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Introduction Method Experiments
* Deep neural networks are easily suffering from Algorithm I Gradient Augmentation (GradAug) ' ol _— Accuracy
over-fitting. Popular regularization methOdS include fll;?\:é-rkN\sit(\iﬁr}};\ﬁit[;o??énﬁg image img. Random transformation 7". Number of sub-networks n. Sub- _ Top-1 (%) Top-5 (%)
i i i > Train full-network. ResNet-50 [2] 41G 76.32 92.95
da_ta augmentation and structure regqlarlzatlon. B0 e s icthenl S .
* Mixed sam p le data au g mentation ( M S DA) Compute loss, lossy = criterion(output, target) S Eebie:gg i gut‘_“:)tlll](()j[lgj i} g _7’;[1); gigg
i H : Regularize sub-networks. = esNet- ropbloc : L .
methods, such as Mixup and CutMix, achieve ;’.orj%;ig;;;?n)“gow g . ResNet-50 + Mixup [12] 411G 77.9 93.9
SOTA results. But they are hard to generalize to Sample a sub-network, subnet; = Sample(Net, ) ®  ResNet-50 + CutMix [13] 4.1G 78.60 94.08
. . Fix BN layer’s mean and variance, subnet;.track_running_stats — False e
downstream tasks such as ObJeCt detection and Fg;ward pyass :Jvlith transfo\;mled itmagg?és,n;utpzrl,::: :ZZ::ZQ(]TQL(?r:g)) o ..o_. ResNet-50 + StochDepth [15] 416G 71.53 93.73
segmentation Compute loss with soft labels, loss; = criterion(output;, outputs) é’ ResNet-50 + Droppath [16] 41G 77.10 93.50
g ' end for ® ResNet-50 + ShakeDrop [22] 41G 1.5 -
° I i . . = ” ; (<]
Structure regularization methods, s_uch as Dropout SEEEEEZ Lg?‘;aclli:]:? i&?ﬁfﬁ&@%&%iwsl ® ResNet-50 + GradAug (Ours) 4.1 G 78.79 94.38
and StochDepth, are more generic. But they are E :
not as effective as MSDA n ResNet-50 + bag of tricks [28] 43 G 79.29 94 .63
. j ResNet-50 + GradAugt (Ours) 4.1 G 79.67 94.93
L Loa =I(N(0,2),y) + > _UN(Buw,, T (x)), N(6,)) esNet-50 + GradAug{ (Ours)
Motivation ' . i -
i 1=1 § Model ImageNet Cls Acc (%)  Det mAP Seg mAP
n , T ResNet-50 (Baseli 76.3 (+0.0 36.5 (+0.0)  33.3(+0.0
O(N(0,z),y) Ol(N(By,, T (z)), N(8,x)) 2 ResHetol(hslng 00 e IELL
gGA = - - —|— E i +  Mixup-pretrained 779 (+1.6) 359 (-0.6) 32.7(-0.6)
a0 ‘ d0,,. 8 CutMix-pretrained 78.6 (+2.3) 367 (+02) 33.4(+0.1)
raw gradients i=1 augmentation to rzaW gradients 8 GradAug-pretrained 78.8 (+2.5) 37.7 (+1.2) 345 (+1.2)
i O  GradAug 78.8 (+2.5) 38.2(+1.7)  35.4(+2.1)
Neural network or its sub-networks sub-network (w=0.9) full-network baseline L
' ' ' Modél Cifar-10 STL-10
E # training labels = 250 1000 4000 1000
dog dog dog é’ WideResNet-28-2  45.23+1.01  64.72+1.18  80.17+£0.68  67.62-£1.06
_ _ ai i . +CutMix (p=0.5) 43454198 632140.73 80.2840.26 67.91+1.15
Our appro?Ch . GradAug - aims to re.g!'”ar'ze sub 8 +CutMix (p=0.1)  43.98+1.15 64.60+0.86 82.1440.65 69.3440.70
networks with differently transformed training samples. S+ ShakeDrop 42014194 63114122 79.6240.77 66.51-+0.99
Key contributions: 3 +GradAug 50.11+1.21  70.39+0.82  83.69:+0.51  70.42--0.81
' S +GradAugsemi 52954215 71744077 84.114025 70.86+0.71
» GradAug leverages the advantages of both data Mean Teacher [36]  48.41+1.01  65.57+0.83  84.13+0.28 -
augmentation and structure regularization methods.
. . . Model €e=005 €=010 €=015 €=020 €e=0.25
L]
GrgdAug is easy to implement and can .be applied to 3 Tewes  ZW  mes DM 6 5B EI""EEI
various network structures and applications. § § + Cutout 2722 2155 1751 1468 1237 :
. ™ 5 s+ Mi 0.7 25. 21.6 18.44 16.1
« GradAug significantly outperforms other state-of-the- S0 s me me a6 2 | EE
<  +GradAug 36.51 31.44 27.70 24.93 22.33
art methOdS. + GradAugt 40.26 35.18 31.36 28.04 25.12 E
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Code: https://github.com/taoyang1122/GradAug





