Self-training with Noisy Student
Improves ImageNet classification

https://arxiv.org/abs/1911.04252
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What Is this paper about?

 SOTA In Image classification (ImageNet)

* Clever way of using external data (semi-
supervised learning)

* |terative enlarging model
 SOTAIn robustness



EfficientNet. Rethinking Model
Scaling for Convolutional Neural
Networks

https://arxiv.org/abs/1905.11946
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Figure 5. FLOPS vs. ImageNet Accuracy — Similar to Figure 1

except it compares FLOPS rather than model size.



Key contributions

* New architecture using NAS (neural
architecture search)

* Rules for effective scaling the network



Scaling networks

* (Depth) Number of layers
- resnetl8, resnet34;
- resnetb0, resnetl01, resnetl50

* (Width) Number of channels
- MNASNet x1, MNASNet x0.5, MNASNet x1.3, etc.

* (Resolution) Size of input image
— MobileNets, ShuffleNets, etc.

 Which one is better? How to use all at the same time?



Architecture Search

Learning Transferable Architectures for MnasNet: Platform-Aware Neural
Scalable Image Recognition Architecture Search for Mobile
https://arxiv.org/abs/1707.07012 https://arxiv.org/abs/1807.11626
Controler | pari™| Trainer [——4. [0S
Y
&4

Train a child network
with architecture A to BCCUrBCY atency
convergence to get
validation accuracy R

reveard Multi-objective
Scale gradient of p by R rew'a fd
to update the controller

Figure 1. Overview of Neural Architecture Search [7T]. A con-
troller RNN predicts architecture A from a search space with prob-
ability p. A child network with architecture A is trained to con-
vergence achieving accuracy R. Scale the gradients of p by R to
update the RNN controller.

The controller (RNN)

Figure 1: An Overview of Platform-Aware Neural Archi-
tecture Search for Mobile.
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Table 1. Efﬁci\entNet-BO baseline network — lgachArow describes
a stage ¢ with L; layers, with input resolution (H;, W;) and output

channels ;. Notations are adopted from equation 2.

‘ Add conv 1x1, Linear

L

conv 1x1, Linear

? Dwise 3x3,
stride=2, Relu6

Stage Operator Resolution | #Channels #Layers
i .;‘E—.é f:!' i X L‘i’"@ CT?; L i
1 Conv3x3 224 x 224 32 1
2 MBConvl, k3x3 112 x 112 16 1
3 MBConv6, k3x3 112 x 112 24 2
4 MBConv6, k5x5 56 = b6 40 2
5 MBConv6, k3x3 28 x 28 80 3
6 MBConv6, k5x5 14 x 14 112 3
7 MBConv6, k5x5 14 x 14 192 4
8 MBConv6, k3x3 Tx7T 320 1
9 Convixl & Pooling & FC 7T 1280 1

Dwise 3x3, Relub T

Conv 1x1, Relub

17 1

Conv 1x1, Relu6

Q |npu[ . inputi___:)
Stride=1 block Stride=2 block
Input Operator Output

hxwxk 1x1 conv2d , ReLUG h < w = (tk)
hxw x th | 3x3 dwises=s, ReLU6 | 2 x 2 x (tk)

% 5 ‘:‘ w th linear 1x1 conv2d 'i—: R

Table 1: Bortleneck residual block transforming from &
to k' channels, with stride s, and expansion factor t.

MobileNetV2: Inverted Residuals and
Linear Bottlenecks
https://arxiv.org/abs/1801.04381
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Activation — Swish

SW|Sh(X) =X * SlngId(X) Searching for Activation Functions

https://arxiv.org/abs/1710.05941

Swish
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Sgueeze and excitation

W'

Fig. 1. A Squeeze-and-Excitation block.

Squeeze-and-Excitation Networks
https://arxiv.org/abs/1709.01507

W
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Scaling

depth: d = o
width: w = ¢
resolution: r =
st 2% a2
a>1,>1,v>1

a=1.2,B=1.1,y=1.15



Table 3. Scaling Up MobileNets and ResNet.

Model ‘ FLOPS Top-1 Acc.
Baseline MobileNetV1 (Howard et al., 2017) | 0.6B 70.6%
Scale MobileNetV 1 by width (w=2) 2.2B 74.2%
Scale MobileNetV1 by resolution (r=2) 2.2B 72.77%
compound scale (d=1.4, w=1.2, r=1.3) 2.3B 75.6%
Baseline MobileNetV2 (Sandler et al., 2018) ‘ 0.3B 72.0%
Scale MobileNetV2 by width (w=2) 1.1B 76.4%
Scale MobileNetV2 by resolution (r=2) 1.2B 74.8%
MobileNetV2 compound scale 1.3B 77.4%
Baseline ResNet-50 (He et al., 2016) 4.1B 76.0%

16.2B 78.1%
14.7B 77.7%
16.4B 77.5%
16.7B 78.8%

Scale ResNet-50 by depth (d=4)
Scale ResNet-50 by width (w=2)
Scale ResNet-50 by resolution (r=2)

Scale MobileNetV2 by depth (d=4) 1.2B 76.8%
ResNet-50 compound scale




Back to Noisy Student



Dataset

* Labeled dataset — ImageNet (14M images)

* Unlabeled dataset — JFT (300M images)

Revisiting Unreasonable Effectiveness of
Data in Deep Learning Era
https://arxiv.org/abs/1707.02968
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Require: Labeled images {(z1,11), (z2,42), ..., (Tn, yn)} and
unlabeled images {Z1, T2, ..., T |-
I: Learn teacher model #. which minimizes the cross entropy
loss on labeled images

ﬂG?%E’d
; Z[ hgt))

2: Use an unnoised teacher model to generate soft or hard
pseudo labels for unlabeled images

gi = f('%'tae:c)a\?f?*: 13 , M

3: Learn an equal-or-larger student model #; which minimizes
the cross entropy loss on labeled images and unlabeled
images with noise added to the student model

1 T
+ ¢ . noised T, 33 - f ﬂomed 56'
2 2 S w67 + Z 0%)

1T

4: Iterative training: Use the student as a teacher and go back to
step 2.

Algorithm 1: Noisy Student method.



Note on student-teacher

e Student-teacher Is usually used to create
Smal |er/faSter mOdeI Distilling the Knowledge in a Neural Network

https://arxiv.org/abs/1503.02531

The Lottery Ticket Hypothesis:
Finding Sparse, Trainable Neural Networks
https://arxiv.org/abs/1803.03635

* |n noisy student, a student Is not smaller than a
teacher and surpasses it


https://arxiv.org/abs/1503.02531
https://arxiv.org/abs/1803.03635

Noise

Mini-batch 1 L‘OL‘@L @L‘o[— -OL‘-@-
* Stochastic depth winiinch2 (99 'L‘oL oL‘oE 3

ASSENC - ~Tmul - Imui i

Deep Networks with Stochastic Depth

https://arxiv.org/abs/1603.09382 [ A subset of layers are dropped at each mini-batch ]
ng ZRBLU( Q(Hg_l)—Fid(Hg_l))
@ Bernoulli random variable )
Dropout Some ResBlocks are Dropped Randomly Based on Bernoulli Random Variable

RandAugment: Practical automated data
augmentation with a reduced search space

R an d AU g ment https://arxiv.org/abs/1909.13719
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https://arxiv.org/abs/1909.13719

lterative training

First teacher + 3 generations (iterations)
Each 350-700 epochs

6 days on TPU v3 Pod with 2048 cores
Est. ~$300,000



Robustness

sea lion lighthouse submarine canoe snow leopard electric ray  swing mosquito net plate rack  refrigerator racing car car wheel
: . : . o

- =l .
dragonfly bullfrog  starfish wreck toaster pill boitle  gown ski plate rack medicine chest  racing car  fire engine

hummingbird bald eagle basketball parking meter parking meter vacuum cannon television plate rack medicine chest racing car car wheel
(a) ImageNet-A (b) ImageNet-C (c) ImageNet-P
Benchmarking Neural Network Robustness to Why do deep convolutional networks generalize
Common Corruptions and Perturbations so poorly to small image transformations?

https://arxiv.org/abs/1903.12261 https://arxiv.org/abs/1805.12177
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Method | Top-1 Acc.  Top-5 Acc. ™ premod | Res. | Top-1 Acc. mCE Method | Res. | Top-1 Acc. mFR

ResNet-101 [30] 4.7% - ResNet-50 [20] 224 | 390% 767 ResNet-50[29] 224 - 58.0
ResNeX(-101 [50] (32x4d) 3.9% - SIN [22 224 | 452% 693 Low Pass Filter Pooling [07] | 224 - 51.2
ResNet-152 [10] 0.1% ' Patch Gaussian [17] 299 | 523% 604 ResNeXt-101 WSL[51,55] | 224 . 27.8
ResNeX(-101 [30] (64x4d) 7.3% - ResNeXt-101 WSL [51, 55] | 224 - 457
DPN-98 [30] 9.4% - EfficientNet-L2 224 80.4% 27.2
ResNeXt-101+SE [30] (32x4d) 14.2% - EfficientNet-L.2 224 62.6% 47.5  Noisy Student (L2) 224 85.2% 14.2
ResNeXt-101 WSL [51, 55] 61.0% - Noisy Student (L2) 224 76.5% 30.0  EfficientNet-L2 299 81.6% 23.7
EfficientNet.L2 49.6% 78.6% Eﬁz;egttﬁ;:ﬁm ggg _?_?-g;fz ggg Noisy Student (L2) 299 86.4% 12.2
Noisy Student (L2) 83.7% 95.2% _ : i i . §igariner™
£ P |
submarine canoe snow leopard electric ray  swing mosquito net plate rack refrigerator  racing car car wheel

: PR ;
starfish wreck toaster pill bottle  gown ski plate rack medicine chest racing car  fire engine

hummingbird bald eagle basketball parking meter parking meter vacuum cannon television plate rack medicine chest racing car car wheel

(a) ImageNet-A (b) ImageNet-C (c) ImageNet-P



Fixing the train-test resolution . : : .
discgr’epancy: FixEfficientNet = NoisyStudent + Fixing the train-test resolution discrepancy
https://arxiv.org/abs/2003.08237 hitps://arxiv.org/abs/1906.06423
input images standard our scaling strategy
pre-processing adjust with test  adjust with train
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Is 88.5% topl or 98.7% top5 impressive?

It IS.

ImageNet Large Scale Visual Recognition Challenge

ImageNet has 1000 classes =*imis gt s

Best reported human top5 accuracy: 94.9%

- https://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/

For comparison: Inception ResNet v2
- 80.1% top1l, 95.1% top5


https://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
https://arxiv.org/abs/1409.0575

Q&A



