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What's on the menu Today ?

Analogy: School, DL
Common points: ViT, PhD
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Student
Engineering Student
PhD Student

Teacher
“Better than a thousand days of
diligent study is one day with a
great teacher” Japanese Proverb

Lessons
“Lessons in life will be repeated until
they are learned”
Frank Sonnenberg

Administration
“Bad admin, to be sure, can destroy
good policy; but good admin. can
never save bad policy”
Adlai Stevenson

VS DL

VAADER

IETR research team

Deep Learning Model

R X
Transformer

Loss
“Better than a thousand
epochs of training is few
epochs with a great Loss”

[

“DATA in batch will be repeated
until they are learned”

Optimizer
“Bad optimizer, to be sure, can destroy
good Training; but good optimizer can
never save bad Training”



School VS VfM\DEH

IETR research team

Epochs Years of study
Exams Supervised Learning
Projects Unsupervised Learning
Internships Fine-tuning
Student Community life Noisy Student Training
Gourp work GPU Parallelization training
TD: ok , test: not ok Overfitting

Is a PhD Student ?

('
A PhD Student has good academic results, has a A ViT Model has good performances, has a
< good spirit of critisim with innovative ideas and > < good robustness with generalisation ability and
reads more corses and papers. needs more data for efficient training.
. S
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> git pull -force DL

Loss
DRLOC

> git merge CNN

> apt-get install ViT-SMALL-DB

Optimizer
SAM

> apt-get update DL



toxe) ViITAE Model

VIiTAE: Vision Transformer Advanced by Exploring Intrinsic Inductive Bias [1]
VIiTAEV2: Vision Transformer Advanced by Exploring Inductive Bias for Image Recognition and Beyond [2]

: Lale of ntrinsic inductive Blas tn wwoleuwg
LocaL visual structures and dealing with scale
@ \/ana nee. :
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CNNs computes Local correlation among
weighbor pixel and use hievarchly structure
| to extract multi-scale features,
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[1] Xu, Y., Zhang, Q., Zhang, J., Tao, D., 2021. Vitae: Vision transformer advanced by exploring intrinsic inductive bias. CoRR abs/2106.03348.
[2] Zhang, Q., Xu, Y., Zhang, J., Tao, D., 2022. Vitaev2: Vision transformer advanced by exploring inductive bias for image recognition and beyond.

Code: https://github.com/Annbless/ViTAE
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ViTAE Model %<
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[1] Xu, Y., Zhang, Q., Zhang, J., Tao, D., 2021. Vitae: Vision transformer advanced by exploring intrinsic inductive bias. CoRR abs/2106.03348 @o :
[2] Zhang, Q., Xu, Y., Zhang, J., Tao, D., 2022. Vitaev2: Vision transformer advanced by exploring inductive bias for image recognition and beyond. @‘

Code: https://github.com/Annbless/ViTAE
| | 8




@@@ VIiTAE Model

O o
()
@-‘9 %030
: < Table 4 Generalization of VITAE and SOTA methods on different downstream image classification tasks.
/" ______________ '\.\ Model Params (M) | Cifarl0 Cifarl100 iNatl9 Cars Flowers Pets
. { E \ Grafit ResNet-50 [73] 25.6 - - 75.9 092.5 08.2 -
‘ By sca||ng up the VIiTAE to 644M ; EfficientNet-B5 [70] 30 98.1 91.1 - - 98.5 -
. 4 ViT-B/16 [22] 86.5 98.1 87.1 - - 89.5 93.8
pa rameters, they optam the state- ; ViT-L/16 [22] 304.3 97.9 86.4 - - 89.7 93.6
e ) ; . DeiT-B [72] 86.6 29.1 90.8 777 92.1 08.4 -
of-the-art classification : e T2T-ViT-14 [92] 21.5 98.3 88.4 - - - -
: o ViTAE-T 4.8 97.3 86.0 73.3 89.5 97.5 92.6
performance, i.e., 88.5% Top-1 : —Sn o ViTAE-S 23.6 98.8 90.8 76.0 914 978 942
o

ImageNet validation set and the
best 91.2% Top-1 classification
accuracy on ImageNet real
validation set, without using extra !
. private data. !

Input

classification accuracy on =
1
1

T2T-ViT

ViTAE

[2] Wen Y., Zhang K., Li Z., Qiao Y. (2016) A Discriminative Feature Learning Approach for Deep Face Recognition. In: Leibe B., Matas J., Sebe N., Welling M. (eds) Computer Vision —
o ECCV 2016. ECCV 2016.
; Code: https://github.com/KaiyangZhou/pytorch-center-loss
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https://github.com/KaiyangZhou/pytorch-center-loss

toxgs Loss DRLOC

Efficient Training of Visual Transformers with Small Datasets 3!

sample
the —> [MASK] —> --> the —> —> original
chef — chef —> G chef —» —> original
enerator e erimi <
coked —> 030 ) oy [-> st | PETIEREST oocs S S Sn o
the —» the —»| small MLM) the —>! > original ; j :
meal —» meal —> meal —>| —> original

Motivation 7
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NLP: "‘LECTRA 141

[3] Liu, Y., Sangineto, E., Bi, W., Sebe, N., Lepri, B., Nadai, M.D., 2021.Efficient training of visual transformers with small-size datasets. CORR abs/2106.03746.
[4] Clark, K., Luong, M.T,, Le, Q.V., Manning, C.D., 2020. ELECTRA: Pre-training text encoders as discriminators rather than generators, in: ICLR.

(o]
Ooe**

Code: https://github.com/yhlleo/VVTs-Drloc
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https://github.com/yhlleo/VTs-Drloc

oK) Loss DRLOC
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[3] Liu, Y., Sangineto, E., Bi, W., Sebe, N., Lepri, B., Nadai, M.D., 2021 .Efficient training of visual transformers with small-size datasets. CORR ébs/2106.03746.
[4] Clark, K., Luong, M.T., Le, Q.V., Manning, C.D., 2020. ELECTRA: Pre-training text encoders as discriminators rather than generators, in: ICLR.

Code: https://github.com/yhlleo/VTs-Drloc
| H B 11



https://github.com/yhlleo/VTs-Drloc

{oMo}
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Table 1: The size of the datasets used in our empirical analysis.

Loss DRLOC

Dataset Train size Test size Classes
AN 0 ImageNet-1K [48] 1,281,167 100,000 1000
)2 ¥ ImageNet-100 [52] 126,689 5,000 100
CIFAR-10 [31] 50,000 10,000 10
CIFAR-100 [31] 50,000 10,000 100
Oxford Flowers102 [41] 2,040 6,149 102
SVHN [40] 73.257 26.032 10
ClipArt 33,525 14,604
L3} Infograph 36,023 15,582
E Painting 50.416 21.850 345
g Quickdraw 120,750 51,750
8 Real 120,906 52,041
Sketch 48.212 20,916

Iy S R
P el ¥ s %%oo

QN

Table 4: Top-1 accuracy of VTs and ResNets, trained from scratch on different datasets (100 epochs).

[3] Liu, Y., Sangineto, E., Bi, W., Sebe, N., Lepri, B., Nadai, M.D., 2021.Efficient training of visual transformers with small-size datasets. CoRR .

abs/2106.03746.

[4] Clark, K., Luong, M.T., Le, Q.V., Manning, C.D., 2020. ELECTRA: Pre-training text encoders as discriminators rather than generators, in: ICLR.

Code: https://github.com/yhlleo/VTs-Drloc

o ol
= S = = 2
DR 2 £ g 2 3 =
< < s & < & £ F 9
= = & = = 2 = ‘5 3 2
&) &) 2 ”n &) = il o Y4 7
CvT-13 89.02 73.50 5429 91.47 6034 1939 5479 70.10 7633 56.98
CvT 90.30 74.51 56.29 95.36 60.64 20.05 5526 70.36 77.05 57.56
CVT‘ 1 3+£d'rlac
(+1.28) (+1.01) (+2.00) (+3.89) | (+0.30) (+0.67) (+0.47) (+0.26) (+0.68) (+0.58)
Swin-T 59.47 5328 34.51 71.60 38.05 820 3592 24.08 7347 11.97
Swin SWIn-T4+Loss1on 83.89 66.23 39.37 94.23 4747 10.16 41.86 69.41 75.59 38.55
(+24.42) (+12.95) (+4.86) (+22.63) | (+9.42) (+1.96) (+5.94) (+45.33) (+2.12) (+26.58)
T2T-ViT-14 84.19 65.16 31.73 9536  43.55 6.89 3424 69.83 73.93 31.51
2T o viT 14 Loy, 8756 68.03 3435 9649 5236 951 4278 70.16 74.63 51.95
(+3.37)  (+2.87) (+2.62) (+1.13) | (+8.81) (+2.62) (+8.54) (+0.33) (+0.70) (+20.44)
ResNet-50 91.78 72.80 46.92 96.45 63.73 19.81 5322 71.38 75.28 60.08
R o
esNet o Net-50+ Lo, | 9203 7294 4765 9653 6393 2079 5352 7157 7556 59.62
(+0.25)  (+0.14) (+0.73) (+0.08) | (+0.20) (+0.98) (+0.30) (+0.19) (+0.28) (-0.46)
EEEN 12



https://github.com/yhlleo/VTs-Drloc

2 Optimizer SAM

Sharpness-Aware Minimization for Efficiently Improving Generalization [°!
When Vision Transformers Outperform ResNets without Pre-training or Strong Data Augmentations (6! e -

o
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Figure 1: (left) Error rate reduction obtained by switching to SAM. Each point is a different dataset
/ model / data augmentation. (middle) A sharp minimum to which a ResNet trained with SGD
converged. (right) A wide minimum to which the same ResNet trained with SAM converged.

[5] Foret, P., Kleiner, A., Mobahi, H., Neyshabur, B., 2020. Sharpness-aware minimization for efficiently improving generalization. CoRR abs/20i0.01412.
[6] Chen, X., Hsieh, C., Gong, B., 2021. When vision transformers outperform resnets without pretraining or strong data augmentations. CoRR abs/2106.01548.

Code: https://github.com/google-research/sam
HEEEN 13
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[5] Foret, P., Kleiner, A., Mobahi, H., Neyshabur, B., 2020. Sharpness-aware minimization for efficiently improving generalization. CoRR abs/2010.01412.
[6] Chen, X., Hsieh, C., Gong, B., 2021. When vision transformers outperform resnets without pretraining or strong data augmentations. CoRR abs/2106.01548.

Code: https://github.com/google-research/sam
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Theorem 1: For any p > 0, with high probability i g et e T B S I R e :
i overtraining set S generated from distribution . g 2 88
220 ! 2 . o'-.. L= Sy ] o ekttt QeI L " } L Lo iy el s ] 1 1l
Oy & b= max Lo tey kel 7p), =0 )

U min LM (w) + A||lwl|3 , where |
where h: R — R, is a strictly increasing function i : LM (w) 2 max LS (w+e) |
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QD ;“ + Training loss + Regularizer | | of € and on the VngAM(w).
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[5] Foret, P., Kleiner, A., Mobahi, H., Neyshabur, B., 2020. Sharpness-aware minimization for efficiently improving generalization. CoRR abs/2010.01412. e °

[6] Chen, X., Hsieh, C., Gong, B., 2021. When vision transformers outperform resnets without pretraining or strong data augmentations. CoRR abs/2106.01548.

Code: https://github.com/google-research/sam
| | 15
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*  More accuracy with more epochs without overfitting,

*  More robust: with 0% Noise rate, 79,9% accuracy is obtained with SAM

tnstead of the 26,2% accuracy with SGp.

* VIT + SAM outperforms ResNet and ResNet + SAM on mageNet

= e e e e e e e e s e s e s e s e T M N e ko s e e s R R M ke s e s e mm s e s e f Mt M b e st e e ke o e =t e, L=t

Throughput

Model #params (imgfsecicore) ImageNet ReaL A ImageNet-R  ImageNet-C
ResNet
ResNet-50-SAM 25M 2161 76.7(+0.7) 831 (+0.7) 64.6(+1.0) | 233 (+L.1) 46.5 (+1.9)
ResNet-101-SAM 44M 1334 78.6 (+0.8)  84.8(+0.9) 66.7(+14) | 259(+1.5) 51.3(+2.8)
ResNet-152-SAM 60M 935 79.3(+0.8) 849 (+0.7) 673 (+1.0) | 25.7(+04) 52.2(+2.2)
ResNet-50x2-SAM 98M 891 79.6 (+1.5) 853 (+1.6) 675(+1.7) | 26.0(+2.9) 50.7 (+3.9)
ResNet-101x2-SAM 173M 519 809 (+24) 86.4(+24) 69.1(+2.8) | 27.8(+3.2) 54.0 (+4.7)
ResNet-152x2-SAM 236M 356 81.1 (+1.8) 864 (+1.9) 69.6(+2.3) | 28.1(+2.8) 55.0(+4.2)
Vision Transformer
ViT-5/32-SAM 23M 6888 705 (+2.1)  77.5(+2.3) 569 (+2.6) | 214 (+24) 46.2 (+2.9)
ViT-S/16-SAM 22M 2043 78.1(+3.7) 841 (+3.7) 65.6(+3.9) | 24.7(+4.7) 33.0 (+6.3)
ViT-5/14-SAM 22M 1234 78.8 (+4.0) 848 (+45) 672(+5.2) | 244(+4.7) 54.2 (+7.0)
ViT-S/8-SAM 22M 333 81.3(+5.3) 86.7(+55) 704 (+6.2) | 253 (+6.1) 55.6 (+8.5)
ViT-B/32-SAM 88M 2805 73.6 (+4.1) 803 (+5.1) 60.0(+47) | 24.0(+4.1) 50.7 (+6.7)
ViT-B/16-SAM 87M 863 79.9 (+5.3) 852 (+54) 675(+6.2) | 264 (+6.3) 56.5(+9.9)

& [5] Foret, P., Kleiner, A., Mobahi, H., Neyshabur, B., 2020. Sharpness-aware minimization for efficiently improving generalization. CoRR abs/2010.01412.

[6] Chen, X., Hsieh, C., Gong, B., 2021. When vision transformers outperform resnets without pretraining or strong data augmentations. CoRR abs/2106.01548.

Code: https:

//github.com/google-research/sam
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Data Aumentation

AugMix: A Simple Data Processing Method to Improve Robustness and Uncertainty [7]

- L i T T il A

gﬂ e C??." couple with this augmentation scheme a loss
e o T that enforces smoother neural network i
i & i responses. Since the semantic content of an |

we should like the model to embed xorig,

0 image is approximately preserved with AUGMIX,
QB xaugmix1, xaugmix2 similarly.

Xaugmix

P I T R I e e

L(porlg y) + A]S(porlg: Paugmix1; paugmlxz)

JS (porig; Paugmix1 paugmixz) = ,'
3 (KL{Dorig 1M1 + KL{paugmieslIM] + KLIPaugmisaIMD)

e

[7] Hendrycks*, D., Mu*, N., Cubuk, E.D., Zoph, B., Gilmer, J., Lakshmi-narayanan, B., 2020. Augmix: A simple method to improve robustness and uncertalnty under
data shift, in: International Conference on Learning Representations.

Code: https://github.com/google-research/augmix EEEE 17



Data Aumentation

AugMix: A Simple Data Processing Method to Improve Robustness and Uncertainty 7]

CIFAR-10-C Error of Various Methods

Standard Cutout Mixup CutMix AutoAugment* Adv Trainng AUGMIX

. (S:TandaErd AllConvNet | 308 329 246 313 29.2 28.1 150

canrer DenseNet 307 321 246 335 26.6 27.6 12.7

CIFAR-10-C WideResNet| 269 268 223 271 239 26.2 11.2

ResNeXt 2715 289 226 295 242 27.0 10.9

Mean 200 302 235 303 26.0 272 12.5

AllConvNet | 564 568 334 560 55.1 56.0 42.7

DenseNet 593 596 3554 592 539 55.2 39.6

— — — CIFAR-100-C WideResNet| 533 3535 504 3529 49.6 55.1 359

ResNeXt 534 546 514 51 51.3 544 349

Standard Cutout Mixup CutMix AutoAugment*  Adv. Training AugMix Mean 55.6 56.1 526 55.5 52.5 55.2 38.3
A S e ] QO
yo @o Cnoo @ocﬁ? &.‘ @9 ° CQB @o(ﬁ? &;

[7] Hendrycks*, D., Mu*, N., Cubuk, E.D., Zoph, B., Gilmer, J., Lakshmi-narayanan, B., 2020. Augmix: A simple method to improve robustness and uncertainty under

data shift, in: International Conference on Learning Representations.

Code: https://github.com/google-research/augmix BEEEREBE

18
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Data Aumentation

AugMix: A Simple Data Processing Method to Improve Robustness and Uncertainty 7]

Method CIFAR-10-C Error Rate  CIFAR-100-C Error Rate
b Standard 26.9 53.3
TR ~ AutoAugment* 239 496
bk &o =2, Random AutoAugment* 17.0 43.6
2290 & Random AutoAugment* + JSD Loss 14.7 40.8
f o AugmentAndMix (No JSD Loss) 13.1 39.8
& AUGMIX (Mixing + JSD Loss) 11.2 35.9

1%

. 9 .,@ CIFAR-10-C Error Rates for Each Corruption

o % 60

g Oo, 08 mm Standard

E AugMix
Standard
Clean Error
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° .
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[7] Hendrycks*, D., Mu*, N., Cubuk, E.D., Zoph, B., Gilmer, J., Lakshmi-narayanan, B., 2020. Augmix: A simple method to improve robustness and uncertainty under
data shift, in: International Conference on Learning Representations.

Code: https://github.com/google-research/augmix HEBEDB 19
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\ IS IT THE TIME TO LEARN FROM MACHINES HOW TO
i IMPROVE THE HUMAN EDUCATION SYSTEM?
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