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NEWS FEATURE 11 December 2024

The Al revolution is running out of
data. What canresearchers do?

Al developers are rapidly picking the Internet clean to train large language models such
as those behind ChatGPT. Here’s how they are trying to get around the problem.

The Data That Powers A.I Is
Disappearing Fast

New research from the Data Provenance Initiative has found a
dramatic drop in content made available to the collections used to
build artificial intelligence.

To drive Al efficiency, CFOs must
focus on its ‘fuel’;: OneTrust

As the AT age dawns, CFOs need to be sure they’re focusing on what actually makes
that technology tick — data, CFO Guido Torrini says.
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CIFAR10

RandAugment(100%)
Basic()

Mixup(100%)
KeepAugment(100%)
Cutmix(100%)
Color(0.1, 100%)
Color(0.2, 100%)
Color(0.3, 100%)
Color(0.4, 100%)
Color(0.5, 100%)
Color(0.6, 100%)
Color(0.7, 100%)
Brightness(0.1, 100%)
Brightness(0.2, 100%)
Brightness(0.3, 100%)
Brightness(0.4, 100%)
Brightness(0.5, 100%)
Brightness(0.6, 100%)
Brightness(0.7, 100%)
Contrast(0.1, 100%)
Contrast(0.2, 100%)
Contrast(0.4, 100%)
Posterize(3, 100%)
Posterize(4, 100%)
Posterize(5, 100%)
Posterize(6, 100%)
Posterize(7, 100%)
Sharpness(0.1, 100%)
Sharpness(0.2, 100%)
Sharpness(0.3, 100%)
Sharpness(0.4, 100%)
Sharpness(0.5, 100%)
Sharpness(0.6, 100%)
Sharpness(0.7, 100%)
Solarize(0, 100%)
Solarize(50, 100%)
Solarize(100, 100%)
Solarize(150, 100%)
Solarize(200, 100%)
Solarize(250, 100%)
Cutout(fixed, 4, 25%)
Cutout(fixed, 4, 50%)
Cutout(fixed, 4, 75%)
Cutout (fixed, 4, 100%)
Cutout (fixed, 16, 100%)
Cutout(fixed, 16, 25%)

Cutout(fixed, 16, 50%) | Rotate(variable, 60deg,
Cutout(fixed, 16, 75%) | PatchGaussian(fixed, 4
FlipLR(100%) PatchGaussian(fixed, 4
FlipLR(25%) PatchGaussian(fixed, 4
FlipLR(50%) PatchGaussian(fixed, 4
FlipUD(100%) PatchGaussian(fixed, 4,
FlipUD(25%) PatchGaussian(fixed, 4
FlipUD(50%) PatchGaussian(fixed, 8.
Basic()+GridMask(80%) | PatchG fixed, 8

Rotate(variable, 15deg,
Rotate(variable, 20deg,
Rotate(variable, 20deg,
Rotate(variable, 20deg,
Rotate(variable, 45deg,

50%)
100%)
50%)
75%)
50%)

Rotate(variable, 5deg, 75%)
Rotate(variable, Odeg, 100%)
Rotate(variable, Odeg, 50%)

Rotate(variable, 20deg,
Rotate(variable, 20deg,
Rotate(variable, 20deg,
Rotate(variable, 45deg,

100%)
50%)
75%)
100%)

Rotate(variable, 5deg, 100%)
Rotate(variable, 5deg, 50%)

Rotate(variable, 60deg,
ShearX (fixed,
ShearX(fixed,
ShearX (fixed,
ShearX (fixed,
ShearX (fixed,
ShearX (fixed,

0.1, 0%)

0.3, 0%)

0.1, 70%)
0.3, 100%)

0.3, 70%)

100%)

0.1, 100%)

ShearX(variable, 0.1, 100%)
ShearX(variable, 0.1, 0%)
ShearX(variable, 0.1, 70%)
ShearX(variable, 0.3, 100%)
ShearX(variable, 0.3, 0%)
ShearX(variable, 0.3, 70%)
Rotate(variable, 5deg, 10%)
Rotate(variable, 5deg, 20%)
Rotate(variable, 5deg, 30%)
Rotate(variable, 5deg, 40%)
Rotate(variable, 5deg, 50%)
Rotate(variable, 5deg, 60%)
Rotate(variable, 5deg, 70%)
Rotate(variable, 5deg, 80%)
Rotate(variable, 5deg, 90%)
Rotate(variable, 5deg, 100%)

Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,
Rotate(variable, 60deg,

10%)
20%)
30%)
40%)
50%)
60%)
0%)
80%)
90%)
100%)

. 0.1, 100%)
. 0.2, 100%)
. 0.3, 100%)
. 0.5, 100%)

0.8, 100%)

. 1.0, 100%)
, 0.1, 100%)
. 0.2, 100%)

PatchGaussian(fixed,
PatchGaussian(fixed,
PatchGaussian(fixed,
PatchGaussian(fixed,

PatchGaussian(fixed, 12,
PatchGaussian(fixed, 12,
PatchGaussian(fixed, 12,
PatchGaussian(fixed, 12,
PatchGaussian(fixed, 12,
PatchGaussian(fixed, 12,
PatchGaussian(fixed, 16,
PatchGaussian(fixed, 16,
PatchGaussian(fixed, 16,
PatchGaussian(fixed, 16,
PatchGaussian(fixed, 16,
PatchGaussian(fixed, 16,
PatchGaussian(fixed, 20,
PatchGaussian(fixed, 20,
PatchGaussian(fixed, 20,
PatchGaussian(fixed, 20,
PatchGaussian(fixed, 20,
PatchGaussian(fixed, 20,
PatchGaussian(fixed, 24,
PatchGaussian(fixed, 24,
PatchGaussian(fixed, 24,
PatchGaussian(fixed, 24,
PatchGaussian(fixed, 24,
PatchGaussian(fixed, 24,
PatchGaussian(fixed, 28,
PatchGaussian(fixed, 28,
PatchGaussian(fixed, 28,
PatchGaussian(fixed, 28,
PatchGaussian(fixed, 28,
PatchGaussian(fixed, 28,
PatchGaussian(fixed, 32,
PatchGaussian(fixed, 32,
PatchGaussian(fixed, 32,
PatchGaussian(fixed, 32,
PatchGaussian(fixed, 32,

0.2

0.8

0.1

0.2

0.8

0.3

1.0

0.5

0.1

0.3

8, 0.3, 100%)
8, 0.5, 100%)
8, 0.8, 100%)
8, 1.0, 100%)
0.1,

100%)

. 100%)
03,
0.5,

100%)
100%)

. 100%)
10,
. 100%)
0.2,
0.3,
0.5,
0.8,
10,
0.1,

100%)

100%)
100%)
100%)
100%)
100%)
100%)

. 100%)
03,
0.5,
, 100%)
10,
0.1,
0.2,

100%)
100%)

100%)
100%)
100%)

. 100%)
0.5,
038,
, 100%)
0.1,
0.2,
0.3,

100%)
100%)

100%)
100%)
100%)

, 100%)
0.8,
1.0,

100%)
100%)

, 100%)
0.2,
. 100%)
0.5,
038,

100%)

100%)
100%)

PatchGaussian(fixed, 32, 1.0, 100%)

Posterize(7, 100%)

Basic()+Brightness(0.4, 100%)
Basic()+randomerasing(0.8)

Basic()+has()
AutoAugment(100%)

Basic()+Brightness(0.1, 100%)
Basic()+Contrast(0.1, 100%)
Basic()+Solarize(50, 100%)
Basic()+Contrast(0.2, 100%)
Basic()+Posterize(1, 100%)

Basic()+Color(0.1,
Basic()+Color(0.2,
Basic()+Color(0.1,
Basic()+Color(0.2,
Basic()+Color(0.3,

10%)
10%)

100%)
100%)
100%)

Basic()+Color(0.4, 100%)
Basic()+Color(0.5, 100%)
Basic()+Color(0.6, 100%)
Basic()+Color(0.7, 100%)
Basic()+Brightness(0.2, 100%)
Basic()+Brightness(0.3, 100%)
Basic()+Brightness(0.5, 100%)
Basic()+Brightness(0.6, 100%)
Basic()+Brightness(0.7, 100%)
Basic()+Invert(100%)
Basic()+Contrast(0.3, 100%)
Basic()+Contrast(0.4, 100%)
Basic()+Contrast(0.5, 100%)
Basic()+Contrast(0.6, 100%)
Basic()+Contrast(0.7, 100%)
Basic()+Posterize(2, 100%)
Basic()+Posterize(3, 100%)
Basic()+Posterize(4, 100%)
Basic()+Posterize(5, 100%)
Basic()+Posterize(7, 100%)
Basic()+Sharpness(0.1, 100%)
Basic()+Sharpness(0.2, 100%)
Basic()+Sharpness(0.3, 100%)
Basic()+Sharpness(0.5, 100%)
Basic()+Sharpness(0.6, 100%)
Basic()+Sharpness(0.7, 100%)
Basic()+Solarize(0, 100%)
Basic()+Solarize(100, 100%)
Basic()+Solarize(150, 100%)
Basic()+Solarize(200, 100%)
Basic()+Solarize(250, 100%)
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,
Basic()+PatchGaussian(fixed,

ImageNet-1k

4, 0.1, 100%)
4, 0.3, 100%)
4,0.8, 100%)
8, 0.1, 100%)
8, 0.3, 100%)
8, 0.8, 100%)
12, 0.1, 100%)
12, 0.3, 100%)
12, 0.8, 100%)
16, 0.1, 100%)
16, 0.3, 100%)
16, 0.8, 100%)
20, 0.1, 100%)
20, 0.3, 100%)
20, 0.8, 100%)
24, 0.1, 100%)
24, 0.3, 100%)
24, 0.8, 100%)
28, 0.1, 100%)
28, 0.3, 100%)
28, 0.8, 100%)
32, 0.1, 100%)
32, 0.3, 100%)
32, 0.8, 100%)

Basic()

Color(0.1, 100%)

Color(0.2, 100%)

Color(0.3, 100%)

Color(0.4, 100%)

Color(0.5, 100%)

Color(0.6, 100%)

Color(0.7, 100%)

Brightness(0.2, 100%)
Brightness(0.3, 100%)
Brightness(0.4, 100%)
Brightness(0.5, 100%)
Brightness(0.6, 100%)
Brightness(0.7, 100%)

Contrast(0.1, 100%)

Contrast(0.2, 100%)

Contrast(0.3, 100%)

Contrast(0.4, 100%)

Contrast(0.5, 100%)

Contrast(0.6, 100%)

Contrast(0.7, 100%)

FlipUD(100%)

Invert(100%)

Sharpness(0.1, 100%)

Sharpness(0.2, 100%)

Sharpness(0.3, 100%)

Sharpness(0.4, 100%)

Sharpness(0.5, 100%)

Sharpness(0.6, 100%)

Sharpness(0.7, 100%)

Solarize(0, 100%)

Solarize(50, 100%)

Solarize(100, 100%)

Solarize(150, 100%)

Solarize(200, 100%)

Solarize(250, 100%)

Posterize(1, 100%)

Posterize(2, 100%)

Posterize(3, 100%)

Posterize(4, 100%)

Posterize(5, 100%)

Posterize(6, 100%)

Posterize(7, 100%)
PatchGaussian(fixed, 100, 0.2, 100%)
PatchGaussian(fixed, 100, 0.5, 100%)
PatchGaussian(fixed, 100, 0.8, 100%)
PatchGaussian(fixed, 100, 1.0, 100%)
PatchGaussian(fixed, 150, 0.2, 100%)

PatchGaussian(fixed, 150, 0.5, 100%)
PatchGaussian(fixed, 150, 0.8, 100%)
PatchGaussian(fixed, 150, 1.0, 100%)
PatchGaussian(fixed, 200, 0.2, 100%)
PatchGaussian(fixed, 200, 0.5, 100%)
PatchGaussian(fixed, 200, 0.8, 100%)
PatchGaussian(fixed, 200, 1.0, 100%)
PatchGaussian(fixed, 250, 0.2, 100%)
PatchGaussian(fixed, 250, 0.5, 100%)
PatchGaussian(fixed, 250, 0.8, 100%)
PatchGaussian(fixed, 250, 1.0, 100%)
PatchGaussian(fixed, 300, 0.2, 100%)
PatchGaussian(fixed, 300, 0.5, 100%)
PatchGaussian(fixed, 300, 0.8, 100%)
PatchGaussian(fixed, 300, 1.0, 100%)
PatchGaussian(fixed, 350, 0.5, 100%)
PatchGaussian(fixed, 350, 0.8, 100%)
PatchGaussian(fixed, 350, 1.0, 100%)
PatchGaussian(fixed, 400, 0.2, 100%)
PatchGaussian(fixed, 400, 0.5, 100%)
PatchGaussian(fixed, 400, 0.8, 100%)
PatchGaussian(fixed, 400, 1.0, 100%)
PatchGaussian(fixed, 100, 0.2, 100%)
PatchGaussian(fixed, 100, 0.5, 100%)
PatchGaussian(fixed, 100, 0.8, 100%)
PatchGaussian(fixed, 100, 1.0, 100%)
PatchGaussian(fixed, 100, 2.0, 100%)
PatchGaussian(fixed, 150, 0.2, 100%)
PatchGaussian(fixed, 150, 0.5, 100%)
PatchGaussian(fixed, 150, 0.8, 100%)
PatchGaussian(fixed, 150, 1.0, 100%)
PatchGaussian(fixed, 150, 2.0, 100%)
PatchGaussian(fixed, 200, 0.2, 100%)
PatchGaussian(fixed, 200, 0.5, 100%)
PatchGaussian(fixed, 200, 0.8, 100%)
PatchGaussian(fixed, 200, 1.0, 100%)
PatchGaussian(fixed, 200, 2.0, 100%)
PatchGaussian(fixed, 250, 0.2, 100%)
PatchGaussian(fixed, 250, 0.5, 100%)
PatchGaussian(fixed, 250, 0.8, 100%)
PatchGaussian(fixed, 250, 1.0, 100%)
PatchGaussian(fixed, 250, 2.0, 100%)
PatchGaussian(fixed, 300, 0.2, 100%)
PatchGaussian(fixed, 300, 0.5, 100%)
PatchGaussian(fixed, 300, 0.8, 100%)
PatchGaussian(fixed, 300, 1.0, 100%)
PatchGaussian(fixed, 300, 2.0, 100%)
PatchGaussian(fixed, 350, 0.2, 100%)

PatchGaussian(fixed, 350, 0.8, 100%)
PatchGaussian(fixed, 350, 1.0, 100%)
PatchGaussian(fixed, 350, 2.0, 100%)
PatchGaussian(fixed, 400, 0.2, 100%)
PatchGaussian(fixed, 400, 0.5, 100%)
PatchGaussian(fixed, 400, 0.8, 100%)
PatchGaussian(fixed, 400, 1.0, 100%)
PatchGaussian(fixed, 400, 2.0, 100%)
Equalize(100%)

Cutout(fixed, 120, 100%)
Cutout(fixed, 150, 100%)
Cutout(fixed, 180, 100%)
Cutout(fixed, 30, 100%)
Cutout(fixed, 60, 100%)
Cutout(fixed, 90, 100%)
Rotate(variable, Odeg, 100%)
FullGaussian(0.1, 100%)
FullGaussian(0.2, 100%)
FullGaussian(0.3, 100%)
FullGaussian(0.5, 100%)
FullGaussian(0.8, 100%)
FullGaussian(1.0, 100%)
TranslateX(70, 100%)
TranslateX (40, 100%)
TranslateX(90, 100%)
TranslateX(60, 100%)
Rotate(variable, 25deg, 100%)
TranslateX(80, 100%)
Rotate(variable, 15deg, 100%)
RandomErasing(fixed, 180, 100%)
RandomErasing(fixed, 90, 100%)
AutoContrast(100%)

TranslateX(10, 100%)
Rotate(variable, Odeg, 100%)
TranslateX(50, 100%)
Rotate(variable, 5deg, 100%)
TranslateX(20, 100%)
Rotate(variable, 10deg, 100%)
RandomErasing(fixed, 30, 100%)
Rotate(variable, 20deg, 100%)
TranslateX (30, 100%)
RandomErasing(fixed, 60, 100%)
Rotate(variable, 30deg, 100%)
RandomErasing(fixed, 150, 100%)
RandomErasing(fixed, 120, 100%)
Mixup()

Cutmix()
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Operation 1

Operation 2

Sub-policy 0
Sub-policy 1
Sub-policy 2
Sub-policy 3
Sub-policy 4
Sub-policy 5
Sub-policy 6
Sub-policy 7
Sub-policy 8
Sub-policy 9
Sub-policy 10
Sub-policy 11
Sub-policy 12
Sub-policy 13
Sub-policy 14
Sub-policy 15
Sub-policy 16
Sub-policy 17
Sub-policy 18
Sub-policy 19
Sub-policy 20
Sub-policy 21
Sub-policy 22
Sub-policy 23

(Posterize,0.4,8)
(Solarize,0.6,5)
(Equalize,0.8,8)
(Posterize,0.6,7)
(Equalize,0.4,7)
(Equalize,0.4,4)
(Solarize,0.6,3)
(Posterize,0.8,5)
(Rotate,0.2,3)
(Equalize,0.6,8)
(Rotate,0.8,8)
(Rotate,0.4,9)
(Equalize,0.0,7)
(Invert,0.6,4)
(Color,0.6,4)
(Rotate,0.8,8)
(Color,0.8,8)
(Sharpness,0.4,7)
(ShearX,0.6,5)
(Color,0.4,0)
(Equalize,0.4,7)
(Solarize,0.6,5)
(Invert,0.6,4)
(Color,0.6,4)

(Rotate,0.6,9)
(AutoContrast,0.6,5)
(Equalize,0.6,3)
(Posterize,0.6,6)
(Solarize,0.2,4)
(Rotate,0.8,8)
(Equalize,0.6,7)
(Equalize,1.0,2)
(Solarize,0.6,8)
(Posterize,0.4,6)
(Color,0.4,0)
(Equalize,0.6,2)
(Equalize,0.8,8)
(Equalize,1.0,8)
(Contrast,1.0,8)
(Color,1.0,2)
(Solarize,0.8,7)
(Invert,0.6,8)
(Equalize,1.0,9)
(Equalize,0.6,3)
(Solarize,0.2,4)
(AutoContrast,0.6,5)
(Equalize,1.0,8)
(Contrast,1.0,8)

Table 10: AutoAugment policy found on reduced ImageNet.
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identity - -
auto contrast -

equalize - -
color 1.9 -
contrast 1.9 -
brightness 1.9 -
sharpness 1.9 -
rotation 30° +
translate, 10 +
translatey 10 +
shear, 0.3 +
sheary 0.3 +
solarize 256 -
posterize 4 -
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QO¥BRIEDZE(FS: CIFAR-10/100, Tiny-ImageNet, ImageNet-1k
QKRS ZE(ESS: ImageNet-LT, Places-LT
QKB DZE(FS: Oxford Flowers, Oxford-IIIT Pets, FGVC-

Aircrafts, Stanford Cars

LT E HaS. Fast-AutoAugment (FAA)., DADA, Cutout, CutMix. MADAug.
AdvMask, GridMask, AutoAugment, RandAugment, TeachAugment,

TrivialAugment # RandomErasing.
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EL2N 48.30+2.95 48.75+165 49.01+131 57.23+1.08 | 59.61+000 60.38+004 61.16+047 62.22+0.23
GraNd 50.79+126 46.84+138 54.73+049 57.23+1.08 | 59.62+002 60.84+0.09 61.10+0.05 62.22+0.23
MoSo 50.47+1.01 50.12+083 50.07+043 57.23+1.08 | 59.27+033 59.86+007 60.00+037 62.22+0.23
Herding 48.59+007 45.77+0.12 50.77+124 57.23+1.08 | 59.00+028 60.03+035 61.15+0.12 62.22+0.23
Glister 48.74+229 50.05+0.02 49.42+181 57.23+1.08 | 59.98+0.01 60.62+034 61.28+0.18 62.22+0.23
CG-Score 48.73+2.70 48.49+188 49.62+1.08 57.23+1.08 | 59.74+0.15 60.55+020 61.14+0.11 62.22+0.23
Self-sup. prototypes | 48.38+1.38 49.98+1.49 54.71+084 57.23+1.08 | 59.56+003 60.22+0.12 60.911+029 62.22+0.23
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Ours 53.40+320 52.25+058 56.34+293 57.23+1.08 | 60.12+0.06 60.93+0.03 61.59+0.03 62.22+0.23
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IRAEInSA

AR HFiXEir ERIEIE FELSSES
S
v CIFAR-100 (5325 75) | Tiny-ImageNet (P22 ) g 7 LE A3
JIi5 | S FE L) 20% 30% 20% 30% 20%  30%
Random 34.47+064 43.26+121 | 17.78+0.44 23.88+0.42 20.80 19.83
MoSo 31.01+067 43.73+0.14 | 21.55+037 27.80+0.16 7.78 8.82
Moderate-DS 40.25+0.12  48.53+1.60 | 19.64+0.40 24.96+0.30 0.30 0.31
Glister 28.51+146 43.16+131 | 21.61+0.19 25.45+0.23 21.21 21.95
Herding 42.29+1.75  50.52+338 | 18.98+0.44 24.23+0.29 35.00 30.56
Forgetting 36.53+1.11  45.78+1.04 | 13.20+0.38 21.79+0.43 23.00 21.76
GraNd 31.72+067 42.80+030 | 18.28+0.32 23.72+0.18 500 5.14
EL2N 29.82+1.19  33.62+235 | 13.93+0.69 18.57+0.31 22.00 21.80
Self-sup. prototypes | 31.08+0.78 41.87+0.63 | 15.10+0.73 21.01+036 21.70 20.21
CG-Score 6.82+160  20.07+0.45 8.35+0.65 15.31+0.90 45.09 39.69
Ours 46.05+021 58.34+0.36 | 26.09+0.12 33.13+0.25 0.25 0.32
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v ZTEXI RIS SCRSR :
Suorong Yang, Peng Ye, Wanli Ouyang, Dongzhan Zhou, & Furao

Shen, A CLIP-Powered Framework for Robust and Generalizable Data
Selection. ICLR 2025.
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Suorong Yang, Peng Ye, Furao Shen, Dongzhan Zhou, When
Dynamic Data Selection Meets Data Augmentation: Achieving
Enhanced Training Acceleration. ICML 2025.
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B E =

7 iEigit

EWEIE FEEE

T

Dataset CIFAR-10 CIFAR-100 Tiny-ImageNet
Whole Dataset 95.6 78.2 45.0
Selection Ratio (%) 30 50 70 | 30 50 70 | 30 50 70
Random 90.2 923 939|697 721 738|298 372 422
Herding!®”! 80.1 880 922|696 71.8 73.1|294 316 398
EL2NB3 91.6 950 952|695 721 7721266 37.1 44.0
GraNdP?! 912 946 953|688 714 746|297 363 432
Glister!®Z] 90.9 940 952|704 732 76.6|30.1 39.5 439
Forgetting*! 91.7 94.1 947|699 73.1 753|287 33.0 412
Moderate-DS!*2) 91.5 941 952|702 734 773|306 382 428
Self-sup. prototypes’!! | 91.0 94.0 952 | 700 71.7 76.8 | 277 379 434
MoSo!?! 91.1 942 953 (709 736 775|312 385 434
ppbl 90.8 938 949 | - 731 772 | - - -
Random* 93.0 945 948 | 744 753 773|415 428 43.1
UCBR 939 947 953 | - 753 773 | - . -
e-Greedy™" 941 949 952 | - 748 764 | - - -
InfoBatch?*! 947 95.1 956|765 781 782|422 432 438
Ours 949 955 96.0 | 77.6 789 79.5 | 449 47.0 494

D AET{ESHE thbaselineXIt
B RENFMBERETRISRE
iR LM FEMEEE

@ REIERIMRE
AJLAREIHELIRESEE, HINE
Tiny—ImageNet_t 52 FH30%HA9)I1£5pk
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b g o Noisy | Corrupted
TR 1 IEFELEH (%) 530 T30 30
Random 17.8 23.9/20.0 25.9
Herding 19.0 24.2|35.0 30.6
Moderate-DS 19.6 25.0(23.3 29.1
EL2N 13.9 18.6(18.6 244
GraNd 18.3 23.7(20.0 26.7
Forgetting 13.2 21.8|18.5 25.5
Self-sup. prototypes | 15.1 21.0(20.2 26.9
CG-Score 8.4 153|164 244
Glister 21.6 25.5(21.2 22.0
MoSo 74 11.3]23.1 28.8
Random* 33.8 36.5(35.1 36.9
InfoBatch 349 37.1|35.1 38.1
Ours 35.9 39.6/39.1 42.0

VIiTZRHE FRIZIC LS

S, (%)

o

ViT-B
ViT-L
Swin-T

82.6 829 832 832 833
85.2 853 85.6 85.7 85.7
84.2 842 843

82.5
84.6
84.2

D AET{ESH baselineXJLl
FlEEDE THISEEEEMFHMEE

Q) AETVEEVITERHIEEIZEM T, REBUEEnY)400E
fZViT-BLH&65h, ViT-LEFH&A160h, Swin-TLEHE

60hBYGPUFEH
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mins FRISEESEIE

VIiTZRHE FRIZIC LS

Bl Baseline
s Ours

350 A

S(%) | 50 60 70 80 90 | &%
ViT-B | 82.6 829 832 832 833 825

300 -

Savings:

5 250 VIT.L | 852 853 856 857 85.7 | 84.6
& 200 Swin-T | 84.1 84.1 842 842 843 | 84.2
S 150 e | ——

65h Savings:

60h

Q) AET{E5HtbaselinedIEL
ViT-B VIT-L Swin-T T:E %%Tm E IE&%%?E{E%IE
MoSo 74 1131231 288 | oy e T VTR AR T, B G
Random* 33.8 36.5(35.1 36.9 & | = XXHY LS

InfoBatch  |34.9 37.1(35.1 38.1 fEViT-BLPH#&65h, ViT-LETH#160h, Swin-TLT
Ours 35.9 39.6(39.1 42.0
H60hAIGPUFH
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v ZITEXI RIS SRR SR :
Suorong Yang, Peng Ye, Furao Shen, & Dongzhan Zhou, When Dynamic

Data Selection Meets Data Augmentation: Achieving Enhanced Training

Acceleration. ICML 2025.
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Suorong Yang, Hongchao Yang, Suhan Guo, Furao Shen, & Jian Zhao (2025). IPF-RDA: An Information-
Preserving Framework for Robust Data Augmentation. IEEE Transactions on Pattern Analysis and Machine

Intelligence (TPAMI, CCF-AHAF, SCI QI Top).

Suorong Yang, Peijia Li, Furao Shen, & Jian Zhao, AdaAugment: A Tuning-Free and Adaptive Approach to

Enhance Data Augmentation. IEEE Transactions on Image Processing (TIP, CCF-A BRI, SCI QI Top).

. Suorong Yang, Peng Ye, Wanli Ouyang, Dongzhan Zhou, & Furao Shen, A CLIP-Powered Framework for

Robust and Generalizable Data Selection. (ICLR 2025, Spotlight top 5%)

Suorong Yang, Peng Ye, Furao Shen, & Dongzhan Zhou, When Dynamic Data Selection Meets Data
Augmentation: Achieving Enhanced Training Acceleration. (ICML 2025, CCF-AZ=1Y)

Suorong Yang, Peijia Li, Furao Shen, & Jian Zhao, RL-Selector: Reinforcement Learning-Guided Data

Selection via Redundancy Assessment. (ICCV 2025, CCF-A£iY)
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6. Suorong Yang, Furao Shen, & Jian Zhao, EntAugment: Entropy-Driven Adaptive Data Augmentation Framework for
Enhancing Generalization in Image Classification. (ECCV 2024, CCF-B&i¥)

7. Suorong Yang, Jingiao Li, Tianyue Zhang, Jian Zhao, & Furao Shen (2023). AdvMask: A sparse adversarial attack-
based data augmentation method for image classification. Pattern Recognition (CCF-BHAF!, SCI QI Top )

8. Suorong Yang, Suhan Guo, Furao Shen, & Jian Zhao, Investigating the Effectiveness of Data Augmentation from
Similarity and Diversity: An Empirical Study. Pattern Recognition (CCF-BEAFI, SCI Q1 Top )

10. Suorong Yang, Tianyue Zhang, Zhiming Xu, Leijia L1, Baile Xu, Furao Shen, & Jian Zhao, Supervised Contrastive
Learning with Prototype Distillation for Data Incremental Learning. Neural Networks (CCF-BHBF!, SCI Q1)

11. Suorong Yang, Hongchao Yang, Jian Zhao, & Furao Shen, Image data augmentation for deep learning: A survey.

Journal of Software. (CCF-AHAFI)
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