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/N—t 7 k0O (perceptron) [Rosenblatt58]
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A neural network playground

https://playground.tensorflow.org/
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SR E W{LHEE(Back propagation) [Rumelhart+ 86]
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SR E W{LHEE(Back propagation) [Rumelhart+ 86]
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SR E W{LHEE(Back propagation) [Rumelhart+ 86]
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RBM(restricted Boltzmann machine) Z B \L\/="pre-training” Mg I 3
[Hinton06]

ILSVRC2012 (ImageNet Large Scale Visual Recognition Challenge) THinton5®D%'
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EHE)iM 4% (Automatic differentiation)
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XA wEPE Fi&(Stochastic Gradient Decent : SGD)
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Nesterov Accelerate
Gradient (1983) #
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L-BFGS(1995)+
ProximalAdagrad(2009) t
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AdaGrad (2011) F *t+
AdaGrad+DualAveraging(2010) t
FTRL(2013) t

RMSProp (2012) #* 1+
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Adam (2014)  *t+
RMSpropGraves (2014) #

SMORMS3 (2015)
AdaMax (2015)*+
Nadam (2016)*

Eve (2016)

Santa (2016)

GD by GD (2016)
AdaSecant (2017)

BEEZ1 73U OXIGIRR
t tensorflow v1.13
https://www.tensorflow.org/api_docs/python/tf/train/

(tensorflow probability A T D &#ELIZR<)

*keras

https://keras.io/optimizers/

+pyTorch v1.10
https://pytorch.org/docs/stable/optim.html#algorithms

¥ chainer v7.0
https://docs.chainer.org/en/stable/reference/optimizers.html
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BHI&T (Early stopping)
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SigmoidB8%K
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Sigmoid/tanh7Z: C X DEEKICER
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Reluld/MRIEAZ = 2 —F L% v k Tld4FiZdead neuronsiZiEE -
LeakyReluZz & ZFAT S

F DD ;EMEL B (pytorch 1.9.0 DEG%)

Hardshrink RRelLU Softshrink
Hardsigmoid SELU Softsign
Hardtanh CELU Tanhshrink
Hardswish GELU Threshold
LogSigmoid SiLU(swish) Softmin
MultiheadAttention Mish Softmax

PRelLU

Softplus
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Convolutional Neural Network : CNN

2HAAZa—FILFy NO—JIFERMSFEEICFMEL -2 a—J IRy D=2
[Fukushima 79, LeCun+ 98]
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Convolution ;B8 (1/3)
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Convolutlivon HmE (3/3)
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Convolutional Neural Network : CNN
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GlobalAveragePooling
VGG-16 [Simonyan+ 2015]
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Embedding
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RNN (Recurrent Neural Network) (1/2)
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RNN (Recurrent Neural Network) (2/2)
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LSTM(Long-term short-term memory)
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LSTM(Long-term short-term memory)
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Attention(1/2)
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Attention(2/2)
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« GNMT (Google's NeuralMachine Translation) [Wu+ 2016]
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Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences to be processed by our pre-trained model, followed by a linear+softmax layer.
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