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M2 E = IpiAHEsE (inductive reasoning)
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source : https://commons.wikimedia.org/wiki/File:Francis_Bacon,_Viscount_St_Alban_from_NPG_(2).jpg



WS B = e#H#EEm (inductive reasoning)
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BT = Ie#Hse (inductive reasoning)
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WS B = e#H#EEm (inductive reasoning)
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WS B = e#H#EEm (inductive reasoning)
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2. Vision Transformer
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Transformer

[Vaswani et al., Attention is All You Need, 2017]
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database = { :1.5, : 1.2, :3.1}

{

database['apple’] = 2
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Transformer

[Vaswani et al., Attention is All You Need, 2017]
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database = { , , }
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database['apple’] = 1.5
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Transformer

[Vaswani et al., Attention is All You Need, 2017]
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database = { :1.5, : 1.2, :3.1}

{

database['strawberry’] = ?
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Transformer

[Vaswani et al., Attention is All You Need, 2017]
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database = { }
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Transformer

[Vaswani et al., Attention is All You Need, 2017]

B 7 7 VYa v(self-attention) 2L H. IV FXxRAFTDF—
0 v DIBOHANAKIEZFE, RIEMMAKGER T T32E J8E,

— FREED) L MEBE@ EAYBEIZ Lo - TlI L <. BEKXL
F— 2T L-BEXKLETFIULEL YL (48501)

database = { :1.5, : 1.2, :3.1}
¢ 7x) 2 ->T
0.008 0.982 0.01 o DERE

database[’strawberry’] = 0.008*1.5 + 0.982*1.2 + 0.01*3.1
=1.2214 token mixing
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Transformer
[Vaswani et al., Attention is All You Need, 2017]
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Transformer (GPT) o x4 —1Y) v 78l

— e Line color indicates
Test Loss 10 \ 10

‘ number of parameters
\\\ 108 106 10°

8 SR 8
\\\\ 103 Params
6 % 6
; N Compute-efficient
10° Params —— \{ \\\ training stops far
' . short of convergence
4
107 100 1011 109 106 103 100
Tokens Processed Compute (PF-days)

[OpenAl, Scaling Laws for Neural Language Models, 2020]

F—AR%HFE Rz VETNVOIPD LY Y I(e DGR T vy D)
BEIZRHET 2




Vision Transformer

[Google Research, Brain Team, AN IMAGE IS WORTH 16X16 WORDS, 2020]

CNNDON—=F 2= F3INRBHAA PRIIAE, LHIFER
JZ# /XA 7 2 (Transformer) THSOTABRESE E TIDN T X 5,

= RFBR LT — & TlI. BBLIBMN/ N4 7 X I Transformer H?

F=ar bRV s, CNNIZIBBVIO =SV B/RE—Y

DFE b,

. ViT-L/16
Input  Attention = s
o 120 A e ® o o "
@ ! ;_i .: ° . »h.'llh"u!’
g ~ 1004 o °* :i!l' ° .
' 8 ' ¢ o8 '.
C 0..' .’o °
o 80 - - !of.
. ol C.sl.
c 60 A Q-i:;:l!
e ¢ 0! ’
= ¢ ° e Headl
G 40 - K
£ * s * Head?2
©
% 20 - .=:' e Head 3
(]
E 0 1 1 1 1 I
0 5 10 15 20

Network depth (layer)

AN



Vision Transformer (ViT)
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Vision Transformer (ViT)
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Vision Transformer (ViT)
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Vision Transformer (ViT)
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[Google Research, Brain Team, AN IMAGE IS WORTH 16X16 WORDS, 2020]

ImageNet acc@1: 88.55%
ImageNet-Real acc@1: 90.72%
CIFAR-100 acc@1: 94.55%



Vision Transformer (ViT) : Cons & Pros
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3. MLP-Mixer



2021V FES5RE—BDNRSEA L7 b

GoogleF —LDFERERU DIz, BROHPATIRILIZC)ITHN T
RHIIEEZE) 572 L ) izarXivEIZIRN 3

Google Research, Brain team 5848 (XK) #7135

[Google Research, Brain Team, Mlp-mixer: An all-mlp architecture for vision. arXiv:2105.01601]

BEKRSF 58580K) B
[M.-H. Guo et al., Beyond self- attention: External attention using two linear layers for visual tasks.
arXiv:2105.02358]

Oxford X% 58608 (k) &1

[L. Melas-Kyriazi. Do you even need attention? a stack of feed-forward layers does surprisingly well
on imagenet. arXiv:2105.02723]

Facebook Al, Sorbonne X% etc. 5878 (&) &1

[H. Touvron et al., Resmip: Feedforward networks for image classification with data-efficient
training. arXiv:2105.03404]
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'In this paper we show that while convolutions and attention are both sufficient for
good performance, neither of them are necessary.’ [arXiv:2105.01601]
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'In this paper we show that while convolutions and attention are both sufficient for
good performance, neither of them are necessary.’ [arXiv:2105.01601]
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MLP-Mixer : Token Mixing (
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MLP-Mixer : Channel Mixing
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MLP-Mixer : #tflD2 — F

class MLPBlock(layers.Layer):
def __init__ (self, mixing, d_ff):
super (MLPBlock, self)._ _init__ ()
if mixing !'= 'token' and mixing != ‘channel’:

def

raise ValueError("undefiend mixing")

self.mixing = mixing

call(self, inputs):

inputsi&(batches, tokens, channels)
Denseld&zZ D#EICER

X

X X X X X

self.norm(inputs)

x if self.mixing!='token' else tf.transpose(x, perm=[0, 2, 1])
self.dense_1(x)

tf.keras.activations.gelu(x, approximate=True)

self.dense_2(x)

x if self.mixing!='token' else tf.transpose(x, perm=[0, 2, 1])

return x + inputs



MLP-Mixer® 184K

5~9B DERE I BERFTF —LDYT —XA5R
[R. Liu et al., ARE WE READY FOR A NEW PARADIGM SHIFT? A SURVEY ON VISUAL DEEP MLP.
arXiv: 2111.04060]

1958 1980s 2006
PLA: Perceptron Linear Algorithm | MLP: Multilayer Feedforward Perceptron | Deep Boltzmann machines
The perceptron model can classify | A feed-forward neural network to solve Hinton published a relevant
simple data nodes. nonlinear problems. paper in Science.
1969 1989
Marvin Minsky pointed out that PLA has Universal approximation theorem
limitations and cannot solve nonlinear Multilayer feedforward networks are
problems, such as the XOR problem. universal approximators.
2021.09 2021.07 2021.05
NUS: Sparse-MLP ShanghaiTech: AS-MLP = LI

Facebook: ResMLP
Oxford: Feed-forward
Tsinghua: External Attention

Microsoft: Sparse MLP HKU: CycleMLP

2021.08 2021.06

Baidu: S2MLPv2 NUS: Vision Permutator
Huawei: Hire-MLP Baidu: S2ZMLP

Rikkyo University: RaftMLP Baidu: CCS

Figure 1: Key milestones in the development of MLPs. The new vision MLP models are marked in red.
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[R. Liu et al., ARE WE READY FOR A NEW PARADIGM SHIFT? A SURVEY ON VISUAL DEEP MLP.
arXiv: 2111.04060]
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[R. Liu et al., ARE WE READY FOR A NEW PARADIGM SHIFT? A SURVEY ON VISUAL DEEP MLP.
arXiv: 2111.04060]
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[R. Liu et al., ARE WE READY FOR A NEW PARADIGM SHIFT? A SURVEY ON VISUAL DEEP MLP.

arXiv: 2111.04060]
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Low-resource Models ResNet-152 [17] 60.0 11.0 77.8 93.8
(#params x FLOPs less than 50P) CNN EfficientNet-B5 [40] 30.0 99 83.7 -
ResNet-18 [17] 117 1.8 69.8 89 1 EfficientNetV2-S [41] 22.0 8.8 83.9
CNN MobileNetV3 [20] 5.4 0.2 75.2 - PVT-M [48] 442 6.7 81.2
EfficientNet-BO [40] 5.3 04 77.1 - Transformer Swin-S [32] 50.0 8.7 83.0
LocalmLp  CYCIeMLP-B1 (0] 152 21 789 i Nest-S [57] 80 104 83 |
ConvMLP-S [27] 9.0 24 76.8 - S2-MLP-deep [51] 51.0 9.7 80.7 95.4
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- AS-MLP-S [2£] 50.0 8.5 83.1
Global MLP gMLP-Ti [31] 6.0 14 72.3 - ConvMLP-L [27] 107 9.9 20.2
RaftMLP-S (ours) 9.9 2.1 76.1 93.0 oL ; ; ;
Mixer-B/16 [42] 59.9 12.6 76.4
Global MLP ResMLP-S24 [43] 30.0 6.0 79.4

RaftMLP-L (ours) 36.2 6.5 79.4 94.3
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'We hope that these results spark further research beyond the
realms of well established CNNs and Transformers.’ [arxiv:2105.01601]
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