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Neural Net for Handwritten Digit Recognition in JavaScript

Draw a digit in the box below and dlick the “recognize” button

98%

Display Preprocessing
¥ Scale Stroke Width

clear | recognize

A Javascript implementation of a neural net for handwritten digit recognition. The network has
784 input units (28 x 28 grayscale image, normalized to values ranging from [-1; 1]). These are
fully connected to 200 hidden units, each having a bias parameter, giving (784 + 1) * 200 =

157.000 weights; the activations are fed through a logistic non-linearity. The hidden layer is

output is computed with a 10-way softmax non-linearity, assigning class (0 - 9) probabilities to

the input image

The network was trained on the MN . n MATLAB using stochastic gradient descent

fully connected to the output layer with 10 units, giving (200 + 1) * 10 = 2010 weights. The fina %
S
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* https://github.com/yoyogo96
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 Fully connected Neural Network
* https://colab.research.google.com/drive/1Py8EmeSIPx3yZ7LvgKbT-3WmGmMDSWA4CS
* https://colab.research.google.com/drive/1iA Mkt2aSxC tJUB6RrStuugTLsBet i4

* Convolutional Neural Network
* https://colab.research.google.com/drive/1nWoT-jVuEs1AJBHAGKa5V4uOnolLAOOrW
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https://blogs.sas.com/content/sub orgs)&usmusings/2017/09/25/machine-
learning-concepts-styles-machine-learning/ .
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Machine Learning

Traditional Programming

Data —

Program — > Output

Machine Learning
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Machine Learning

Traditional Programming
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Deep Learning (Deep Neural Network)

Y = W(X)
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No
Validation set

Over-fitting?

Original data set (100%)

l Generalization!

3 Y

| &

4 -
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Training set
VS.
Validation set
VS.

Test set

Validation | TestSet
Set (30%) (20%)

7\

Test set for performance
evaluation of final model

Validation set for

avoiding over-fitting,
model selection

REAI ==724Y] http://rfriend.tistory.com



Training set vs. Validation set

For numeric predictors
(ex. Neural Networks)

Stop trzining here

For classifiers
(ex. Decision Trze)

Stop training here

\ 4 (prun here)

. Under- Over- .. Under- & Over-
Mean | fitting fitting Classification \flttmg fitting

Squared Error r —

Error
Iteration of Gradient Descent Number of nodes
legend Tralr:nng.set
- = = \Validation set

[RE2MI =2 024Y] http:/ / rfriend.tistory.com



KERAS (Keras.io)

- Google AX[L|0{ Francois Chollet ZHA| P
- TorchO|M GZE S22 225 API
- Theano, TensorFlow, CNTK il =
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-  Why Keras?
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- KerasZ O|aljs}™ CIE APIL &H €& 7ts.

- Theano, TensorFlow, CNTKE Z2IA| AtE7}1s(Backend)



Tensorflow vs. Keras Code
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Tensorflow vs. Keras Code (2
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A& 0. Linear Regression

¥_train = [1, 2, 3, 4]
. v_train = [0, -1, -2, -3]
model = Sequential()

model .add{Dense(1, input_din=1))

sgd = optimizers.SGD(|r=0.1)
model .compile(loss="mse"’, optimizer=sgd)

L . B et e # prints summary of the model to the terminal
. nodel . summary()

model . fit(x_train, v_train, epochs=200)

v_predict = model.predict(np.array([5]))
printiy_predict)




Fully Connected Network

Y'=AX+B

Mx| Connection %=
AXB

. »DENSE(A,B)




D Tl

sgd = optimizers.SGD(|1r=0.1)

m
1 .
JE) == (he () = ¥y
2

nodel . compile(loss="mse", optimizer=sgd)
LossE HlA5He EHH Optimizer &7
(Mean Square Error) (Stochastic Gradient decent)

Loss = L(Y’, Y)



HE ol & 87t

x_train = [1, 2, 3, 4]
y_train = [0, -1, -2, -3]
model . fit(x_train, v_train, epochs=200) « ool sk

v_predict = model.predict(np.array([5])) @ =z
print{y_predict)



A& 1. Logistic regression

* MNIST (&= M X} H|O[E{All) A4
» Softmax

* Cross-Entropy

« Batch & Epoch

* Train & Validation & Test Data
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Lab 1 2= 2H(1)

(x_train, v_train), (x_test, yv_test) = mnist.load_data()

# for Using TensorFlow backend. 60000 28*28=784 (60000,28,28) -> (60000,784)
x_train = x_train.reshape(x_train.shape[0], x_train.shapel[l] * x_train.shapel2]) Array HZ7|
x_train = x_train.astype('float32") / 255 (0~255E 0~12 CIA| AH Y2

# one_hot

v_train = np_utils.to_categorical(y_train, nb_classes) 1,2,3,4,5,6 2/= one hot encoding

i = |



X_train.reshape
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One-Hot Encoding

2 3 4 5 s5[7 18 9
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‘y_train = np_utils.to_categorical(v_train, nb_classes)




Lab 1 ZE A

10
model .add(Dense(nb_classes, input _din=784, kernel_initializer=init_method, activation="softmax"'))

model . sunmary()

model .compile(loss="categorical _crossentropy’,
optimizer="sgd’,
metrics=["accuracy'])

history = model.fit{x_train, v_train, epochs=2,batch_size=100, verbose=1)

score = model .evaluate(x_test, y_test)
print{ ¥nAccuracy:’, score[l])
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Lab 2. Deep Neural Network

» Weight Initialization
* Activation Functions
* Optimization Methods



Neural Network

Graph model +
Nonlinear Function (Activation Function)

input layer hidden layer 1 hidden layer 2 output layer

https:/towardsdatascience.com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6



Activation Function

Leaky RelL U

max(0.1x, )

SlngId

(T(’I o l—+—( —-%

tanh Maxout
tanh(z max(w{ z + by, wd x + by)
ReLU ELU

7H xz >0

ale® -1} z<0 - : 0

https://medium.com/@krishnakalyan3/introduction-to-exponential-linear-unit-d3e2904b366¢




Revolution of Depth 28.2
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Lab 2 3 &

mid = 50

model .add{Denseimid, input_din=784,kernel_initializer=init_method))
model .add({Activation(act_method))

model .add({Dense(nb_classes, kernel_initializer=init_method, activation="softmax’))
I

8 sigmoid
4

50 softmax 10
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Lab 2-1. Add 2 Hidden Layers

model.add(Dense(mid, input_dim=784,kernel_initializer=init_method))
model.add(Activation(act_method))

model.add(Dense(mid,kernel_initializer=init_method))
model.add(Activation(act_method))

model.add(Dense(nb_classes, kernel_initializer=init_method, activation='softmax'))

Squd Singid SOﬂmaX
4




Hidden Layer 7} & Z1}

50200/60000 [z=======================>.....] - ETA: Os - loss: 2.2660 - acc: 0.1780
51800/60000 [z=======================>....] - ETA: Os - loss: 2.2655 - acc: 0.1789
53500/60000 [z========================>....] - ETA: 0s - loss: 2.2650 - acc: 0.1799
55100/60000 [z=========================>_] - ETA: Os - loss: 2.2646 - acc: 0.1809
56800/60000 [z==========================>_] - ETA: Os - loss: 2.2641 - acc: 0.1828
58300/60000 [z===========================>] - ETA: 0s - loss: 2.2637 - acc: 0.1849
59900/60000 [z===========================>] - ETA: Os - loss: 2.2632 - acc: 0.1876



Activation Function2 Relu A

act_method = 'relu' #sigmoid, relu, tanh
init_method = 'glorot_normal' #zeros, random_normal, glorot_normal

48100/60000 [=======================>......] - ETA: 0s - loss: 0.5644 - acc: 0.8526
49900/60000 [=======================>......] - ETA: 0s - loss: 0.5613 - acc: 0.8533
51500/60000 [========================>.....] - ETA: Os - loss: 0.5585 - acc: 0.8538
53300/60000 [=========================>....] - ETA: Os - loss: 0.5548 - acc: 0.8548
55000/60000 [==========================>...] - ETA: 0s - loss: 0.5523 - acc: 0.8554
56600/60000 [===========================>..] - ETA: 0s - loss: 0.5499 - acc: 0.8560
58300/60000 [============================>] - ETA: 0s - loss: 0.5460 - acc: 0.8568
60000/60000 [==============================| - 15 - |0SS: 0.5427 - acc: 0.8574




45:SGD ->ADAME=Z =3

model.compile(loss='categorical_crossentropy’,
optimizer="adam’,
metrics=['accuracy'))

54900/60000 [s=========================>...] - ETA: Os - loss: 0.1881 - acc: 0.9446

56200/60000 [z==========================>.] - ETA: Os - loss: 0.1877 - acc: 0.9449

57600/60000 [s==========================>.] - ETA: 0s - loss: 0.1868 - acc: 0.9452

59000/60000 [s===========================>] - ETA: Os - loss: 0.1857 - acc: 0.9456

60000/60000 [z=============================] - 25 - loss: 0.1852 - acc: 0.9456
|



Lab 2. Summary

* Deep Neural Network

* Activation Functions (Sigmoid -> Relu)

* Weight Initialization (Xavier/He Initialization)
* Optimization Method (SGD -> ADAM)

* 95%!!!



Lab 3. Deeeep Network

* Over-fitting
* Drop out
* Batch normalization



Lab 3. Go Deep & Wide (&3HHX])

mid = 500

model.add(Dense(mid, input_dim=784,kernel_initializer=init_method))
model.add(Activation(act_method))

model.add(Dense(mid,kernel_initializer=init_method))
model.add(Activation(act_method)) ]
4 Hidden Layers
model.add(Dense(mid,kernel_initializer=init_method))
model.add(Activation(act_method))

model.add(Dense(mid,kernel_initializer=init_method))
model.add(Activation(act_method))

model.add(Dense(nb_classes, kernel_initializer=init_method, activation='softmax"))

history = model.fit(x_train, y_train, epochs=15,batch_size=100, verbose=2,validation_data=(x_test, y_test))

£3Z 1 epochOICt & epochO}C} Validation



3s - loss: 0.0260 - acc
0.9805

Epoch 9/15

3s - loss: 0.0246 - acc
0.9797

Epoch 10/15

3s - loss: 0.0197 - acc
0.9802

Epoch 11/15

3s - loss: 0.0195 - acc
0.9781

Epoch 12/15

3s - loss: 0.0200 - acc
0.9821

Epoch 13/15

3s - loss: 0.0181 - acc
0.9813

Epoch 14/15

3s - loss: 0.0153 - acc
0.9826

Epoch 15/15

Qe - loss: ) 0156 - ace

:0.9917 - val_loss

1 0.9925 - val_loss

:0.9943 - val_loss

:0.9943 - val_loss

:0.9940 - val_loss

1 0.9945 - val _loss

1 0.9956 - val_loss

- 0) 995K - val loss

: 0.0823 - val_acc:

: 0.0903 - val_acc:

: 0.0856 - val_acc:

: 0.0866 - val_acc:

: 0.0858 - val_acc:

: 0.0874 - val_acc:

: 0.0845 - val_acc:

-0 1149 - val acce:

Total params: 1,149,010
Train Data: 60,000

Over-Fitting!



(&%) Dropout 37}

model.add(Dense(mid, input_dim=784 kernel_initializer=init method)

( )
model.add(Dropout(0.25)) sHEi 517 250 ol AL ICH
model.add(Activation(act_method)) 71l 25% node= SO0IZSLILH

model.add(Dense(mid,kernel_initializer=init_method))
model.add(Dropout(0.25))
model.add(Activation(act_method))

model.add(Dense(mid,kernel_initializer=init_method))
model.add(Dropout(0.25))
model.add(Activation(act_method))

model.add(Dense(mid,kernel_initializer=init_method))
model.add(Dropout(0.25)) A
model.add(Activation(act_method)) 0.75" =0.316



Training 22t

15s - loss: 0.0615 - acc: 0.9818 - val_loss: 0.0696 - val_acc: 0.9805
Epoch 8/15

15s - loss: 0.0581 - acc: 0.9829 - val_loss: 0.0730 - val_acc: 0.9808
Epoch 9/15

16s - loss: 0.0506 - acc: 0.9856 - val_loss: 0.0863 - val_acc: 0.9784
Epoch 10/15

17s - loss: 0.0472 - acc: 0.9860 - val_loss: 0.0774 - val_acc: 0.9792
Epoch 11/15

16s - loss: 0.0451 - acc: 0.9865 - val_loss: 0.0862 - val_acc: 0.9783
Epoch 12/15

19s - loss: 0.0402 - acc: 0.9880 - val_loss: 0.0787 - val_acc: 0.9812
Epoch 13/15

16s - loss: 0.0417 - acc: 0.9886 - val_loss: 0.0844 - val_acc: 0.9814
Epoch 14/15

16s - loss: 0.0386 - acc: 0.9886 - val_loss: 0.0750 - val_acc: 0.9812
Epoch 15/15

18s - loss: 0.0351 - acc: 0.9897 - val_loss: 0.0919 - val_acc: 0.9823



Hidden 37} (5 Hidden layer)

17s - loss: 0.0563 - acc: 0.9840 - val_loss: 0.0804 - val_acc: 0.9796
Epoch 10/15
17s - loss: 0.0580 - acc: 0.9842 - val_loss: 0.0831 - val_acc: 0.9813
Epoch 11/15
17s - loss: 0.0545 - acc: 0.9848 - val_loss: 0.0768 - val_acc: 0.9805
Epoch 12/15
17s - loss: 0.0498 - acc: 0.9858 - val_loss: 0.0770 - val_acc: 0.9826
Epoch 13/15
17s - loss: 0.0464 - acc: 0.9880 - val_loss: 0.0847 - val_acc: 0.9818
Epoch 14/15
17s - loss: 0.0482 - acc: 0.9870 - val_loss: 0.0970 - val_acc: 0.9815
Epoch 15/15
17s - loss: 0.0432 - acc: 0.9881 - val_loss: 0.0919 - val_acc: 0.9804



Lab 4. CNN
(Convolutional Neural Network)

> motivation

A bit of history: —| = X _6 v

Electnical

sign al trom

Hubel & Wiesel., B N e
1959
RECEPTIVE FIELDS OF SINGLE {
NEURONES IN 5t 'mlus
THE CAT'S STRIATE CORTEX \ N
1962 L D |
RECEPTIVE FIELDS, BINOCULAR /\_
INTERACTION e ——

Stmulus  Response

AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX
act by O Opeitan o Roersed

1968... el

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5- 10 April 18, 2017




Convolution Layer

1]1]1]o]o0 Y A
S ESESEST Filter Size: (3,3)
0101111 (1 _ _ | Height, width
— -Strid 1,1
ride : (1,1)

LIRS E S -Filter = -> depth
0O|1|11|101(0

I Convolved

Mase Feature

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution



1/1,)1(0]0
of1l1f1]o] [4
oo 1[1]1
olof[1]1]0
011|11|10]|0
image Convolved
Feature

Convolutional Neural Network

Ccen yer HHQDeN ye!

Graph Neural Network

l I PointNet
‘ ;s f mug? :a ) A
s table? l i
car? ‘ '
Classification Part Segmentation  Semantic Segmentation
Point Net

60



Convolution Operation

St
- 1
A

b II

-
=4

-

1

A Z0|0]X]

10
1]-4/1
10

Kernel

https://docs.gimp.org/2.8/en/plug-in-convmatrix.htmi



Pooling

12 | 20 | 30 | 0O
8 | 12| 2 0 2 X 2 Max-Pool 20 | 30
>
34 | 70 | 37 | 4 112 37
112 100 | 25 | 12

http://www.wildml.com/2015/11/understanding-
convolutional-neural-networks-for-nlp/
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feature maps featurd
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Figure Z. Qutline of the Degplace architecture. A front-cnd of a single convolution-pooling-convolaticn fitermg on tee rectified inpat, follcwed by three
locally-connceted layers and two fully-connccied layers. Colors illustrate featere maps produced at cach leyer. The ret meludes more than 120 million
paraimeters, waere more than GS% coyme from the Iweal and fally connected layers



A5 4: TX At~
ZE A ZE 37| Stride= X|&5tX| 22 1
/S

model.add(Conv2D(32, (3, 3), activation="relu’, input_shape=(28, 28, 1))) 26 by 26

model.add(Conv2D(32, (3, 3), activation="relu')) 24 by 24

model.add(pooling.MaxPooling2D(pool_size=(2, 2))) 12by 12

#model.add(Dropout(0.25))

model.add(BatchNormalization()) s
&l- jov.

model.add(Flatten()) — 1DE ®etmzry| "' -

model.add(Dense(128)) vl iy Lo

#model.add(BatchNormalization()) | ¥ et . ;) >

model.add(Dropout(0.5)) 5 Pa N — -JH

model.add(Activation('relu')) | — : | ;"3’

2t Powls

model.add(Dense(10, activation="softmax"))



a2 21t

* 5s-loss: 0.0296 - acc: 0.9905 - val_loss: 0.0376 - val_acc: 0.9895
« Epoch 7/12

* 5s-loss: 0.0259 - acc: 0.9916 - val_loss: 0.0359 - val_acc: 0.9906
» Epoch 8/12

* 5s-loss: 0.0234 - acc: 0.9922 - val_loss: 0.0313 - val_acc: 0.9912
« Epoch 9/12

* 5s-loss: 0.0230 - acc: 0.9928 - val_loss: 0.0361 - val_acc: 0.9897
« Epoch 10/12

* 5s-loss: 0.0198 - acc: 0.9938 - val_loss: 0.0412 - val_acc: 0.9905
 Epoch 11/12

* 5s-loss: 0.0192 - acc: 0.9936 - val_loss: 0.0362 - val_acc: 0.9925
 Epoch 12/12

* 5s-loss: 0.0163 - acc: 0.9948 - val_loss: 0.0354 - val_acc: 0.9905



How far can we go with MNIST??

A collection of implementations for ‘how far can we go with MNIST' challenge, wnich has been held in TF KR at April 2017.

oc o 000
/1) ) ] |
A2 z 22
FJI3IZ185337333333
HA¥MY s Q¥ I S L4
Sy ySsrEySssy
6660660066066 CECFC
P ESPTEIFTTFIPTTITIZI Y
FLIZ T8V 8F8s8 ¢
2729279379 9080949 197§

https://github.com/hwalsuklee/how-far-can-we-go-with-MNIST



List of Implementations

Kyung Mo Kweon
e lest error: 0.20% 99.7% 99.6% 99.6%

o Features : kerasesemblefot 2 madels (small VCG, sma' Resnet, very smal VGG

o https//github.com/kkwean/mnist-compet tian

Junbum Cha

e [esterror:0.24'%

e Features : tensarflow, of 3 models (VGG like with natch size 6£/128. resnet 32layers), best accuracy with a
single moadel is 99.74%, data augmentation (rotation, shif:, zoom)

o https//github.com/khanrc/mnist

Jehoon Shin

¢ [esterror:0.29%
e Features : tensarflow, ensemble of 5 models oatained with different hyper params and same architecture (2 conv ‘ayers,

1 fc layer], hest accuracy with a single model is 0.9958
o https://github.com/zerand/mnist_tral_and_errar/blob/master/lak-11-5-T-mnist_cnn_snsembe_layers_tensorflaw-kr py

Owen Song

e [csterror: 0.28%
e Features : keras (theano base!l. ensemble of 5 madels abtained with different hvoer params and same architecture (6

https://github.com/hwalsuklee/how-far-can-we-go-with-MNIST



What is Ensemble?

Data Set

Training Set #k

Very Small VGG

v
Training Set #1 Training Set #2 TR

Small Resnet

99.7% 99.6%

Small VGG Combiner

Ensemble
Prediction

99.8%

http://www.slideshare net/sasasiapacific/ipb-improving-the-models-predictive-power-with-ensemble-approaches
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Fast Forward

( Shortcut, Highway Network)
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PG'GANt’(ps://arxiv.org/pdf/1 710.10196.pdf
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