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Google Trend (FMER - BESHFRE) CTRTHDE

[ TensorFlow], [PyTorch], [MATLAB Deep Learning Toolbox]Mi#E5R
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MATLABCT +—T25—_20, BNCCCETCTCEC

= Real

% ;;s images Disciminator Predicted Labels
:E B B L o (Real / Generated)
= W Noise ~>‘ Generator ‘_,Generated

Convolutional Neural Network (CNN)  Generative Adversarial Network (GAN)
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Transformer Encoder é: b\ 5 C é/ /é\’ fl{\7] L/ 7‘:_ (,/\ é: 25| (,/\ =N g'
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a learnable
[ ot 5] embedding L1near PrOJectlon of Flattened Patches

(BRI B ]
CNN https:/|p.mathworks.com/discovery/convolutional-neural-network.html|

\/ 1STON TraﬂSfOI’mer (\/ | T) GAN https:/jp.mathworks.com/help/deeplearning/ug/train-generative-adversarial-network.htm]
VIT An Image is Worth 16x16 Words: Transtormers for Image Recognition at Scale .
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KerasEMATLABTCTOHOCNNTOMNISTYD = X048 11—

Build the model % Build the model |
model = keras.Sequential ( TensorFIOW layers = [

imageInputLayer([28 28 1])
[ convolution2dLayer (3,32, 'Padding', 'same')
relulLayer
maxPooling2dLayer (2, 'Stride',2)
convolution2dLayer (3,64, 'Padding', 'same')
reluLayer
maxPooling2dLayer (2, 'Stride',2)
dropoutLayer(0.5)
fullyConnectedLayer(10)
softmaxLayer
classificationLayer];

keras.Input(shape=input shape),

layers.Conv2D(32, kernel size=(3, 3), activation="relu"),
layers.MaxPooling2D(pool size=(2, 2)),

layers.Conv2D(64, kernel size=(3, 3), activation="relu"),
layers.MaxPooling2D(pool size=(2, 2)),

layers.Flatten(),

layers.Dropout(0.5),

layers.Dense(num classes, activation="softmax"),

2 Train the model

Train the model options = trainingOptions('adam',
_ 'MaxEpochs ', 15,
CLREe LR A 'ValidationData',imdsValidation, ...

epochs = 15 'ValidationFrequency', 30,

: : o ‘MiniBatchSize’',128,
model.compile(loss="categorical crossentropy', optimizer="adam", 'Verbose' . false
4 ’

metrics=[ "accuracy"]) 'Plots', 'training-progress');

model.fit(x train, y train, batch size=batch size, epochs=epochs) net = trainNetwork(imdsTrain,layers,options);

A1—T v VIO DFBIETEFEAILICENDSTLL)
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https://jp.mathworks.com/help/deeplearning/gs/create-simple-deep-learning-classification-network.html
https://jp.mathworks.com/help/deeplearning/ug/train-generative-adversarial-network.html
https://jp.mathworks.com/help/deeplearning/ug/train-a-variational-autoencoder-vae-to-generate-images.html
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TMEIDFRERE (n=10)Z1D
(hy) F= 21— SRy k-2

W U (tanh)&1E10)
@\ regressionE T JLE/ESD
h; = tanh(w;x + b;)

Y = Zn: v:h; + ¢
i=1
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D layer + trainNetwork (EHEIK)

layers = | <:>‘
featurelInputLayer(l, 'Name', 'in') ayer
fullyConnectedLayer (10, 'Name', 'fcl') 4
tanhLayer( 'Name', 'tanhl')
fullyConnectedLayer(1l, 'Name', 'fc2'") trainNetwork

regressionlayer];

RIER /T N _FERE &/ IMED

—

options = trainingOptions( sgdm', ...
'MaxEpochs', 5000, ... PDOXT Y ~OE—8s/ b TEEN

'Verbose', false,
'Plots', 'training-progress');

net = trainNetwork(X, T, layers, options);
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2 dlnetwork + XS LZEIL—T (

layers = |

dlnet = dlnetwork(lgraph)

tanhLayer( Name', 'tanhl')

il

featurelInputLayer(l, 'Name', 'in')
fullyConnectedLayer (10, 'Name', 'fcl')

fullyConnectedLayer(1l, 'Name', ‘fc2')];

lgraph = layerGraph(layers); "L ERHMI(ITI A CERUON.

dinetworkIEXNIL/EEDE

% Loop over epochs. (f3]: sequencelnputlLayer + Istm)

for

end

epoch = 1l:numEpochs

$ Evaluate the model gradients, state, and loss using dlfeval and the
% modelGradients function and update the network state.
[gradients,state,loss] = dlfeval(@modelGradients,dlnet,d1X,dlY);
dlnet.State = state;

% Update the network parameters using the Adam optimizer.

[dlnet,averageGrad,averageSqGrad]
= adamupdate(dlnet,gradients,averageGrad,averageSqGrad, iteration);
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® EF IV + D XY LZFEIL—T (

function [dlY,state]

1E =)

i,
M

= model (parameters,dlX,doTraining,state) <:>q5773HA§§§&
welghts = parameters.fcl.Weights; +
bias = parameters.fcl.Bias;
dlY = fullyconnect(dlX,weights,bias); 7];ZjSﬁLx§2%§)LF—4:f

dlY = tanh(dlY);

EEE0 B THZFRIIC

welghts = parameters.fc2.Weights; =71 ML CUK< M\gfj D S
bias = parameters.fc2.Bilas; .

dlY = fullyconnect(dlY,weights,bias); ()(lj‘b/f\8r7‘><[)\J F‘)
end

params.fcl.Weights = initializeGlorot([10, 1], 10, 1);

params.fcl.Bias = 1nitializeZeros([10 1]);
params.fc2.Weights = initializeGlorot([1l, 10], 10, 1);
params.fc2.Bias = initializeZeros([1l 1]);

(HEIFQDOEEIL—T)
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Vision Transformer (ViT)

/Cfiz?? MLP
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o 2 FINELDIE. MLP, Layer Normalization (R2021a CTEZL)
Multi-head Attention, GELU (Gaussian Error Linear Units)
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Multi-nead Attention

o £ (CTLDAttention(d X DELR

T
Attention(Q, K, V) = softmax (QK ) % _%,

e Multi-head Att

et

onl&

=10
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https://medium.com/the-dl/transformers-from-scratch-in-pytorch-8777e346ca51
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GELU Activation

e ReLUNELUL DIER

NELES EENDNSEECREZEN

CAQA

o ARSI | =
X
GELU(x) = = |1 + erf VX
2 2
(erf(Edlarray(CIEXIIG) —
® }:;_ = )4 (c_ (c\*ﬂ i:‘: = é&(: ~ D ﬁ'ﬂ/x Figgre )1: The GELU (4 = 0,0 = 1), ReLU, and ELU

—

2
GELU(x) ~ 0.5x (1 + tanh [ \/ - (x + 0.044715363)]) (dlarray C3E&FIEE)

Rem> - XHE 0 D.Hendrycks, K.Gimpel “Gaussian Error Linear Units (GELUs)” arXiv:1606.08415 (2016)
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function [dlY, state] = VisionTransformer (parameters, dlX, doTraining, state)
dlX = patchEncoder(dlX, clsToken, patchprojWeight, positionEmbedding);
for 1 = l:numTransformerLayers
% Layer Normalization 1 Transformer Encoder
dlX1l = LayerNormalization(dlX, 1.0e-6);
% Attention <i><——“
dlAttentionOutput = MultiheadAttention(dlX1l, dlX1l, numHeads, attentiondropoutRate, ..
gDenseWeight(:,:,1), kDenseWeight(:,:,1), vDenseWeight(:,:,1), [ MLP ]
outDenseWeight(:,:,1), outDenseBias(:,1), doTraining); A
% SkipConnection 1 [ Norm ]

dlX2 = d1X + dlAttentionOutput; Qﬁ
S MLP

dlX3 = LayerNormalization(dlX2, 1.0e-6); Multi-Head

d1X3 = pagemtimes (MLPWeightl(:,:,1), dl1X3) + MLPBiasl(:,1i); [ Aﬂaﬂmn ]

dlX3 = geluApprox(dlX3); A

dl1X3 = pagemtimes (MLPWeight2(:,:,1), dl1X3) + MLPBias2(:,1); [ Norm ]

% SkipConnection 2 L

dlX = dlX2 + dl1lX3; S
E=a

dlX = LayerNormalization(dlX, 1.0e-6);

dlY = fullyconnect(dlX(:,1,:), classWeight, classBias, 'DataFormat', 'CSB');
dlY = softmax(dlY, 'DataFormat', 'CB');
end
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. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (arXiv:2010.11929)
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Cifar10==28E (NN F 17 XNDIRBI D/ VDA —F & BT

\AZE (IRETER) “
A48G) CENVFH=E EITDEXTUICESHL)) .

o ILIWNENFEE
(RTX 8000 (VRAM

810
Model Layers Hiddensize ) MLPsize Heads Params 8 '
ViT-Base 12 768 3072 12 86M 61
ViT-Large 24 1024 4096 16 307M 2l
ViT-Huge 32 1280 5120 16 632M ; AEEEE—— e .
Table 1: Details of Vision Transformer model variants. % 0.5 1 15 2 . , 3.5
Iteration -10%
Ours-JFT Ours-JFT Ours-121K BiT-L Noisy Student
(ViT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNetl152x4) (EfficientNet-L2) oy
ImageNet 88.55+0.04 87.76+0.03 85.30+0.02 87.54 +0.02 88.4/88.5* |
ImageNet RealL 90.72+0.05 90.54+0.03 88.62+0.05 90.54 90.55 80
CIFAR-10 99.50+0.06 99.42+0.03 99.15+0.03 99.37 +0.06 — a0 b
CIFAR-100 94.55 +0.04 93.90+£0.05 93.25+0.05 93.51 +0.08 — _
Oxford-IIIT Pets 97.56+0.03 97.32+0.11 94.67+0.15 96.62 +0.23 — R o
Oxford Flowers-102  99.68 £0.02 99.744+0.00 99.61 +0.02 99.63 +0.03 — g 50
VTAB (19 tasks) T7T7.63+0.23 76.28+046 72.72+0.21 76.29 +1.70 — %
TPUv3-core-days 2.0k 0.68k 0.23k 9.9k 12.3k
A E \\ -
Imagenet21k/ZEREMXY DNV FHF 17 X(CT D E

ViT-Base ¢

3 An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (arXiv:2010.11929)
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