-OV-0. 5B
model fine-tuning
1%

BB AN R B H DocVQA  InfographicVQA  ChartQA

LLaVA-OV-0.5B 57.1 32.1 55.8
LLaVA-OV-0.5B/30w 57.6 325 56.1
LLaVA-OV-0.5B/100w  58.5 334 57.0

1 30w il 1 30 J7 45464 5 100w fifi 1 100 J7 55464 -

%4 Deepseek-VL-1_3b-chat ARSI IH £ R
Table 4 Experimental results of deepseek-vl-1_3b-chat
model fine-tuning

1%

LY )N 2R DocVQA InfographicVQA ChartQA

Deepseek-VL-1_3b-chat 26.5 15.8 38.9
Deepseek-VL-1_3b-chat/ 8.6 16.8 39.8
100w

Deepseek-VL-1_3b-chat/all  29.1 17.2 40.2

100w : ff FH 100 7745364 s all - fH FH &34 4

4.1 HRLSEI

ARSCHEAT T B SE 5, LA UE B i 8 i 7
FA IR R, I H AT PG B — T DR R A
Az B AR BRSO T AR DR
ROR 8 1B A R B DD IR, DAL O R £
SR BT AERENA o R R X A — U, B TS
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REE, RF, ROE, FHE, &K
SRR A B [8) B8 F SR AL i8] B B B A

H1 100 J7 55482 B I 2R i 45 FAE X IR . HE T
W, 3 AR I T AFR RS H S 100 0 AR SE 1 1) 58
AT ARG R B S (GR 556 147) s 2) H# AT
R S PR E R 5 (R 556 2-447) ; 3) AL
AT AR G S 8 5 AP AR S IR i B AR (R 546 5
170 4) T A o DB R B s 42 (R 555 617) o

Bfif5 , 1 FH Deepseek-VL-1_3b-chat # 7Y, 7 5 %
HRZH AR [A] IR i, X8 A i Bl 4R 047 17
Wk TLIERIME S PR, Lol IR ERAE S 1%L
P BEAE SR TR AL [R) M RE T ThI 1 2 B LR AR A
F RS A 5 8 5 FE AR Doc VOQA YR RE 2 TH
T 1.3% 35, [ FAR OGP i i 5 A i it
EXI AT 1 B 14 B2 TV FH Lo S (s R o — 5t 1
U IR T AR SO R Y A AR S M A i S AR
P U A0 e 2 HE U BT i A 4 THE T o

RS HIETERENHMIE

Table 5 Ablation experiments on data filtering process

IERRPER IS AHOCPE IR AMEAIRIE  DocVQA/%
- - - 27.3
N - - 283
- N - 279
- - N 275
- N N 28.1
N N N 28.6

AR AR R AR

4.2 5 AIREHEMNEMELE

R T B UERE B S AR [ B 55 T A
RO X AR SCAE A oE o) B B AR S A N T
FRTEECHEHE DocVQA BEATXT FL LB 43 #T . BEH T —
Tl 2 B2 KR 5 MR LLaVA-1. 5(Liu % ,2024b) ,
TZBETAE TR 25 B B oA A 15 SRS BHLARR AH O 1) B
. TIBTHRRE A BB B 5, (i Doc VQA %X
g Ol SO ] a2 P A
DocVQA YIZREE 5 MASCHE H ) B s 42 b Bl ML B
() () X 04T A 9, 6T LoRA Sl o S 25 %
R ERAE DocVQA IR E 1 b 4% A Jf 1 14 fiE
H16. 6% , 2= IR AR SCRY B gty T A7 78 B I 00
BEAIE . 23 AU FH DocVQA VI 2R 4E Il 5 , 5 A8
PERESETH 22 30. 4%, #F— P, i T MR G
P E , BRIV, 7€ DocVQA B 45 Fh A T A S

B AE  HR B R UGS — A a2 % S5 o
AIYIZRAE , R A B B i UG E o 337 3131
(3K H DocVQA [ 12 767 i 5 5k A 4% SCH s 4 11
324 546 F ) , 35 2 KN 374 546 25 (K H DocVQA )
50 000 252K A A SCE IR R 1) 324 546 %) . 454N
%6 R, R B a4 xR EAT LoRA M )
PEREUE— R TFE 31, 7% X —Z5 BRI T A SR
B 5N TR T B 4 2 i) LA 3 1 B
P, BERS 1 5 $ FHE ALY E BT 9] 2204 T 55 P 1 1k B

F6 S5 AItRTHIEMAEIMESR
Table 6 Complementarity test with manually labeled data

e . DocVQA
ORI T oV
1%
LLaVA_5-7b-instruct/zero-shot 16.6
LLaVA_5-7b-instruct/DocVQA 30.4

LLaVA_5-7b-instruct/DocVQA + AR SCEHELE (part) 317

4.3 SMEERTEFTERBIEENMERETLL

R T RUEAR SCA: R B AR AR SR PR S
1A ALLaV A Fll TG-Doc B0 55 954745 50 1 i Xt
o HARTE R 533 1 AHF A9 LLaVA- OV-0. 5
R, 38 T8 PR X E R A S 430l DA AR B8
AL TP REMLEE $F 100 J7 2548 A B UEA T 4 Ao, JF
SR SO B B R AT L . A OGS SR AR 7
P o AT UL, AR SCT5 ik T AR R B A B R
P

x71 SWEFEMERBBEERELRER
Table 7 Experimental comparison of the quality of

datasets generated by existing methods

BAHREE/100 W DocVQA/%
ALLaVA 58.3
TG-Doc 57.9
AR 58.5

4.4 FREIR

TEASCI SR, B AR AR SCHR Y 10 508 B Xt A6
TIVEREA — R WY P THRCR  (H BRI I AN B35
i A 2 A, A B AR S AR P I TUAR A AT fE
JE S MR R R B A TR AE I D] o il [R] B What

is the page number of the title ‘Enrollment’ in

CONTENTS?”, HARZ N M EF 87, SR M A hle 1y
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A 22 H I “The page number of the title ‘Enrollment’
in CONTENTS is 8" X IETURKAYE S MR X F
SRR (A2 AR FAFHE N TR AR A AT 2
SEOHNHEIR TR

N T D RIE X — R, A SCHEAT T A
SEE . Ay ER T AER 3 53R 4 100 748 4T
¥ J5 B9 LLaVA-OV-0. 5B 5 Deepseek-VL-1_3b-chat
BEAILE DocVQA M AR EINKA 45 R . BEJG , ASC
i i Qwen2. 5-14B(Hui 25,2024 ) %58 4 4yt 0EF T
SR 02 R N T= I AR RS PO PR3 N
Qwen2. 5-14B, I H| W 45 R b 2 B AEETURINE .
WNRA R P AL B TUAY, Qwen?2. 5-14B 2 4R BUA 2U(H
SIFR [ — AN TE IR i A 4528 iR RIA TR,
Bt a3

J AL PR S S A5 AN 8 FR o JE kX LS Ak 3
H G S g 51, T LA 3, J5 b BERE A A 2080 T
RNEIF B E RTINS iR, X —
SRS A SO AR s AR ST VA A AR ) 2B
Xt A A — S AR T2 1]

*8 FEREXE

Table 8 Post-processing experiment

PRI AN G DocVQA/%
LLaVA-OV-0.5B 57.1
LLaVA-OV-0.5B/100w 58.5
LLaVA-OV-0.5B/post-process 61.4
Deepseek-VI.-1_3b-chat 26.5
Deepseek-VIL-1_3b-chat/100 w 28.6
Deepseek-VI-1_3b-chat/post-process 32.3

What is the dividend payout in 20 127]

L ED

CAGR 30% (8

4089 ()

5 & i

TE 22 BAS KA IE 5 AR 1 SRS G A i)
AT SS AR SCHE T B T R B L LR B
SRR L R AN FEAR . O iR s S ) R, AR SC
P2 —Fp A BT, R 2 RS KB AR A A
BRSBTS AR RN Tk, Y
KT BOIEAE IR . DLAE A T A Bl i B 4 30 o 0
BT EHE 0 Do VQA B HE 7% 12 767 TR ENE
AR SC A B A B S R 5 30 JT R . 5 R AR AR A
S I 225 6 A L I A ) RS AR P — | TG 1 3 7 e I
SCRYEUR IR N2 o AR SO VR L RS KA
T BRI SN RS AT B BE T IR ATZ 48 B &
(I SCF N A R BEAR A 1)

Ry v )25 i, AR SR T Bl g S —
SRS Y TR, A 5 A G E a UE AR U
IER PR g o T RS UE B T X S A R AR S
W AF T i (] 28 ) 7 T A 50, I 2 B B3R XoF
BERIPERR ST o HFE— 20X 3R 3 FIER 4 i 25 5
N TEM RN B R AR SO IR AR 2B RAE 5 B
TSRS 2 S g s, PEAE IR T R . WX
Xof LS 8 96 T A SCECHE B I OB, LR
B SCRY AT 45 oAb B AE 145 8] T4 . WnE 6
It 6 FAE YRR 22425 KA R TG 1% 15 1 9124 1Y)
i) 1, 26 3 AR BN B SO IS, R R A5 45 1 IE
MBS

SR, A SO 1 B BV B R X B R ANE &
B REAR TH AR BRI o — 7 IhT, B0CHie ) A 1 0
I Je SR A 5T ATl AL 5 1A 22 SCR RS B Sk B 7S

Product Research
Report [ ]
T a1 4 What is the heading? ]
ij [ CONFIDENTIAL (3 J&#i) }
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Fig. 6  This paper proposes a case study on the performance optimization of multimodal large models on document tasks
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