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Bag of Tricks for Image Classification




 J|E0]| Cifet =F0i|lM H[oHEl HZHSS el O|0|X| 27 de2 SSAIZLICE
. AtASEEZI(trick)S MAS| DO AFRSIH 2 S SFANS 0|20

Model FLOPs | top-1 | top-5

ResNet-50 [9] 39G 75.3 02.2
ResNeXt-50 [27] 42 G 77.8 -

SE-ResNet-50 [12] 39G 76.71 | 93.38
SE-ResNeXt-50 [12] 43 G 78.90 | 94.51
DenseNet-201 [13] 43 G 77.42 | 93.66

ResNet-50 + tricks (ours) | 4.3 G M gFsl

[Table] Computational costs and validation accuracy of various models.

Bag of Tricks for Image Classification with Convolutional Neural Networks (CVPR 2019)




2dix{ 0l 0|O|X| 2& R Q| sk AR} (Baseline Training Procedure)

[ C[O|E{ MX{2|(data preprocessing) 21’4 ] Algorithm 1 Train a neural network with mini-batch
» _ stochastic gradient descent.
1. O|OX|ZE =212t float-32=2 C|ZE(decoding) ST
initialize(net)
2. O|O|X| L{OIIA ZHEISIH ZIALZIS @S &BHY  forepoch = 1,..., K do
_ for batch =1, ..., #images/b do
(cropping randomly) 224 X 224 37| HHE ges/

images <— uniformly random sample b images

3. 50% =HEZ 2L 9P (flipping horizontally) 4—[ X,y < preprocess(images)
z < forward(net, X))

4. MZE(hue), M (saturation), 817|(brightness) ¢ < loss(z, y)
2 BHTisEH| H grad <— backward(/)
update(net, grad)
5. PCA L0|X=(noise) =7} end for
end for

6. U= HH=2Hinput normalization)

» It A| 256 X 25602 FJ| HH & F219]| 224 X 224 YA S &2t HASIE TIsHBIL|CY.




H|O| A2l BEo| 7S

« 8702 Nvidia V100 GPULt Xavier X7 |2 &112|S AFESHL, HIX| 22|= 2562 2 ATt |Ct.
« & 120 epochs: 30, 60, 90H™ epoch0i|M Sh5E(learning rate)2 104 LisL LY.

« |ISLVRC2012 4|O|E{All (ImageNet) Model Baseline Reference
0de Top-1 | Top-5 | Top-1 | Top-5
ResNet-50 [9] 75.87 | 92.70 | 75.3 92.2

Inception-V3 [26] | 77.32 | 93.43 | 78.8 94.4
MobileNet [ 1] 69.03 | 88.71 | 70.6 -

« ResNetZf MobileNet2| PyTorch 43 MX{2| ZE Of|A| (InceptionNetd|A|= O|O|X| 22[7} 299 X 299)

preprocess = transforms.Compose( |

transforms.Resize(256),

transforms.CenterCrop(224),

transforms.ToTensor(),

transforms.Normalize(mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]),
1)




« ResNetO|M= £t E&(residual block)= 0|84 W ER 22| £|™2Hoptimization) 0| =& SEL|CL

« M2 LIS mapping?l H(x)& ZHt=Z et55te A2 OHREE Tl F(x) = H(x) -x& S5 L|C

< Plain layers > < Residual block >

X X
‘ weight layer ‘ ‘ weight layer ‘

l relu F(x) l relu x identity
‘ weight layer ‘ ‘ weight layer ‘ ObA] BHAE| B K

| _
H(x) F(x)+x 694

1 relu relu
v

Deep Residual Learning for Image Recognition (CVPR 2016)




- BiX] Frete| & T 2 Cat 25U,

- O OL—

@ &h& £ X (training speed)2 2| & 4~ QUSL|CH.
@ 215 X| £7|2Hweight initialization)0f| C{et PIZE=E ZEAA[ZIL(CE
® R ol ebtsH(reqgularization) 247t U&L|CE

Input Layer BN Layer Hidden Layer Output Layer
v B

Y2 B*

\ 4

y3, B3

\ 4

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift (PMLR 2015)




H A X| Al . HiX| " H=2l(Batch Normalization)

« 2U&E(Input) 1 m
« A mini-batch: Batch = {x{, x5, ..., X} | HBatch < EE Xi fiis
i=1
« Parameters to be learned: y, S
« Z3H(Output 1 -
==(Output) O-}E%atch < EZ(xi — .uBatch)2 /] =1t
* {yi = BN, g(x)} i=1

Xi — UBatch

Xi ¢ J /] et

2
O-Batch T €

IS}
2
10
0
o
Ras
r1°
|'|_|O
o
>
gt
all
\
1o

Vi < ¥Xi + 5 = BNy p(x;)




21 2}|0[01Z Tr=o| N(O, 1) = =t H|d™H(non-linear) E-dst 2| FHFHO| HaT + AFLI.

« Sigmoid 2t o|A|

8 N Q12 CI0|E{7} N(O, 1)2 HTstE|oz oig
of @lEol| LS} T Mex o= %&%*thr.

O
O

¥

Sret 0|20 AEot= ZD0Hy)2t HIEHE)=

/ non-linearityE SX|& = U= sliFL|C.
. )
6 -4 -2 0 2 4 6 Vi < VX + [ = BN, g(x;)
v
AE=ol 22t
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Large Batch Training: €& mot2tolg| A%X

- UHIM O Z Tt0| E=(residual block)Q| SIE20]= HHX| HASPPt AFR EIL|CE.
S 1 o

{7SIOlALS YR O R Y9t B2 1300 2 £ 7|BHEHLICH
xtet [ y & 002 A7|318104 Kkt 814 LHO| £5 £101| BHS & Q&L

ldentity mapping

X
X -{ Conv p—+{ BN }p—{ RelLU }p—{ Conv p}—{ BN RELU

Yi < vX +f = BNy p(x;)

O 2 AFEE|= weight decaye 33 &

rin
ot
|
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= ofef0|Efof] HEELIC.
-+ 2% ==0| M= biasOfl tiSt0] weight decayE HESHA| pi= S FTELIL.

T - Hd




H{ZA X[~ Low-Precision Training

. QHIXO

20 0 2 2 | ER 3 (neural network)=

= 0 el el =
- Nvidia V1002 FP320i| Ci5ICY 14 TFLOPS, FP160]| i8] 100 TFLOPS O|Ate| M52 M| 23t |Ct
.+ AIX|Z V1008 M= AL FP322 FP162 2 HILE 2O 2 St 20t 2~3HY tapal &

F16 _(

32-Dbit floating point %
dofe o e FUEo| 2P aRHOR XYL

S = (precision)E AfEErLLY.

U LI

4

Mixed Precision Training (ICLR 2018)

Master-Weights (F32) i»{Weight Update

B

F32

4

. .- . _ Weights ——>
[Mixed precision training (ICLR 2018)] floathalf BN Tl FWD S Activations
Activations —>Q )
* FP328 FP162E Hetoh F0f =TI 5! A} i -
E FP16 XA2YO 2 =listL|C} 715 X| YH|O|E Activation Grad <=2 BWD-Actv [ e BN
—— T oH -7IS 2 - — L Je—Activation Grad
2I8H CHA| FP322 BHZbelLCY, - .
. Weight Grad  F16 BWD-Weicht «—— Activations
FPBZEl' *"Q“iﬁ% [EHEE O|EI|I| _E_'IEI' Z,"%"OHH -|Qr L . )&Activation Grad
ARSHAL O £2 452 2% =+ UsLCL y

> Updated Master-Weights
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Baseline: ResNet-50 with FP32 (BS = 256)
Efficient: ResNet-50 with FP16 (BS = 1,024)

FP16E 0|2l LYt HALES ML}

UGLILE HE0] ot £5 iR

Heuristic BS=256 BS=1024
Top-1 | Top-5 | Top-1 | Top-5
Linear scaling 75.17 | 92.54
= + LR warmup 76.03 | 92.81 | 75.93 | 92.84
+ Zero vy 76.19 | 93.03 | 76.37 | 92.96
+ No bias decay | 76.16 | 92.97 | 76.03 | 92.86
+ FP16 76.15 | 93.09

Model Efficient Baseline
Time/epoch | Top-1 | Top-5 | Time/epoch | Top-1 | Top-5
ResNet-50 4.4 min 13.3 min
Inception-V3 | 8 min 77.50 | 93.60 | 19.8 min 77.32 | 93.43
MobileNet 3.7 min 71.90 | 90.47 | 6.2 min 69.03 | 88.71

[Table] Comparison of the training time and validation accuracy for ResNet-50 between the

baseline (BS=256 with FP32) and a more hardware efficient setting (BS=1024 with FP16).
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Model Tweaks: ResNet Architecture

Output Output

Output
» ResNet-50 Ot7[E|X|= Lt ot Z5L L f S S
| |
. ZE 4H9| stage?} TEHEILICEH Output | | Resicual || (+)
) | |
IT o U= | |
) jl- Stage(}”kl l:l- AEI]IEEC_)IE x'_l%licl)dl-l—ll:l-' Stage 4 -——->: Residual :
I x1,
« J|2(default) stride size= 1&IL|LC}. ! l
|
o . 9 Conv Conv
+ ResNetoli= kSt variantot RlesLIc :
Stage 2 Conv
3} 1x1, 512, s=2
Stage 1 | A
) : :
| , | Input
|
Input stem --—->: 1 i
T : Conv :
I | 7x7, 64, s= |
Input l\ .t ]
Input




Model Tweaks: ResNet Tweaks

[CHH| X © 2 ResNet O} |ElX

+ ResNet-C: input stem 2%

HE

]

 ResNet-B: downsampling block E44

« ResNet-D: downsampling block 812

Model #params | FLOPs | Top-1 | Top-5
ResNet-50 25M 388G | 76.21 | 9297
ResNet-50-B 25M 41G | 76.66 | 93.28
ResNet-50-C 25M 43G | 76.87 | 93.48
ResNet-50-D 25M 43G | 77.16 | 93.52
[Table] ResNet OPZ|EHI{E =M HHHEI0]
HIHC R o= SIAIZE = USLIE

. Hio4 L]

L- O L—

HH-J
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(Efficient training At2)

Output

T

MaxPool
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Training Refinements @ Cosine Learning Rate Decay

>

3 0.4 — Cosine Decay o 0.8
c 0.3 - Step Decay S5 0.6
202 £ 04
- — .
5 O 5 9 ~stepDecay |
—1 0.0 — 0.0

0 0 20 40 60 80 100 120

n. Learning rate

1 tmw
T: Total number of batches Nt = 5 (1 + COS (-)) n
t: Each batch




Training Refinements @ Label Smoothing

« YHt3l(generalization) &2 =0|7| /6 2|0|&(label)2 smoothing2fL|LC}.
o HMEH 0|20 CHSHA T 100% 28| 2t&5 S {5HX| i L LY.

11— it ¢ =y,
= e/(K —1) otherwise,
Cat Dog Frog
image 1 0.90 0.05 0.05
image 2 0.90 0.05 0.05
image 3 0.05 0.90 0.05
image 4 0.05 0.05 0.90

[Table] label smoothing Gf|A| (¢ = 0.1)



Training Refinements @ Knowledge Distillation

« XA ZF(knowledge distillation) &2 AL TL|Ct. (z= student, r& teacher, p= real distribution)

{(p, softmax(z)) + T%¢(softmax (r /T, softmax(z/T))

0.02
i o5 Probability Vector Predictions F(X)

DNN F trained at temperature T

! T T

Initial Network

Training Labels Y

(=N =1 =]

Distilling the Knowledge in a Neural Network (NIPS 2014)

Class
Probabilities
Knowledge

0.03

°%:  Probability Vector Predictions F%(X)

0.03

i DNN F*(X) trained at temperature T

T T

0.02
.Training Data X 052 Training Labels F(X) |
0.02

—e e e e e o o o e e o e e e — e — — — —

Distilled Network

Distillation as a Defense to Adversarial Perturbations against Deep Neural Networks (S&P 2016)



Training Refinements @ Mixup Training

+ SES Tl m FHESHA F oSl ME (x;, y) 2t (x), ;) E &0 (£, 9)E THS0] 501 AR RILICE

[1,0]

A € [0,1]= Beta(a, a)O|A =ETL|LCE,

lambda = 0.5

P
]

[0, 1]

https://medium.com/@wolframalphav1.0




Training Refinements Az} A

Refinements

+ cosine decay

+ label smoothing
+ distill w/o mixup
+ mixup w/o distill
+ distill w/ mixup

Inception-V3 MobileNet
Top-1 | Top-5 | Top-1 | Top-5 | Top-1 | Top-5
77:16 | 98.52 | 77.50 | 9360 | 7190 | 9053
7791 | 93.81 | 78.19 | 94.06 | 72.83 | 91.00
78.31 | 94.09 | 78.40 | 94.13 | 72.93 | 91.14
78.67 | 94.36 | 78.26 | 94.01 | 71.97 | 90.89
79.15 | 94.58 | 78.77 | 94.39 | 73.28 | 91.30
79.29 | 94.63 | 78.34 | 94.16 | 72.51 | 91.02

Model

Val Top-1 Acc | Val Top-5 Acc | Test Top-1 Acc
ResNet-50-D Efficient 56.34 86.87 57.18 87.28

ResNet-50-D Best 56.70 87.33 57.63 87.82
[Table] Results on both the validation set and the test set of MIT Places 365 dataset.

Test Top-5 Acc

L4l



Transfer Learning: Object Detection

|--I

OolH
= -

21 0|0|X| EeflA 25 &Y LN object detectionHME He 4
Refinement Top-1 | mAP
B-standard 76.14 | 77.54
D-efficient 77.16 | 78.30
+ cosine 7791 | 79.23
+ smooth 78.34 | 80.71
+ distill w/o mixup | 78.67 | 80.96
+ mixup w/o distill | 79.16 | 81.10
+ distill w/ mixup | 79.29 | 81.33

=]
=

[Table] Faster-RCNN performance with various pretrained
base networks evaluated on Pascal VOC.
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