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Intra-DoCo

frczciizize]
Jersiizeaz

. = wl = [ -

T S PR P

_ - x! '?rr«"n
- :

o MR PR P 12

N+1

ty trogm | pr.pm | pr.pm ?31’

3 30 | f3-T" [ I3 - 13 -t

. W | B2 |t Wt

?NH ; ?Im s f;::n f-;v-‘n .f’ﬁl

(a) Intra-DoCo
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Inter-DoCo
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Training Strategies: Pre-training
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(b) Fine-tuning Phase
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Method Resolution || OCRVQA  TextVQA| DocVQA InfoVQA ChartQA KLC |WTQ| TextCaps

MiniGPT-4% [43] 2242 11.5 18.7 3.0 13.3 43 - p .

mPLUG-Owl [40] 2242 28.6 40.2 6.9 16.5 9.5 - - -

Qwen-VL [2] 448* 75.7 63.8 65.1 - 65.7 . 5 -

Qwen-VL-Chat [2] 448> 70.5 61.5 62.6 - 66.3 - - -

mPLUG-DocOwl [38] - - 52.6 62.2 382 574 303 269 111.9

LLaVAR(336) [41] 3367 23.8 48.5 11.6 ’ . - . .

UReader [39] 2242 - 57.6 65.4 422 59.3 328 294 118.4

Qwen-VL-Chat' 448° 71.1 61.7 62.2 33.1 67.3 31.5 248 112.3

Qwen-VL-Chat'’ 4482 73.2 63.6 64.8 34.9 68.9 338 269 114.5

mPLUG-Owl' 448* 70.3 53.5 61.8 32.5 58.3 312 252 113.4

mPLUG-Owl'’ 448? 72.1 55.7 63.6 34.1 60.1 329 264 115.9

The models with “t" and “t1" denote pre-training with CLIP

and DoCo respectively, which are optimized with
the same datasets and experimental settings for a fair comparison.

Accuracy---—- /=R
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Method Resolution | OCRVQA  TextVQA |DocVQA  InfoVQA| ChartQA KLC WTQ  TextCaps

MiniGPT-4% [43] 2242 11.5 18.7 3.0 13.3 4.3 - = -

mPLUG-Owl} [40] 2242 28.6 40.2 6.9 16.5 9.5 - - -

Qwen-VL [2] 4482 75.7 63.8 65.1 - 65.7 = 5 -

Qwen-VL-Chat [2] 4482 70.5 61.5 62.6 - 66.3 - - -

mPLUG-DocOw] [38] - - 52.6 62.2 38.2 57.4 303 269 111.9

LLaVAR(336) [41] 336% 23.8 48.5 11.6 . . . = =

UReader [39] 2242 - 57.6 65.4 422 59.3 328 294 118.4

Qwen-VL-Chat' 4482 71.1 61.7 62.2 33.1 67.3 31.5 248 112.3

Qwen-VL-Chat'’ 448> 73.2 63.6 64.8 34.9 68.9 338 269 114.5

mPLUG-Owl' 448* 70.3 53.5 61.8 32.5 58.3 312 252 113.4

mPLUG-Owl'f 448 72.1 55.7 63.6 34.1 60.1 329 264 115.9

The models with “t" and “t1" denote pre-training with CLIP Average Normalized

and DoCo respectively, which are optimized with Levenshtein Similarity

the same datasets and experimental settings for a fair comparison. (ANLS)----133—14,

LevenshteintB{LIE
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Method Resolution | OCRVQA  TextVQA DocVQA  InfoVQA | ChartQAl KLC WTQ TextCaps

MiniGPT-4% [43] 2242 11.5 18.7 3.0 13.3 " 5 .

mPLUG-Owl [40] 2242 28.6 40.2 6.9 16.5 9.5 - - -

Qwen-VL [2] 448* 75.7 63.8 65.1 - 65.7 . 5 -

Qwen-VL-Chat [2] 4482 70.5 61.5 62.6 - 66.3 - - -

mPLUG-DocOwl [38] - - 52.6 62.2 382 574 303 269 111.9

LLaVAR(336) [41] 3367 23.8 48.5 11.6 ’ . - . .

UReader [39] 2242 - 57.6 65.4 422 59.3 328 294 118.4

Qwen-VL-Chat' 4482 71.1 61.7 62.2 33.1 67.3 31.5 248 112.3

Qwen-VL-Chat'’ 4482 73.2 63.6 64.8 34.9 68.9 338 269 114.5

mPLUG-Owl' 448* 70.3 53.5 61.8 32.5 58.3 312 252 113.4

mPLUG-Owl'’ 448? 72.1 55.7 63.6 34.1 60.1 329 264 115.9

The models with “t" and “t1" denote pre-training with CLIP
and DoCo respectively, which are optimized with
the same datasets and experimental settings for a fair comparison.

Relaxed Accuracy-
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Method Resolution | OCRVQA  TextVQA DocVQA InfoVQA  ChartQA |KLC| WTQ  TextCaps

MiniGPT-4% [43] 2242 11.5 18.7 3.0 13.3 4.3 . = -

mPLUG-Owl} [40] 2242 28.6 40.2 6.9 16.5 9.5 - - .

Qwen-VL [2] 4482 75.7 63.8 65.1 - 65.7 = 5 -

Qwen-VL-Chat [2] 4482 70.5 61.5 62.6 - 66.3 - - -

mPLUG-DocOw] [38] - - 52.6 62.2 38.2 57.4 303 269 111.9

LLaVAR(336) [41] 336% 23.8 48.5 11.6 . . . = =

UReader [39] 2242 - 57.6 65.4 422 59.3 328 294 118.4

Qwen-VL-Chat' 4482 71.1 61.7 62.2 33.1 67.3 31.5 248 112.3

Qwen-VL-Chat'’ 448> 73.2 63.6 64.8 34.9 68.9 338 269 114.5

mPLUG-Owl' 448* 70.3 53.5 61.8 32.5 58.3 312 252 113.4

mPLUG-Owl'f 448 72.1 55.7 63.6 34.1 60.1 329 264 115.9

The models with “t” and “tt” denote pre-training with CLIP F1-score----f&5HAZ (

and DoCo respectively, which are optimized with Precision) F1&[EIZR

the same datasets and experimental settings for a fair comparison. (Recall) BYIEFNF

)]
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Method Resolution | OCRVQA  TextVQA DocVQA InfoVQA  ChartQA KLC WTQ |TextCaps

MiniGPT-4% [43] 2242 11.5 18.7 3.0 13.3 4.3 . = -

mPLUG-Owl} [40] 2242 28.6 40.2 6.9 16.5 9.5 - - .

Qwen-VL [2] 4482 75.7 63.8 65.1 - 65.7 = 5 -

Qwen-VL-Chat [2] 4482 70.5 61.5 62.6 - 66.3 - - -

mPLUG-DocOw] [38] - - 52.6 62.2 38.2 57.4 303 269 111.9

LLaVAR(336) [41] 336% 23.8 48.5 11.6 . . . = =

UReader [39] 2242 - 57.6 65.4 422 59.3 328 294 118.4

Qwen-VL-Chat' 4482 71.1 61.7 62.2 33.1 67.3 31.5 248 112.3

Qwen-VL-Chat'’ 448> 73.2 63.6 64.8 34.9 68.9 338 269 114.5

mPLUG-Owl' 448* 70.3 53.5 61.8 32.5 58.3 312 252 113.4

mPLUG-Owl'f 448 72.1 55.7 63.6 34.1 60.1 329 264 115.9

The models with “t" and “t1" denote pre-training with CLIP Consensus-based

and DoCo respectively, which are optimized with Image Description

the same datasets and experimental settings for a fair comparison. Evaluation (CIDEr)---
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