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Overview

r Architecture of a traditional CNN – Convolutional neural networks, also known as CNNs,

are a specific type of neural networks that are generally composed of the following layers:

The convolution layer and the pooling layer can be fine-tuned with respect to hyperparameters

that are described in the next sections.

Types of layer

r Convolutional layer (CONV) – The convolution layer (CONV) uses filters that perform

convolution operations as it is scanning the input I with respect to its dimensions. Its hyperpa-

rameters include the filter size F and stride S. The resulting output O is called feature map or

activation map.

Remark: the convolution step can be generalized to the 1D and 3D cases as well.

r Pooling (POOL) – The pooling layer (POOL) is a downsampling operation, typically applied

after a convolution layer, which does some spatial invariance. In particular, max and average

pooling are special kinds of pooling where the maximum and average value is taken, respectively.

Max pooling Average pooling

Purpose
Each pooling operation selects the

maximum value of the current view

Each pooling operation averages

the values of the current view

Illustration

Comments
- Preserves detected features

- Most commonly used

- Downsamples feature map

- Used in LeNet

r Fully Connected (FC) – The fully connected layer (FC) operates on a flattened input where

each input is connected to all neurons. If present, FC layers are usually found towards the end

of CNN architectures and can be used to optimize objectives such as class scores.

Filter hyperparameters

The convolution layer contains filters for which it is important to know the meaning behind its

hyperparameters.

r Dimensions of a filter – A filter of size F ◊ F applied to an input containing C channels is

a F ◊ F ◊ C volume that performs convolutions on an input of size I ◊ I ◊ C and produces an

output feature map (also called activation map) of size O ◊ O ◊ 1.

Remark: the application of K filters of size F ◊ F results in an output feature map of size
O ◊ O ◊ K.
r Stride – For a convolutional or a pooling operation, the stride S denotes the number of pixels

by which the window moves after each operation.
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after a convolution layer, which does some spatial invariance. In particular, max and average

pooling are special kinds of pooling where the maximum and average value is taken, respectively.

Max pooling Average pooling

Purpose
Each pooling operation selects the

maximum value of the current view

Each pooling operation averages

the values of the current view

Illustration

Comments
- Preserves detected features

- Most commonly used

- Downsamples feature map

- Used in LeNet

r Fully Connected (FC) – The fully connected layer (FC) operates on a flattened input where

each input is connected to all neurons. If present, FC layers are usually found towards the end

of CNN architectures and can be used to optimize objectives such as class scores.

Filter hyperparameters

The convolution layer contains filters for which it is important to know the meaning behind its

hyperparameters.

r Dimensions of a filter – A filter of size F ◊ F applied to an input containing C channels is
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O ◊ O ◊ K.
r Stride – For a convolutional or a pooling operation, the stride S denotes the number of pixels

by which the window moves after each operation.
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Example code used in the following from  
S. Wunsch, CERN IML TensorFlow/Keras Workshop  
https://github.com/stwunsch/iml_tensorflow_keras_workshop 
See also Keras website: 
https://keras.io/examples/vision/mnist_convnet/ 

S. Wunsch, https://github.com/stwunsch/iml_tensorflow_keras_workshop/blob/master/slides/slides.pdf

https://github.com/stwunsch/iml_tensorflow_keras_workshop
https://keras.io/examples/vision/mnist_convnet/
https://github.com/stwunsch/iml_tensorflow_keras_workshop/blob/master/slides/slides.pdf
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TYaiUiUg a digi[-cSaZZiÄca[iVU Ue\YaS Ue[^VYk VU [he MNIST da[aZe[
\ZiUg KeYaZ
TOPZ e_aTWSe PZ fYVT S[efaU W\UZcO (CERN IML TeUZVFSV^ aUd KeYaZ ^VYRZOVW). See aSZV [Oe e_aTWSe VU [Oe KeYaZ ^ebZP[e.

TOe MNIST da[aZe[ PZ VUe Vf [Oe TVZ[ WVW\SaY beUcOTaYR-da[aZe[Z PU TVdeYU TacOPUe SeaYUPUg. TOe da[aZe[ cVUZPZ[Z Vf 70000 PTageZ Vf
OaUd^YP[[eU dPgP[Z aUd aZZVcPa[ed SabeSZ, ^OPcO caU be \Zed [V [YaPU Ue\YaS Ue[^VYR WeYfVYTPUg PTage cSaZZPÄca[PVU.

TOe fVSSV^PUg WYVgYaT WYeZeU[Z [Oe baZPc ^VYRÅV^ Vf KeYaZ ZOV^PUg [Oe TVZ[ PTWVY[ de[aPSZ Vf [Oe API.

In�[1]: fUom�oV�imSoUW�enYiron�
enYiron["KERAS_BACKEND"]�=�"WensorfloZ"�
�
imSoUW�nXmS\�aV�nS�
np.random.seed(1234)�
�
imSoUW�maWSloWlib.S\SloW�aV�SlW�

Do^nload [he da[ase[
TOe cVde beSV^ dV^USVadZ [Oe da[aZe[ aUd WeYfVYTZ a ZcaSPUg Vf [Oe WP_eS-]aS\eZ Vf [Oe PTageZ. Beca\Ze [Oe PTageZ aYe eUcVded ^P[O 8-
bP[ \UZPgUed PU[ ]aS\eZ, ^e ZcaSe [OeZe ]aS\eZ [V ÅVa[PUg-WVPU[ ]aS\eZ PU [Oe YaUge [0,�1)  ZV [Oa[ [Oe PUW\[Z Ta[cO [Oe ac[P]a[PVU Vf [Oe
Ue\YVUZ be[[eY.

In�[2]: fUom�keUaV.daWaVeWV�imSoUW�mnisW�
fUom�keUaV.XWilV.nS_XWilV�imSoUW�Wo_caWegorical�
�
#�DRZQORDG�GDWDVHW�
([_Wrain,�\_Wrain),�([_WesW,�\_WesW)�=�mnisW.load_daWa()�
�
#�TKH�GDWD�LV�ORDGHG�DV�IODW�DUUD\�ZLWK�784�HQWULHV�﴾28[28﴿,�
#�ZH�QHHG�WR�UHVKDSH�LW�LQWR�DQ�DUUD\�ZLWK�VKDSH:�
#�﴾QXPBLPDJHV,�SL[HOVBURZ,�SL[HOVBFROXPQ,�FRORU�FKDQQHOV﴿�
[_Wrain�=�[_Wrain.reshape([_Wrain.shape[0],�28,�28,�1)�
[_WesW�=�[_WesW.reshape([_WesW.shape[0],�28,�28,�1)�
�
#�CRQYHUW�WKH�XLQW8�PNG�JUH\VFDOH�SL[HO�YDOXHV�LQ�UDQJH�[0,�255]�
#�WR�IORDWV�LQ�UDQJH�[0,�1]�
[_Wrain�=�[_Wrain.asW\pe("floaW32")�
[_WesW�=�[_WesW.asW\pe("floaW32")�
[_Wrain�/=�255�
[_WesW�/=�255�
�
#�CRQYHUW�GLJLWV�WR�RQH­KRW�YHFWRUV,�H.J.,�
#�2�­>�[0�0�1�0�0�0�0�0�0�0]�
#�0�­>�[1�0�0�0�0�0�0�0�0�0]�
#�9�­>�[0�0�0�0�0�0�0�0�0�1]�
\_Wrain�=�Wo_caWegorical(\_Wrain,�10)�
\_WesW�=�Wo_caWegorical(\_WesW,�10)�

Add[PVUaSS ,̀ ^e Z[VYe ZVTe e_aTWSe PTageZ [V dPZR [V ZOV^ Sa[eY VU [Oe PUfeYeUce WaY[ Vf [Oe KeYaZ API.

In�[3]: imSoUW�Sng�
�
nXm_e[amples�=�6�
offseW�=�100�
�
plW.figXre(figsi]e=(nXm_e[amples*2,�2))�
foU�i�in�range(nXm_e[amples):�
����plW.sXbploW(1,�nXm_e[amples,�i+1)�
����plW.a[is('off')�
����e[ample�=�np.sqXee]e(np.arra\([_WesW[offseW+i]*255).asW\pe("XinW8"))�
����plW.imshoZ(e[ample,�cmap="gra\")�
����Z�=�png.WriWer(28,�28,�gre\scale=TUXe)�
����Z.ZriWe(open("mnisW_e[ample_^`.png".formaW(i+1),�'Zb'),�e[ample)�

In�[4]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D�
�
#�MRGHO�/�GDWD�SDUDPHWHUV�
nXm_classes�=�10�
inpXW_shape�=�(28,�28,�1)�

DeÄne [he model
TOe TVdeS deÄUP[PVU PU KeYaZ caU be dVUe \ZPUg [Oe SeqXenWial  VY [Oe f\Uc[PVUaS API. SOV^U OeYe PZ [Oe SeqXenWial  API aSSV^PUg [V
Z[acR Ue\YaS Ue[^VYR Sa`eYZ VU [VW Vf eacO V[OeY, ^OPcO PZ feaZPbSe fVY TVZ[ Ue\YaS Ue[^VYR TVdeSZ. IU cVU[YaZ[, [Oe f\Uc[PVUaS API ^V\Sd
aSSV^ [V Oa]e T\S[PWSe PUW\[Z aUd V\[W\[Z fVY a Ta_PT\T Vf Åe_PbPSP[` [V b\PSd `V\Y c\Z[VT TVdeS.

In�[10]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D,�InpXW,�DropoXW�
�
#�FRQY�OD\HU�ZLWK�8�3[3�ILOWHUV�
�
model�=�SeqXenWial(�
����[�
��������InpXW(shape=inpXW_shape),�
��������ConY2D(8,�kernel_si]e=(3,�3),�acWiYaWion="relX"),�
��������Ma[Pooling2D(pool_si]e=(2,�2)),�
��������FlaWWen(),�
��������Dense(16,�acWiYaWion="relX"),�
��������Dense(nXm_classes,�acWiYaWion="sofWma["),�
����]�
)�
�
model.sXmmar\()�

Compile [he model
UZPUg KeYaZ, `V\ Oa]e [V compile  a TVdeS, ^OPcO TeaUZ addPUg [Oe SVZZ f\Uc[PVU, [Oe VW[PTPaeY aSgVYP[OT aUd ]aSPda[PVU Te[YPcZ [V `V\Y
[YaPUPUg Ze[\W.

In�[6]: model.compile(loss="caWegorical_crossenWrop\",�
��������opWimi]er="adam",�
��������meWrics=["accXrac\"])�

Train [he model
TOe ceSS beSV^ ZOV^Z [Oe [YaPUPUg WYVced\Ye Vf KeYaZ \ZPUg [Oe model.fiW(...)  Te[OVd. BeZPdeZ [`WPcaS VW[PVUZ Z\cO aZ 
baWch_si]e  aUd epochs , ^OPcO cVU[YVS [Oe U\TbeY Vf gYadPeU[ Z[eWZ Vf `V\Y [YaPUPUg, KeYaZ aSSV^Z [V \Ze caSSbacRZ d\YPUg [YaPUPUg.

CaSSbacRZ aYe Te[OVdZ, ^OPcO aYe caSSed d\YPUg [YaPUPUg [V WeYfVYT [aZRZ Z\cO aZ Za]PUg cOecRWVPU[Z Vf [Oe TVdeS ( ModelCheckpoinW )
VY Z[VW [Oe [YaPUPUg eaYS` Pf a cVU]eYgeUce cYP[eYPa PZ Te[ ( Earl\SWopping ).

In�[7]: fUom�keUaV.callbackV�imSoUW�ModelCheckpoinW,�Earl\SWopping�
�
checkpoinW�=�ModelCheckpoinW(�
������������filepaWh="mnisW_keras_model.h5",�
������������saYe_besW_onl\=TUXe,�
������������Yerbose=1)�
earl\_sWopping�=�Earl\SWopping(paWience=2)�
�
hisWor\�=�model.fiW([_Wrain,�\_Wrain,�#�TUDLQLQJ�GDWD�
������������baWch_si]e=200,�#�BDWFK�VL]H�
������������epochs=50,�#�MD[LPXP�QXPEHU�RI�WUDLQLQJ�HSRFKV�
������������YalidaWion_spliW=0.5,�#�UVH�50%�RI�WKH�WUDLQ�GDWDVHW�IRU�YDOLGDWLRQ�
������������callbacks=[checkpoinW,�earl\_sWopping])�#�RHJLVWHU�FDOOEDFNV�

In�[8]: epochs�=�range(1,�len(hisWor\.hisWor\["loss"])+1)�
plW.figXre(figsi]e=(12,5))�
plW.sXbploW(1,�2,�1)�
plW.ploW(epochs,�hisWor\.hisWor\["loss"],�label="Training�loss")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_loss"],�label="ValidaWion�loss")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("Loss",�fonWsi]e=15)�
plW.sXbploW(1,�2,�2)�
plW.ploW(epochs,�hisWor\.hisWor\["accXrac\"],�label="Training�accXrac\")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_accXrac\"],�label="ValidaWion�accXrac\")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("AccXrac\",�fonWsi]e=15);�

Tes[ [he model
TOe WYedPc[PVU Vf \UZeeU da[a PZ WeYfVYTed \ZPUg [Oe model.predicW(inpXWs)  caSS. BeSV ,̂ a baZPc [eZ[ Vf [Oe TVdeS PZ dVUe b`
caSc\Sa[PUg [Oe acc\Yac` VU [Oe [eZ[ da[aZe[.

In�[9]: #�GHW�SUHGLFWLRQV�RQ�WHVW�GDWDVHW�
\_pred�=�model.predicW([_WesW)�
�
#�CRPSDUH�SUHGLFWLRQV�ZLWK�JURXQG�WUXWK�
WesW_accXrac\�=�np.sXm(�
��������np.argma[(\_WesW,�a[is=1)==np.argma[(\_pred,�a[is=1))/floaW([_WesW.shape[0])�
�
prinW("TesW�accXrac\:�^`".formaW(WesW_accXrac\))�

In�[�]: ��

Model:�"seqXenWial_1"�
_________________________________________________________________�
La\er�(W\pe)�����������������OXWpXW�Shape��������������Param�#����
=================================================================�
conY2d_1�(ConY2D)������������(None,�26,�26,�8)���������80���������
_________________________________________________________________�
ma[_pooling2d_1�(Ma[Pooling2�(None,�13,�13,�8)���������0����������
_________________________________________________________________�
flaWWen_1�(FlaWWen)����������(None,�1352)��������������0����������
_________________________________________________________________�
dense_2�(Dense)��������������(None,�16)����������������21648������
_________________________________________________________________�
dense_3�(Dense)��������������(None,�10)����������������170��������
=================================================================�
ToWal�params:�21,898�
Trainable�params:�21,898�
Non­Wrainable�params:�0�
_________________________________________________________________�

Epoch�1/50�
150/150�[==============================]�­�9s�51ms/sWep�­�loss:�1.5244�­�accXrac\:�0.5341�­�Yal_loss:�
0.3984�­�Yal_accXrac\:�0.8842�
�
Epoch�00001:�Yal_loss�improYed�from�inf�Wo�0.39840,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�2/50�
150/150�[==============================]�­�6s�43ms/sWep�­�loss:�0.3608�­�accXrac\:�0.8961�­�Yal_loss:�
0.2784�­�Yal_accXrac\:�0.9201�
�
Epoch�00002:�Yal_loss�improYed�from�0.39840�Wo�0.27837,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�3/50�
150/150�[==============================]�­�8s�51ms/sWep�­�loss:�0.2603�­�accXrac\:�0.9262�­�Yal_loss:�
0.2298�­�Yal_accXrac\:�0.9337�
�
Epoch�00003:�Yal_loss�improYed�from�0.27837�Wo�0.22984,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�4/50�
150/150�[==============================]�­�6s�40ms/sWep�­�loss:�0.2205�­�accXrac\:�0.9398�­�Yal_loss:�
0.1960�­�Yal_accXrac\:�0.9428�
�
Epoch�00004:�Yal_loss�improYed�from�0.22984�Wo�0.19601,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�5/50�
150/150�[==============================]�­�6s�39ms/sWep�­�loss:�0.1845�­�accXrac\:�0.9470�­�Yal_loss:�
0.1819�­�Yal_accXrac\:�0.9470�
�
Epoch�00005:�Yal_loss�improYed�from�0.19601�Wo�0.18192,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�6/50�
150/150�[==============================]�­�9s�63ms/sWep�­�loss:�0.1624�­�accXrac\:�0.9535�­�Yal_loss:�
0.1647�­�Yal_accXrac\:�0.9517�
�
Epoch�00006:�Yal_loss�improYed�from�0.18192�Wo�0.16470,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�7/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1429�­�accXrac\:�0.9591�­�Yal_loss:�
0.1548�­�Yal_accXrac\:�0.9547�
�
Epoch�00007:�Yal_loss�improYed�from�0.16470�Wo�0.15479,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�8/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1316�­�accXrac\:�0.9610�­�Yal_loss:�
0.1462�­�Yal_accXrac\:�0.9576�
�
Epoch�00008:�Yal_loss�improYed�from�0.15479�Wo�0.14618,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�9/50�
150/150�[==============================]�­�8s�50ms/sWep�­�loss:�0.1248�­�accXrac\:�0.9652�­�Yal_loss:�
0.1401�­�Yal_accXrac\:�0.9593�
�
Epoch�00009:�Yal_loss�improYed�from�0.14618�Wo�0.14008,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�10/50�
150/150�[==============================]�­�7s�47ms/sWep�­�loss:�0.1149�­�accXrac\:�0.9662�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9612�
�
Epoch�00010:�Yal_loss�improYed�from�0.14008�Wo�0.13137,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�11/50�
150/150�[==============================]�­�7s�46ms/sWep�­�loss:�0.1099�­�accXrac\:�0.9672�­�Yal_loss:�
0.1379�­�Yal_accXrac\:�0.9588�
�
Epoch�00011:�Yal_loss�did�noW�improYe�from�0.13137�
Epoch�12/50�
150/150�[==============================]�­�7s�44ms/sWep�­�loss:�0.1005�­�accXrac\:�0.9711�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9604�
�
Epoch�00012:�Yal_loss�did�noW�improYe�from�0.13137�

TesW�accXrac\:�0.9655�

See mnist_keras_train.ipynb and mnist_keras_apply.ipynb on lecture web page.
For performance comparison: simple softmax regression in mnist_softmax_regression.ipynb.
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TYaiUiUg a digi[-cSaZZiÄca[iVU Ue\YaS Ue[^VYk VU [he MNIST da[aZe[
\ZiUg KeYaZ
TOPZ e_aTWSe PZ fYVT S[efaU W\UZcO (CERN IML TeUZVFSV^ aUd KeYaZ ^VYRZOVW). See aSZV [Oe e_aTWSe VU [Oe KeYaZ ^ebZP[e.

TOe MNIST da[aZe[ PZ VUe Vf [Oe TVZ[ WVW\SaY beUcOTaYR-da[aZe[Z PU TVdeYU TacOPUe SeaYUPUg. TOe da[aZe[ cVUZPZ[Z Vf 70000 PTageZ Vf
OaUd^YP[[eU dPgP[Z aUd aZZVcPa[ed SabeSZ, ^OPcO caU be \Zed [V [YaPU Ue\YaS Ue[^VYR WeYfVYTPUg PTage cSaZZPÄca[PVU.

TOe fVSSV^PUg WYVgYaT WYeZeU[Z [Oe baZPc ^VYRÅV^ Vf KeYaZ ZOV^PUg [Oe TVZ[ PTWVY[ de[aPSZ Vf [Oe API.

In�[1]: fUom�oV�imSoUW�enYiron�
enYiron["KERAS_BACKEND"]�=�"WensorfloZ"�
�
imSoUW�nXmS\�aV�nS�
np.random.seed(1234)�
�
imSoUW�maWSloWlib.S\SloW�aV�SlW�

Do^nload [he da[ase[
TOe cVde beSV^ dV^USVadZ [Oe da[aZe[ aUd WeYfVYTZ a ZcaSPUg Vf [Oe WP_eS-]aS\eZ Vf [Oe PTageZ. Beca\Ze [Oe PTageZ aYe eUcVded ^P[O 8-
bP[ \UZPgUed PU[ ]aS\eZ, ^e ZcaSe [OeZe ]aS\eZ [V ÅVa[PUg-WVPU[ ]aS\eZ PU [Oe YaUge [0,�1)  ZV [Oa[ [Oe PUW\[Z Ta[cO [Oe ac[P]a[PVU Vf [Oe
Ue\YVUZ be[[eY.

In�[2]: fUom�keUaV.daWaVeWV�imSoUW�mnisW�
fUom�keUaV.XWilV.nS_XWilV�imSoUW�Wo_caWegorical�
�
#�DRZQORDG�GDWDVHW�
([_Wrain,�\_Wrain),�([_WesW,�\_WesW)�=�mnisW.load_daWa()�
�
#�TKH�GDWD�LV�ORDGHG�DV�IODW�DUUD\�ZLWK�784�HQWULHV�﴾28[28﴿,�
#�ZH�QHHG�WR�UHVKDSH�LW�LQWR�DQ�DUUD\�ZLWK�VKDSH:�
#�﴾QXPBLPDJHV,�SL[HOVBURZ,�SL[HOVBFROXPQ,�FRORU�FKDQQHOV﴿�
[_Wrain�=�[_Wrain.reshape([_Wrain.shape[0],�28,�28,�1)�
[_WesW�=�[_WesW.reshape([_WesW.shape[0],�28,�28,�1)�
�
#�CRQYHUW�WKH�XLQW8�PNG�JUH\VFDOH�SL[HO�YDOXHV�LQ�UDQJH�[0,�255]�
#�WR�IORDWV�LQ�UDQJH�[0,�1]�
[_Wrain�=�[_Wrain.asW\pe("floaW32")�
[_WesW�=�[_WesW.asW\pe("floaW32")�
[_Wrain�/=�255�
[_WesW�/=�255�
�
#�CRQYHUW�GLJLWV�WR�RQH­KRW�YHFWRUV,�H.J.,�
#�2�­>�[0�0�1�0�0�0�0�0�0�0]�
#�0�­>�[1�0�0�0�0�0�0�0�0�0]�
#�9�­>�[0�0�0�0�0�0�0�0�0�1]�
\_Wrain�=�Wo_caWegorical(\_Wrain,�10)�
\_WesW�=�Wo_caWegorical(\_WesW,�10)�

Add[PVUaSS ,̀ ^e Z[VYe ZVTe e_aTWSe PTageZ [V dPZR [V ZOV^ Sa[eY VU [Oe PUfeYeUce WaY[ Vf [Oe KeYaZ API.

In�[3]: imSoUW�Sng�
�
nXm_e[amples�=�6�
offseW�=�100�
�
plW.figXre(figsi]e=(nXm_e[amples*2,�2))�
foU�i�in�range(nXm_e[amples):�
����plW.sXbploW(1,�nXm_e[amples,�i+1)�
����plW.a[is('off')�
����e[ample�=�np.sqXee]e(np.arra\([_WesW[offseW+i]*255).asW\pe("XinW8"))�
����plW.imshoZ(e[ample,�cmap="gra\")�
����Z�=�png.WriWer(28,�28,�gre\scale=TUXe)�
����Z.ZriWe(open("mnisW_e[ample_^`.png".formaW(i+1),�'Zb'),�e[ample)�

In�[4]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D�
�
#�MRGHO�/�GDWD�SDUDPHWHUV�
nXm_classes�=�10�
inpXW_shape�=�(28,�28,�1)�

DeÄne [he model
TOe TVdeS deÄUP[PVU PU KeYaZ caU be dVUe \ZPUg [Oe SeqXenWial  VY [Oe f\Uc[PVUaS API. SOV^U OeYe PZ [Oe SeqXenWial  API aSSV^PUg [V
Z[acR Ue\YaS Ue[^VYR Sa`eYZ VU [VW Vf eacO V[OeY, ^OPcO PZ feaZPbSe fVY TVZ[ Ue\YaS Ue[^VYR TVdeSZ. IU cVU[YaZ[, [Oe f\Uc[PVUaS API ^V\Sd
aSSV^ [V Oa]e T\S[PWSe PUW\[Z aUd V\[W\[Z fVY a Ta_PT\T Vf Åe_PbPSP[` [V b\PSd `V\Y c\Z[VT TVdeS.

In�[10]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D,�InpXW,�DropoXW�
�
#�FRQY�OD\HU�ZLWK�8�3[3�ILOWHUV�
�
model�=�SeqXenWial(�
����[�
��������InpXW(shape=inpXW_shape),�
��������ConY2D(8,�kernel_si]e=(3,�3),�acWiYaWion="relX"),�
��������Ma[Pooling2D(pool_si]e=(2,�2)),�
��������FlaWWen(),�
��������Dense(16,�acWiYaWion="relX"),�
��������Dense(nXm_classes,�acWiYaWion="sofWma["),�
����]�
)�
�
model.sXmmar\()�

Compile [he model
UZPUg KeYaZ, `V\ Oa]e [V compile  a TVdeS, ^OPcO TeaUZ addPUg [Oe SVZZ f\Uc[PVU, [Oe VW[PTPaeY aSgVYP[OT aUd ]aSPda[PVU Te[YPcZ [V `V\Y
[YaPUPUg Ze[\W.

In�[6]: model.compile(loss="caWegorical_crossenWrop\",�
��������opWimi]er="adam",�
��������meWrics=["accXrac\"])�

Train [he model
TOe ceSS beSV^ ZOV^Z [Oe [YaPUPUg WYVced\Ye Vf KeYaZ \ZPUg [Oe model.fiW(...)  Te[OVd. BeZPdeZ [`WPcaS VW[PVUZ Z\cO aZ 
baWch_si]e  aUd epochs , ^OPcO cVU[YVS [Oe U\TbeY Vf gYadPeU[ Z[eWZ Vf `V\Y [YaPUPUg, KeYaZ aSSV^Z [V \Ze caSSbacRZ d\YPUg [YaPUPUg.

CaSSbacRZ aYe Te[OVdZ, ^OPcO aYe caSSed d\YPUg [YaPUPUg [V WeYfVYT [aZRZ Z\cO aZ Za]PUg cOecRWVPU[Z Vf [Oe TVdeS ( ModelCheckpoinW )
VY Z[VW [Oe [YaPUPUg eaYS` Pf a cVU]eYgeUce cYP[eYPa PZ Te[ ( Earl\SWopping ).

In�[7]: fUom�keUaV.callbackV�imSoUW�ModelCheckpoinW,�Earl\SWopping�
�
checkpoinW�=�ModelCheckpoinW(�
������������filepaWh="mnisW_keras_model.h5",�
������������saYe_besW_onl\=TUXe,�
������������Yerbose=1)�
earl\_sWopping�=�Earl\SWopping(paWience=2)�
�
hisWor\�=�model.fiW([_Wrain,�\_Wrain,�#�TUDLQLQJ�GDWD�
������������baWch_si]e=200,�#�BDWFK�VL]H�
������������epochs=50,�#�MD[LPXP�QXPEHU�RI�WUDLQLQJ�HSRFKV�
������������YalidaWion_spliW=0.5,�#�UVH�50%�RI�WKH�WUDLQ�GDWDVHW�IRU�YDOLGDWLRQ�
������������callbacks=[checkpoinW,�earl\_sWopping])�#�RHJLVWHU�FDOOEDFNV�

In�[8]: epochs�=�range(1,�len(hisWor\.hisWor\["loss"])+1)�
plW.figXre(figsi]e=(12,5))�
plW.sXbploW(1,�2,�1)�
plW.ploW(epochs,�hisWor\.hisWor\["loss"],�label="Training�loss")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_loss"],�label="ValidaWion�loss")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("Loss",�fonWsi]e=15)�
plW.sXbploW(1,�2,�2)�
plW.ploW(epochs,�hisWor\.hisWor\["accXrac\"],�label="Training�accXrac\")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_accXrac\"],�label="ValidaWion�accXrac\")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("AccXrac\",�fonWsi]e=15);�

Tes[ [he model
TOe WYedPc[PVU Vf \UZeeU da[a PZ WeYfVYTed \ZPUg [Oe model.predicW(inpXWs)  caSS. BeSV ,̂ a baZPc [eZ[ Vf [Oe TVdeS PZ dVUe b`
caSc\Sa[PUg [Oe acc\Yac` VU [Oe [eZ[ da[aZe[.

In�[9]: #�GHW�SUHGLFWLRQV�RQ�WHVW�GDWDVHW�
\_pred�=�model.predicW([_WesW)�
�
#�CRPSDUH�SUHGLFWLRQV�ZLWK�JURXQG�WUXWK�
WesW_accXrac\�=�np.sXm(�
��������np.argma[(\_WesW,�a[is=1)==np.argma[(\_pred,�a[is=1))/floaW([_WesW.shape[0])�
�
prinW("TesW�accXrac\:�^`".formaW(WesW_accXrac\))�

In�[�]: ��

Model:�"seqXenWial_1"�
_________________________________________________________________�
La\er�(W\pe)�����������������OXWpXW�Shape��������������Param�#����
=================================================================�
conY2d_1�(ConY2D)������������(None,�26,�26,�8)���������80���������
_________________________________________________________________�
ma[_pooling2d_1�(Ma[Pooling2�(None,�13,�13,�8)���������0����������
_________________________________________________________________�
flaWWen_1�(FlaWWen)����������(None,�1352)��������������0����������
_________________________________________________________________�
dense_2�(Dense)��������������(None,�16)����������������21648������
_________________________________________________________________�
dense_3�(Dense)��������������(None,�10)����������������170��������
=================================================================�
ToWal�params:�21,898�
Trainable�params:�21,898�
Non­Wrainable�params:�0�
_________________________________________________________________�

Epoch�1/50�
150/150�[==============================]�­�9s�51ms/sWep�­�loss:�1.5244�­�accXrac\:�0.5341�­�Yal_loss:�
0.3984�­�Yal_accXrac\:�0.8842�
�
Epoch�00001:�Yal_loss�improYed�from�inf�Wo�0.39840,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�2/50�
150/150�[==============================]�­�6s�43ms/sWep�­�loss:�0.3608�­�accXrac\:�0.8961�­�Yal_loss:�
0.2784�­�Yal_accXrac\:�0.9201�
�
Epoch�00002:�Yal_loss�improYed�from�0.39840�Wo�0.27837,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�3/50�
150/150�[==============================]�­�8s�51ms/sWep�­�loss:�0.2603�­�accXrac\:�0.9262�­�Yal_loss:�
0.2298�­�Yal_accXrac\:�0.9337�
�
Epoch�00003:�Yal_loss�improYed�from�0.27837�Wo�0.22984,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�4/50�
150/150�[==============================]�­�6s�40ms/sWep�­�loss:�0.2205�­�accXrac\:�0.9398�­�Yal_loss:�
0.1960�­�Yal_accXrac\:�0.9428�
�
Epoch�00004:�Yal_loss�improYed�from�0.22984�Wo�0.19601,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�5/50�
150/150�[==============================]�­�6s�39ms/sWep�­�loss:�0.1845�­�accXrac\:�0.9470�­�Yal_loss:�
0.1819�­�Yal_accXrac\:�0.9470�
�
Epoch�00005:�Yal_loss�improYed�from�0.19601�Wo�0.18192,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�6/50�
150/150�[==============================]�­�9s�63ms/sWep�­�loss:�0.1624�­�accXrac\:�0.9535�­�Yal_loss:�
0.1647�­�Yal_accXrac\:�0.9517�
�
Epoch�00006:�Yal_loss�improYed�from�0.18192�Wo�0.16470,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�7/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1429�­�accXrac\:�0.9591�­�Yal_loss:�
0.1548�­�Yal_accXrac\:�0.9547�
�
Epoch�00007:�Yal_loss�improYed�from�0.16470�Wo�0.15479,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�8/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1316�­�accXrac\:�0.9610�­�Yal_loss:�
0.1462�­�Yal_accXrac\:�0.9576�
�
Epoch�00008:�Yal_loss�improYed�from�0.15479�Wo�0.14618,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�9/50�
150/150�[==============================]�­�8s�50ms/sWep�­�loss:�0.1248�­�accXrac\:�0.9652�­�Yal_loss:�
0.1401�­�Yal_accXrac\:�0.9593�
�
Epoch�00009:�Yal_loss�improYed�from�0.14618�Wo�0.14008,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�10/50�
150/150�[==============================]�­�7s�47ms/sWep�­�loss:�0.1149�­�accXrac\:�0.9662�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9612�
�
Epoch�00010:�Yal_loss�improYed�from�0.14008�Wo�0.13137,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�11/50�
150/150�[==============================]�­�7s�46ms/sWep�­�loss:�0.1099�­�accXrac\:�0.9672�­�Yal_loss:�
0.1379�­�Yal_accXrac\:�0.9588�
�
Epoch�00011:�Yal_loss�did�noW�improYe�from�0.13137�
Epoch�12/50�
150/150�[==============================]�­�7s�44ms/sWep�­�loss:�0.1005�­�accXrac\:�0.9711�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9604�
�
Epoch�00012:�Yal_loss�did�noW�improYe�from�0.13137�

TesW�accXrac\:�0.9655�
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TYaiUiUg a digi[-cSaZZiÄca[iVU Ue\YaS Ue[^VYk VU [he MNIST da[aZe[
\ZiUg KeYaZ
TOPZ e_aTWSe PZ fYVT S[efaU W\UZcO (CERN IML TeUZVFSV^ aUd KeYaZ ^VYRZOVW). See aSZV [Oe e_aTWSe VU [Oe KeYaZ ^ebZP[e.

TOe MNIST da[aZe[ PZ VUe Vf [Oe TVZ[ WVW\SaY beUcOTaYR-da[aZe[Z PU TVdeYU TacOPUe SeaYUPUg. TOe da[aZe[ cVUZPZ[Z Vf 70000 PTageZ Vf
OaUd^YP[[eU dPgP[Z aUd aZZVcPa[ed SabeSZ, ^OPcO caU be \Zed [V [YaPU Ue\YaS Ue[^VYR WeYfVYTPUg PTage cSaZZPÄca[PVU.

TOe fVSSV^PUg WYVgYaT WYeZeU[Z [Oe baZPc ^VYRÅV^ Vf KeYaZ ZOV^PUg [Oe TVZ[ PTWVY[ de[aPSZ Vf [Oe API.

In�[1]: fUom�oV�imSoUW�enYiron�
enYiron["KERAS_BACKEND"]�=�"WensorfloZ"�
�
imSoUW�nXmS\�aV�nS�
np.random.seed(1234)�
�
imSoUW�maWSloWlib.S\SloW�aV�SlW�

Do^nload [he da[ase[
TOe cVde beSV^ dV^USVadZ [Oe da[aZe[ aUd WeYfVYTZ a ZcaSPUg Vf [Oe WP_eS-]aS\eZ Vf [Oe PTageZ. Beca\Ze [Oe PTageZ aYe eUcVded ^P[O 8-
bP[ \UZPgUed PU[ ]aS\eZ, ^e ZcaSe [OeZe ]aS\eZ [V ÅVa[PUg-WVPU[ ]aS\eZ PU [Oe YaUge [0,�1)  ZV [Oa[ [Oe PUW\[Z Ta[cO [Oe ac[P]a[PVU Vf [Oe
Ue\YVUZ be[[eY.

In�[2]: fUom�keUaV.daWaVeWV�imSoUW�mnisW�
fUom�keUaV.XWilV.nS_XWilV�imSoUW�Wo_caWegorical�
�
#�DRZQORDG�GDWDVHW�
([_Wrain,�\_Wrain),�([_WesW,�\_WesW)�=�mnisW.load_daWa()�
�
#�TKH�GDWD�LV�ORDGHG�DV�IODW�DUUD\�ZLWK�784�HQWULHV�﴾28[28﴿,�
#�ZH�QHHG�WR�UHVKDSH�LW�LQWR�DQ�DUUD\�ZLWK�VKDSH:�
#�﴾QXPBLPDJHV,�SL[HOVBURZ,�SL[HOVBFROXPQ,�FRORU�FKDQQHOV﴿�
[_Wrain�=�[_Wrain.reshape([_Wrain.shape[0],�28,�28,�1)�
[_WesW�=�[_WesW.reshape([_WesW.shape[0],�28,�28,�1)�
�
#�CRQYHUW�WKH�XLQW8�PNG�JUH\VFDOH�SL[HO�YDOXHV�LQ�UDQJH�[0,�255]�
#�WR�IORDWV�LQ�UDQJH�[0,�1]�
[_Wrain�=�[_Wrain.asW\pe("floaW32")�
[_WesW�=�[_WesW.asW\pe("floaW32")�
[_Wrain�/=�255�
[_WesW�/=�255�
�
#�CRQYHUW�GLJLWV�WR�RQH­KRW�YHFWRUV,�H.J.,�
#�2�­>�[0�0�1�0�0�0�0�0�0�0]�
#�0�­>�[1�0�0�0�0�0�0�0�0�0]�
#�9�­>�[0�0�0�0�0�0�0�0�0�1]�
\_Wrain�=�Wo_caWegorical(\_Wrain,�10)�
\_WesW�=�Wo_caWegorical(\_WesW,�10)�

Add[PVUaSS ,̀ ^e Z[VYe ZVTe e_aTWSe PTageZ [V dPZR [V ZOV^ Sa[eY VU [Oe PUfeYeUce WaY[ Vf [Oe KeYaZ API.

In�[3]: imSoUW�Sng�
�
nXm_e[amples�=�6�
offseW�=�100�
�
plW.figXre(figsi]e=(nXm_e[amples*2,�2))�
foU�i�in�range(nXm_e[amples):�
����plW.sXbploW(1,�nXm_e[amples,�i+1)�
����plW.a[is('off')�
����e[ample�=�np.sqXee]e(np.arra\([_WesW[offseW+i]*255).asW\pe("XinW8"))�
����plW.imshoZ(e[ample,�cmap="gra\")�
����Z�=�png.WriWer(28,�28,�gre\scale=TUXe)�
����Z.ZriWe(open("mnisW_e[ample_^`.png".formaW(i+1),�'Zb'),�e[ample)�

In�[4]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D�
�
#�MRGHO�/�GDWD�SDUDPHWHUV�
nXm_classes�=�10�
inpXW_shape�=�(28,�28,�1)�

DeÄne [he model
TOe TVdeS deÄUP[PVU PU KeYaZ caU be dVUe \ZPUg [Oe SeqXenWial  VY [Oe f\Uc[PVUaS API. SOV^U OeYe PZ [Oe SeqXenWial  API aSSV^PUg [V
Z[acR Ue\YaS Ue[^VYR Sa`eYZ VU [VW Vf eacO V[OeY, ^OPcO PZ feaZPbSe fVY TVZ[ Ue\YaS Ue[^VYR TVdeSZ. IU cVU[YaZ[, [Oe f\Uc[PVUaS API ^V\Sd
aSSV^ [V Oa]e T\S[PWSe PUW\[Z aUd V\[W\[Z fVY a Ta_PT\T Vf Åe_PbPSP[` [V b\PSd `V\Y c\Z[VT TVdeS.

In�[10]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D,�InpXW,�DropoXW�
�
#�FRQY�OD\HU�ZLWK�8�3[3�ILOWHUV�
�
model�=�SeqXenWial(�
����[�
��������InpXW(shape=inpXW_shape),�
��������ConY2D(8,�kernel_si]e=(3,�3),�acWiYaWion="relX"),�
��������Ma[Pooling2D(pool_si]e=(2,�2)),�
��������FlaWWen(),�
��������Dense(16,�acWiYaWion="relX"),�
��������Dense(nXm_classes,�acWiYaWion="sofWma["),�
����]�
)�
�
model.sXmmar\()�

Compile [he model
UZPUg KeYaZ, `V\ Oa]e [V compile  a TVdeS, ^OPcO TeaUZ addPUg [Oe SVZZ f\Uc[PVU, [Oe VW[PTPaeY aSgVYP[OT aUd ]aSPda[PVU Te[YPcZ [V `V\Y
[YaPUPUg Ze[\W.

In�[6]: model.compile(loss="caWegorical_crossenWrop\",�
��������opWimi]er="adam",�
��������meWrics=["accXrac\"])�

Train [he model
TOe ceSS beSV^ ZOV^Z [Oe [YaPUPUg WYVced\Ye Vf KeYaZ \ZPUg [Oe model.fiW(...)  Te[OVd. BeZPdeZ [`WPcaS VW[PVUZ Z\cO aZ 
baWch_si]e  aUd epochs , ^OPcO cVU[YVS [Oe U\TbeY Vf gYadPeU[ Z[eWZ Vf `V\Y [YaPUPUg, KeYaZ aSSV^Z [V \Ze caSSbacRZ d\YPUg [YaPUPUg.

CaSSbacRZ aYe Te[OVdZ, ^OPcO aYe caSSed d\YPUg [YaPUPUg [V WeYfVYT [aZRZ Z\cO aZ Za]PUg cOecRWVPU[Z Vf [Oe TVdeS ( ModelCheckpoinW )
VY Z[VW [Oe [YaPUPUg eaYS` Pf a cVU]eYgeUce cYP[eYPa PZ Te[ ( Earl\SWopping ).

In�[7]: fUom�keUaV.callbackV�imSoUW�ModelCheckpoinW,�Earl\SWopping�
�
checkpoinW�=�ModelCheckpoinW(�
������������filepaWh="mnisW_keras_model.h5",�
������������saYe_besW_onl\=TUXe,�
������������Yerbose=1)�
earl\_sWopping�=�Earl\SWopping(paWience=2)�
�
hisWor\�=�model.fiW([_Wrain,�\_Wrain,�#�TUDLQLQJ�GDWD�
������������baWch_si]e=200,�#�BDWFK�VL]H�
������������epochs=50,�#�MD[LPXP�QXPEHU�RI�WUDLQLQJ�HSRFKV�
������������YalidaWion_spliW=0.5,�#�UVH�50%�RI�WKH�WUDLQ�GDWDVHW�IRU�YDOLGDWLRQ�
������������callbacks=[checkpoinW,�earl\_sWopping])�#�RHJLVWHU�FDOOEDFNV�

In�[8]: epochs�=�range(1,�len(hisWor\.hisWor\["loss"])+1)�
plW.figXre(figsi]e=(12,5))�
plW.sXbploW(1,�2,�1)�
plW.ploW(epochs,�hisWor\.hisWor\["loss"],�label="Training�loss")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_loss"],�label="ValidaWion�loss")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("Loss",�fonWsi]e=15)�
plW.sXbploW(1,�2,�2)�
plW.ploW(epochs,�hisWor\.hisWor\["accXrac\"],�label="Training�accXrac\")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_accXrac\"],�label="ValidaWion�accXrac\")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("AccXrac\",�fonWsi]e=15);�

Tes[ [he model
TOe WYedPc[PVU Vf \UZeeU da[a PZ WeYfVYTed \ZPUg [Oe model.predicW(inpXWs)  caSS. BeSV ,̂ a baZPc [eZ[ Vf [Oe TVdeS PZ dVUe b`
caSc\Sa[PUg [Oe acc\Yac` VU [Oe [eZ[ da[aZe[.

In�[9]: #�GHW�SUHGLFWLRQV�RQ�WHVW�GDWDVHW�
\_pred�=�model.predicW([_WesW)�
�
#�CRPSDUH�SUHGLFWLRQV�ZLWK�JURXQG�WUXWK�
WesW_accXrac\�=�np.sXm(�
��������np.argma[(\_WesW,�a[is=1)==np.argma[(\_pred,�a[is=1))/floaW([_WesW.shape[0])�
�
prinW("TesW�accXrac\:�^`".formaW(WesW_accXrac\))�

In�[�]: ��

Model:�"seqXenWial_1"�
_________________________________________________________________�
La\er�(W\pe)�����������������OXWpXW�Shape��������������Param�#����
=================================================================�
conY2d_1�(ConY2D)������������(None,�26,�26,�8)���������80���������
_________________________________________________________________�
ma[_pooling2d_1�(Ma[Pooling2�(None,�13,�13,�8)���������0����������
_________________________________________________________________�
flaWWen_1�(FlaWWen)����������(None,�1352)��������������0����������
_________________________________________________________________�
dense_2�(Dense)��������������(None,�16)����������������21648������
_________________________________________________________________�
dense_3�(Dense)��������������(None,�10)����������������170��������
=================================================================�
ToWal�params:�21,898�
Trainable�params:�21,898�
Non­Wrainable�params:�0�
_________________________________________________________________�

Epoch�1/50�
150/150�[==============================]�­�9s�51ms/sWep�­�loss:�1.5244�­�accXrac\:�0.5341�­�Yal_loss:�
0.3984�­�Yal_accXrac\:�0.8842�
�
Epoch�00001:�Yal_loss�improYed�from�inf�Wo�0.39840,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�2/50�
150/150�[==============================]�­�6s�43ms/sWep�­�loss:�0.3608�­�accXrac\:�0.8961�­�Yal_loss:�
0.2784�­�Yal_accXrac\:�0.9201�
�
Epoch�00002:�Yal_loss�improYed�from�0.39840�Wo�0.27837,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�3/50�
150/150�[==============================]�­�8s�51ms/sWep�­�loss:�0.2603�­�accXrac\:�0.9262�­�Yal_loss:�
0.2298�­�Yal_accXrac\:�0.9337�
�
Epoch�00003:�Yal_loss�improYed�from�0.27837�Wo�0.22984,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�4/50�
150/150�[==============================]�­�6s�40ms/sWep�­�loss:�0.2205�­�accXrac\:�0.9398�­�Yal_loss:�
0.1960�­�Yal_accXrac\:�0.9428�
�
Epoch�00004:�Yal_loss�improYed�from�0.22984�Wo�0.19601,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�5/50�
150/150�[==============================]�­�6s�39ms/sWep�­�loss:�0.1845�­�accXrac\:�0.9470�­�Yal_loss:�
0.1819�­�Yal_accXrac\:�0.9470�
�
Epoch�00005:�Yal_loss�improYed�from�0.19601�Wo�0.18192,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�6/50�
150/150�[==============================]�­�9s�63ms/sWep�­�loss:�0.1624�­�accXrac\:�0.9535�­�Yal_loss:�
0.1647�­�Yal_accXrac\:�0.9517�
�
Epoch�00006:�Yal_loss�improYed�from�0.18192�Wo�0.16470,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�7/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1429�­�accXrac\:�0.9591�­�Yal_loss:�
0.1548�­�Yal_accXrac\:�0.9547�
�
Epoch�00007:�Yal_loss�improYed�from�0.16470�Wo�0.15479,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�8/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1316�­�accXrac\:�0.9610�­�Yal_loss:�
0.1462�­�Yal_accXrac\:�0.9576�
�
Epoch�00008:�Yal_loss�improYed�from�0.15479�Wo�0.14618,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�9/50�
150/150�[==============================]�­�8s�50ms/sWep�­�loss:�0.1248�­�accXrac\:�0.9652�­�Yal_loss:�
0.1401�­�Yal_accXrac\:�0.9593�
�
Epoch�00009:�Yal_loss�improYed�from�0.14618�Wo�0.14008,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�10/50�
150/150�[==============================]�­�7s�47ms/sWep�­�loss:�0.1149�­�accXrac\:�0.9662�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9612�
�
Epoch�00010:�Yal_loss�improYed�from�0.14008�Wo�0.13137,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�11/50�
150/150�[==============================]�­�7s�46ms/sWep�­�loss:�0.1099�­�accXrac\:�0.9672�­�Yal_loss:�
0.1379�­�Yal_accXrac\:�0.9588�
�
Epoch�00011:�Yal_loss�did�noW�improYe�from�0.13137�
Epoch�12/50�
150/150�[==============================]�­�7s�44ms/sWep�­�loss:�0.1005�­�accXrac\:�0.9711�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9604�
�
Epoch�00012:�Yal_loss�did�noW�improYe�from�0.13137�

TesW�accXrac\:�0.9655�

TYaiUiUg a digi[-cSaZZiÄca[iVU Ue\YaS Ue[^VYk VU [he MNIST da[aZe[
\ZiUg KeYaZ
TOPZ e_aTWSe PZ fYVT S[efaU W\UZcO (CERN IML TeUZVFSV^ aUd KeYaZ ^VYRZOVW). See aSZV [Oe e_aTWSe VU [Oe KeYaZ ^ebZP[e.

TOe MNIST da[aZe[ PZ VUe Vf [Oe TVZ[ WVW\SaY beUcOTaYR-da[aZe[Z PU TVdeYU TacOPUe SeaYUPUg. TOe da[aZe[ cVUZPZ[Z Vf 70000 PTageZ Vf
OaUd^YP[[eU dPgP[Z aUd aZZVcPa[ed SabeSZ, ^OPcO caU be \Zed [V [YaPU Ue\YaS Ue[^VYR WeYfVYTPUg PTage cSaZZPÄca[PVU.

TOe fVSSV^PUg WYVgYaT WYeZeU[Z [Oe baZPc ^VYRÅV^ Vf KeYaZ ZOV^PUg [Oe TVZ[ PTWVY[ de[aPSZ Vf [Oe API.

In�[1]: fUom�oV�imSoUW�enYiron�
enYiron["KERAS_BACKEND"]�=�"WensorfloZ"�
�
imSoUW�nXmS\�aV�nS�
np.random.seed(1234)�
�
imSoUW�maWSloWlib.S\SloW�aV�SlW�

Do^nload [he da[ase[
TOe cVde beSV^ dV^USVadZ [Oe da[aZe[ aUd WeYfVYTZ a ZcaSPUg Vf [Oe WP_eS-]aS\eZ Vf [Oe PTageZ. Beca\Ze [Oe PTageZ aYe eUcVded ^P[O 8-
bP[ \UZPgUed PU[ ]aS\eZ, ^e ZcaSe [OeZe ]aS\eZ [V ÅVa[PUg-WVPU[ ]aS\eZ PU [Oe YaUge [0,�1)  ZV [Oa[ [Oe PUW\[Z Ta[cO [Oe ac[P]a[PVU Vf [Oe
Ue\YVUZ be[[eY.

In�[2]: fUom�keUaV.daWaVeWV�imSoUW�mnisW�
fUom�keUaV.XWilV.nS_XWilV�imSoUW�Wo_caWegorical�
�
#�DRZQORDG�GDWDVHW�
([_Wrain,�\_Wrain),�([_WesW,�\_WesW)�=�mnisW.load_daWa()�
�
#�TKH�GDWD�LV�ORDGHG�DV�IODW�DUUD\�ZLWK�784�HQWULHV�﴾28[28﴿,�
#�ZH�QHHG�WR�UHVKDSH�LW�LQWR�DQ�DUUD\�ZLWK�VKDSH:�
#�﴾QXPBLPDJHV,�SL[HOVBURZ,�SL[HOVBFROXPQ,�FRORU�FKDQQHOV﴿�
[_Wrain�=�[_Wrain.reshape([_Wrain.shape[0],�28,�28,�1)�
[_WesW�=�[_WesW.reshape([_WesW.shape[0],�28,�28,�1)�
�
#�CRQYHUW�WKH�XLQW8�PNG�JUH\VFDOH�SL[HO�YDOXHV�LQ�UDQJH�[0,�255]�
#�WR�IORDWV�LQ�UDQJH�[0,�1]�
[_Wrain�=�[_Wrain.asW\pe("floaW32")�
[_WesW�=�[_WesW.asW\pe("floaW32")�
[_Wrain�/=�255�
[_WesW�/=�255�
�
#�CRQYHUW�GLJLWV�WR�RQH­KRW�YHFWRUV,�H.J.,�
#�2�­>�[0�0�1�0�0�0�0�0�0�0]�
#�0�­>�[1�0�0�0�0�0�0�0�0�0]�
#�9�­>�[0�0�0�0�0�0�0�0�0�1]�
\_Wrain�=�Wo_caWegorical(\_Wrain,�10)�
\_WesW�=�Wo_caWegorical(\_WesW,�10)�

Add[PVUaSS ,̀ ^e Z[VYe ZVTe e_aTWSe PTageZ [V dPZR [V ZOV^ Sa[eY VU [Oe PUfeYeUce WaY[ Vf [Oe KeYaZ API.

In�[3]: imSoUW�Sng�
�
nXm_e[amples�=�6�
offseW�=�100�
�
plW.figXre(figsi]e=(nXm_e[amples*2,�2))�
foU�i�in�range(nXm_e[amples):�
����plW.sXbploW(1,�nXm_e[amples,�i+1)�
����plW.a[is('off')�
����e[ample�=�np.sqXee]e(np.arra\([_WesW[offseW+i]*255).asW\pe("XinW8"))�
����plW.imshoZ(e[ample,�cmap="gra\")�
����Z�=�png.WriWer(28,�28,�gre\scale=TUXe)�
����Z.ZriWe(open("mnisW_e[ample_^`.png".formaW(i+1),�'Zb'),�e[ample)�

In�[4]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D�
�
#�MRGHO�/�GDWD�SDUDPHWHUV�
nXm_classes�=�10�
inpXW_shape�=�(28,�28,�1)�

DeÄne [he model
TOe TVdeS deÄUP[PVU PU KeYaZ caU be dVUe \ZPUg [Oe SeqXenWial  VY [Oe f\Uc[PVUaS API. SOV^U OeYe PZ [Oe SeqXenWial  API aSSV^PUg [V
Z[acR Ue\YaS Ue[^VYR Sa`eYZ VU [VW Vf eacO V[OeY, ^OPcO PZ feaZPbSe fVY TVZ[ Ue\YaS Ue[^VYR TVdeSZ. IU cVU[YaZ[, [Oe f\Uc[PVUaS API ^V\Sd
aSSV^ [V Oa]e T\S[PWSe PUW\[Z aUd V\[W\[Z fVY a Ta_PT\T Vf Åe_PbPSP[` [V b\PSd `V\Y c\Z[VT TVdeS.

In�[10]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D,�InpXW,�DropoXW�
�
#�FRQY�OD\HU�ZLWK�8�3[3�ILOWHUV�
�
model�=�SeqXenWial(�
����[�
��������InpXW(shape=inpXW_shape),�
��������ConY2D(8,�kernel_si]e=(3,�3),�acWiYaWion="relX"),�
��������Ma[Pooling2D(pool_si]e=(2,�2)),�
��������FlaWWen(),�
��������Dense(16,�acWiYaWion="relX"),�
��������Dense(nXm_classes,�acWiYaWion="sofWma["),�
����]�
)�
�
model.sXmmar\()�

Compile [he model
UZPUg KeYaZ, `V\ Oa]e [V compile  a TVdeS, ^OPcO TeaUZ addPUg [Oe SVZZ f\Uc[PVU, [Oe VW[PTPaeY aSgVYP[OT aUd ]aSPda[PVU Te[YPcZ [V `V\Y
[YaPUPUg Ze[\W.

In�[6]: model.compile(loss="caWegorical_crossenWrop\",�
��������opWimi]er="adam",�
��������meWrics=["accXrac\"])�

Train [he model
TOe ceSS beSV^ ZOV^Z [Oe [YaPUPUg WYVced\Ye Vf KeYaZ \ZPUg [Oe model.fiW(...)  Te[OVd. BeZPdeZ [`WPcaS VW[PVUZ Z\cO aZ 
baWch_si]e  aUd epochs , ^OPcO cVU[YVS [Oe U\TbeY Vf gYadPeU[ Z[eWZ Vf `V\Y [YaPUPUg, KeYaZ aSSV^Z [V \Ze caSSbacRZ d\YPUg [YaPUPUg.

CaSSbacRZ aYe Te[OVdZ, ^OPcO aYe caSSed d\YPUg [YaPUPUg [V WeYfVYT [aZRZ Z\cO aZ Za]PUg cOecRWVPU[Z Vf [Oe TVdeS ( ModelCheckpoinW )
VY Z[VW [Oe [YaPUPUg eaYS` Pf a cVU]eYgeUce cYP[eYPa PZ Te[ ( Earl\SWopping ).

In�[7]: fUom�keUaV.callbackV�imSoUW�ModelCheckpoinW,�Earl\SWopping�
�
checkpoinW�=�ModelCheckpoinW(�
������������filepaWh="mnisW_keras_model.h5",�
������������saYe_besW_onl\=TUXe,�
������������Yerbose=1)�
earl\_sWopping�=�Earl\SWopping(paWience=2)�
�
hisWor\�=�model.fiW([_Wrain,�\_Wrain,�#�TUDLQLQJ�GDWD�
������������baWch_si]e=200,�#�BDWFK�VL]H�
������������epochs=50,�#�MD[LPXP�QXPEHU�RI�WUDLQLQJ�HSRFKV�
������������YalidaWion_spliW=0.5,�#�UVH�50%�RI�WKH�WUDLQ�GDWDVHW�IRU�YDOLGDWLRQ�
������������callbacks=[checkpoinW,�earl\_sWopping])�#�RHJLVWHU�FDOOEDFNV�

In�[8]: epochs�=�range(1,�len(hisWor\.hisWor\["loss"])+1)�
plW.figXre(figsi]e=(12,5))�
plW.sXbploW(1,�2,�1)�
plW.ploW(epochs,�hisWor\.hisWor\["loss"],�label="Training�loss")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_loss"],�label="ValidaWion�loss")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("Loss",�fonWsi]e=15)�
plW.sXbploW(1,�2,�2)�
plW.ploW(epochs,�hisWor\.hisWor\["accXrac\"],�label="Training�accXrac\")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_accXrac\"],�label="ValidaWion�accXrac\")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("AccXrac\",�fonWsi]e=15);�

Tes[ [he model
TOe WYedPc[PVU Vf \UZeeU da[a PZ WeYfVYTed \ZPUg [Oe model.predicW(inpXWs)  caSS. BeSV ,̂ a baZPc [eZ[ Vf [Oe TVdeS PZ dVUe b`
caSc\Sa[PUg [Oe acc\Yac` VU [Oe [eZ[ da[aZe[.

In�[9]: #�GHW�SUHGLFWLRQV�RQ�WHVW�GDWDVHW�
\_pred�=�model.predicW([_WesW)�
�
#�CRPSDUH�SUHGLFWLRQV�ZLWK�JURXQG�WUXWK�
WesW_accXrac\�=�np.sXm(�
��������np.argma[(\_WesW,�a[is=1)==np.argma[(\_pred,�a[is=1))/floaW([_WesW.shape[0])�
�
prinW("TesW�accXrac\:�^`".formaW(WesW_accXrac\))�

In�[�]: ��

Model:�"seqXenWial_1"�
_________________________________________________________________�
La\er�(W\pe)�����������������OXWpXW�Shape��������������Param�#����
=================================================================�
conY2d_1�(ConY2D)������������(None,�26,�26,�8)���������80���������
_________________________________________________________________�
ma[_pooling2d_1�(Ma[Pooling2�(None,�13,�13,�8)���������0����������
_________________________________________________________________�
flaWWen_1�(FlaWWen)����������(None,�1352)��������������0����������
_________________________________________________________________�
dense_2�(Dense)��������������(None,�16)����������������21648������
_________________________________________________________________�
dense_3�(Dense)��������������(None,�10)����������������170��������
=================================================================�
ToWal�params:�21,898�
Trainable�params:�21,898�
Non­Wrainable�params:�0�
_________________________________________________________________�

Epoch�1/50�
150/150�[==============================]�­�9s�51ms/sWep�­�loss:�1.5244�­�accXrac\:�0.5341�­�Yal_loss:�
0.3984�­�Yal_accXrac\:�0.8842�
�
Epoch�00001:�Yal_loss�improYed�from�inf�Wo�0.39840,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�2/50�
150/150�[==============================]�­�6s�43ms/sWep�­�loss:�0.3608�­�accXrac\:�0.8961�­�Yal_loss:�
0.2784�­�Yal_accXrac\:�0.9201�
�
Epoch�00002:�Yal_loss�improYed�from�0.39840�Wo�0.27837,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�3/50�
150/150�[==============================]�­�8s�51ms/sWep�­�loss:�0.2603�­�accXrac\:�0.9262�­�Yal_loss:�
0.2298�­�Yal_accXrac\:�0.9337�
�
Epoch�00003:�Yal_loss�improYed�from�0.27837�Wo�0.22984,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�4/50�
150/150�[==============================]�­�6s�40ms/sWep�­�loss:�0.2205�­�accXrac\:�0.9398�­�Yal_loss:�
0.1960�­�Yal_accXrac\:�0.9428�
�
Epoch�00004:�Yal_loss�improYed�from�0.22984�Wo�0.19601,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�5/50�
150/150�[==============================]�­�6s�39ms/sWep�­�loss:�0.1845�­�accXrac\:�0.9470�­�Yal_loss:�
0.1819�­�Yal_accXrac\:�0.9470�
�
Epoch�00005:�Yal_loss�improYed�from�0.19601�Wo�0.18192,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�6/50�
150/150�[==============================]�­�9s�63ms/sWep�­�loss:�0.1624�­�accXrac\:�0.9535�­�Yal_loss:�
0.1647�­�Yal_accXrac\:�0.9517�
�
Epoch�00006:�Yal_loss�improYed�from�0.18192�Wo�0.16470,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�7/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1429�­�accXrac\:�0.9591�­�Yal_loss:�
0.1548�­�Yal_accXrac\:�0.9547�
�
Epoch�00007:�Yal_loss�improYed�from�0.16470�Wo�0.15479,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�8/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1316�­�accXrac\:�0.9610�­�Yal_loss:�
0.1462�­�Yal_accXrac\:�0.9576�
�
Epoch�00008:�Yal_loss�improYed�from�0.15479�Wo�0.14618,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�9/50�
150/150�[==============================]�­�8s�50ms/sWep�­�loss:�0.1248�­�accXrac\:�0.9652�­�Yal_loss:�
0.1401�­�Yal_accXrac\:�0.9593�
�
Epoch�00009:�Yal_loss�improYed�from�0.14618�Wo�0.14008,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�10/50�
150/150�[==============================]�­�7s�47ms/sWep�­�loss:�0.1149�­�accXrac\:�0.9662�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9612�
�
Epoch�00010:�Yal_loss�improYed�from�0.14008�Wo�0.13137,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�11/50�
150/150�[==============================]�­�7s�46ms/sWep�­�loss:�0.1099�­�accXrac\:�0.9672�­�Yal_loss:�
0.1379�­�Yal_accXrac\:�0.9588�
�
Epoch�00011:�Yal_loss�did�noW�improYe�from�0.13137�
Epoch�12/50�
150/150�[==============================]�­�7s�44ms/sWep�­�loss:�0.1005�­�accXrac\:�0.9711�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9604�
�
Epoch�00012:�Yal_loss�did�noW�improYe�from�0.13137�

TesW�accXrac\:�0.9655�

TYaiUiUg a digi[-cSaZZiÄca[iVU Ue\YaS Ue[^VYk VU [he MNIST da[aZe[
\ZiUg KeYaZ
TOPZ e_aTWSe PZ fYVT S[efaU W\UZcO (CERN IML TeUZVFSV^ aUd KeYaZ ^VYRZOVW). See aSZV [Oe e_aTWSe VU [Oe KeYaZ ^ebZP[e.

TOe MNIST da[aZe[ PZ VUe Vf [Oe TVZ[ WVW\SaY beUcOTaYR-da[aZe[Z PU TVdeYU TacOPUe SeaYUPUg. TOe da[aZe[ cVUZPZ[Z Vf 70000 PTageZ Vf
OaUd^YP[[eU dPgP[Z aUd aZZVcPa[ed SabeSZ, ^OPcO caU be \Zed [V [YaPU Ue\YaS Ue[^VYR WeYfVYTPUg PTage cSaZZPÄca[PVU.

TOe fVSSV^PUg WYVgYaT WYeZeU[Z [Oe baZPc ^VYRÅV^ Vf KeYaZ ZOV^PUg [Oe TVZ[ PTWVY[ de[aPSZ Vf [Oe API.

In�[1]: fUom�oV�imSoUW�enYiron�
enYiron["KERAS_BACKEND"]�=�"WensorfloZ"�
�
imSoUW�nXmS\�aV�nS�
np.random.seed(1234)�
�
imSoUW�maWSloWlib.S\SloW�aV�SlW�

Do^nload [he da[ase[
TOe cVde beSV^ dV^USVadZ [Oe da[aZe[ aUd WeYfVYTZ a ZcaSPUg Vf [Oe WP_eS-]aS\eZ Vf [Oe PTageZ. Beca\Ze [Oe PTageZ aYe eUcVded ^P[O 8-
bP[ \UZPgUed PU[ ]aS\eZ, ^e ZcaSe [OeZe ]aS\eZ [V ÅVa[PUg-WVPU[ ]aS\eZ PU [Oe YaUge [0,�1)  ZV [Oa[ [Oe PUW\[Z Ta[cO [Oe ac[P]a[PVU Vf [Oe
Ue\YVUZ be[[eY.

In�[2]: fUom�keUaV.daWaVeWV�imSoUW�mnisW�
fUom�keUaV.XWilV.nS_XWilV�imSoUW�Wo_caWegorical�
�
#�DRZQORDG�GDWDVHW�
([_Wrain,�\_Wrain),�([_WesW,�\_WesW)�=�mnisW.load_daWa()�
�
#�TKH�GDWD�LV�ORDGHG�DV�IODW�DUUD\�ZLWK�784�HQWULHV�﴾28[28﴿,�
#�ZH�QHHG�WR�UHVKDSH�LW�LQWR�DQ�DUUD\�ZLWK�VKDSH:�
#�﴾QXPBLPDJHV,�SL[HOVBURZ,�SL[HOVBFROXPQ,�FRORU�FKDQQHOV﴿�
[_Wrain�=�[_Wrain.reshape([_Wrain.shape[0],�28,�28,�1)�
[_WesW�=�[_WesW.reshape([_WesW.shape[0],�28,�28,�1)�
�
#�CRQYHUW�WKH�XLQW8�PNG�JUH\VFDOH�SL[HO�YDOXHV�LQ�UDQJH�[0,�255]�
#�WR�IORDWV�LQ�UDQJH�[0,�1]�
[_Wrain�=�[_Wrain.asW\pe("floaW32")�
[_WesW�=�[_WesW.asW\pe("floaW32")�
[_Wrain�/=�255�
[_WesW�/=�255�
�
#�CRQYHUW�GLJLWV�WR�RQH­KRW�YHFWRUV,�H.J.,�
#�2�­>�[0�0�1�0�0�0�0�0�0�0]�
#�0�­>�[1�0�0�0�0�0�0�0�0�0]�
#�9�­>�[0�0�0�0�0�0�0�0�0�1]�
\_Wrain�=�Wo_caWegorical(\_Wrain,�10)�
\_WesW�=�Wo_caWegorical(\_WesW,�10)�

Add[PVUaSS ,̀ ^e Z[VYe ZVTe e_aTWSe PTageZ [V dPZR [V ZOV^ Sa[eY VU [Oe PUfeYeUce WaY[ Vf [Oe KeYaZ API.

In�[3]: imSoUW�Sng�
�
nXm_e[amples�=�6�
offseW�=�100�
�
plW.figXre(figsi]e=(nXm_e[amples*2,�2))�
foU�i�in�range(nXm_e[amples):�
����plW.sXbploW(1,�nXm_e[amples,�i+1)�
����plW.a[is('off')�
����e[ample�=�np.sqXee]e(np.arra\([_WesW[offseW+i]*255).asW\pe("XinW8"))�
����plW.imshoZ(e[ample,�cmap="gra\")�
����Z�=�png.WriWer(28,�28,�gre\scale=TUXe)�
����Z.ZriWe(open("mnisW_e[ample_^`.png".formaW(i+1),�'Zb'),�e[ample)�

In�[4]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D�
�
#�MRGHO�/�GDWD�SDUDPHWHUV�
nXm_classes�=�10�
inpXW_shape�=�(28,�28,�1)�

DeÄne [he model
TOe TVdeS deÄUP[PVU PU KeYaZ caU be dVUe \ZPUg [Oe SeqXenWial  VY [Oe f\Uc[PVUaS API. SOV^U OeYe PZ [Oe SeqXenWial  API aSSV^PUg [V
Z[acR Ue\YaS Ue[^VYR Sa`eYZ VU [VW Vf eacO V[OeY, ^OPcO PZ feaZPbSe fVY TVZ[ Ue\YaS Ue[^VYR TVdeSZ. IU cVU[YaZ[, [Oe f\Uc[PVUaS API ^V\Sd
aSSV^ [V Oa]e T\S[PWSe PUW\[Z aUd V\[W\[Z fVY a Ta_PT\T Vf Åe_PbPSP[` [V b\PSd `V\Y c\Z[VT TVdeS.

In�[10]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D,�InpXW,�DropoXW�
�
#�FRQY�OD\HU�ZLWK�8�3[3�ILOWHUV�
�
model�=�SeqXenWial(�
����[�
��������InpXW(shape=inpXW_shape),�
��������ConY2D(8,�kernel_si]e=(3,�3),�acWiYaWion="relX"),�
��������Ma[Pooling2D(pool_si]e=(2,�2)),�
��������FlaWWen(),�
��������Dense(16,�acWiYaWion="relX"),�
��������Dense(nXm_classes,�acWiYaWion="sofWma["),�
����]�
)�
�
model.sXmmar\()�

Compile [he model
UZPUg KeYaZ, `V\ Oa]e [V compile  a TVdeS, ^OPcO TeaUZ addPUg [Oe SVZZ f\Uc[PVU, [Oe VW[PTPaeY aSgVYP[OT aUd ]aSPda[PVU Te[YPcZ [V `V\Y
[YaPUPUg Ze[\W.

In�[6]: model.compile(loss="caWegorical_crossenWrop\",�
��������opWimi]er="adam",�
��������meWrics=["accXrac\"])�

Train [he model
TOe ceSS beSV^ ZOV^Z [Oe [YaPUPUg WYVced\Ye Vf KeYaZ \ZPUg [Oe model.fiW(...)  Te[OVd. BeZPdeZ [`WPcaS VW[PVUZ Z\cO aZ 
baWch_si]e  aUd epochs , ^OPcO cVU[YVS [Oe U\TbeY Vf gYadPeU[ Z[eWZ Vf `V\Y [YaPUPUg, KeYaZ aSSV^Z [V \Ze caSSbacRZ d\YPUg [YaPUPUg.

CaSSbacRZ aYe Te[OVdZ, ^OPcO aYe caSSed d\YPUg [YaPUPUg [V WeYfVYT [aZRZ Z\cO aZ Za]PUg cOecRWVPU[Z Vf [Oe TVdeS ( ModelCheckpoinW )
VY Z[VW [Oe [YaPUPUg eaYS` Pf a cVU]eYgeUce cYP[eYPa PZ Te[ ( Earl\SWopping ).

In�[7]: fUom�keUaV.callbackV�imSoUW�ModelCheckpoinW,�Earl\SWopping�
�
checkpoinW�=�ModelCheckpoinW(�
������������filepaWh="mnisW_keras_model.h5",�
������������saYe_besW_onl\=TUXe,�
������������Yerbose=1)�
earl\_sWopping�=�Earl\SWopping(paWience=2)�
�
hisWor\�=�model.fiW([_Wrain,�\_Wrain,�#�TUDLQLQJ�GDWD�
������������baWch_si]e=200,�#�BDWFK�VL]H�
������������epochs=50,�#�MD[LPXP�QXPEHU�RI�WUDLQLQJ�HSRFKV�
������������YalidaWion_spliW=0.5,�#�UVH�50%�RI�WKH�WUDLQ�GDWDVHW�IRU�YDOLGDWLRQ�
������������callbacks=[checkpoinW,�earl\_sWopping])�#�RHJLVWHU�FDOOEDFNV�

In�[8]: epochs�=�range(1,�len(hisWor\.hisWor\["loss"])+1)�
plW.figXre(figsi]e=(12,5))�
plW.sXbploW(1,�2,�1)�
plW.ploW(epochs,�hisWor\.hisWor\["loss"],�label="Training�loss")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_loss"],�label="ValidaWion�loss")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("Loss",�fonWsi]e=15)�
plW.sXbploW(1,�2,�2)�
plW.ploW(epochs,�hisWor\.hisWor\["accXrac\"],�label="Training�accXrac\")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_accXrac\"],�label="ValidaWion�accXrac\")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("AccXrac\",�fonWsi]e=15);�

Tes[ [he model
TOe WYedPc[PVU Vf \UZeeU da[a PZ WeYfVYTed \ZPUg [Oe model.predicW(inpXWs)  caSS. BeSV ,̂ a baZPc [eZ[ Vf [Oe TVdeS PZ dVUe b`
caSc\Sa[PUg [Oe acc\Yac` VU [Oe [eZ[ da[aZe[.

In�[9]: #�GHW�SUHGLFWLRQV�RQ�WHVW�GDWDVHW�
\_pred�=�model.predicW([_WesW)�
�
#�CRPSDUH�SUHGLFWLRQV�ZLWK�JURXQG�WUXWK�
WesW_accXrac\�=�np.sXm(�
��������np.argma[(\_WesW,�a[is=1)==np.argma[(\_pred,�a[is=1))/floaW([_WesW.shape[0])�
�
prinW("TesW�accXrac\:�^`".formaW(WesW_accXrac\))�

In�[�]: ��

Model:�"seqXenWial_1"�
_________________________________________________________________�
La\er�(W\pe)�����������������OXWpXW�Shape��������������Param�#����
=================================================================�
conY2d_1�(ConY2D)������������(None,�26,�26,�8)���������80���������
_________________________________________________________________�
ma[_pooling2d_1�(Ma[Pooling2�(None,�13,�13,�8)���������0����������
_________________________________________________________________�
flaWWen_1�(FlaWWen)����������(None,�1352)��������������0����������
_________________________________________________________________�
dense_2�(Dense)��������������(None,�16)����������������21648������
_________________________________________________________________�
dense_3�(Dense)��������������(None,�10)����������������170��������
=================================================================�
ToWal�params:�21,898�
Trainable�params:�21,898�
Non­Wrainable�params:�0�
_________________________________________________________________�

Epoch�1/50�
150/150�[==============================]�­�9s�51ms/sWep�­�loss:�1.5244�­�accXrac\:�0.5341�­�Yal_loss:�
0.3984�­�Yal_accXrac\:�0.8842�
�
Epoch�00001:�Yal_loss�improYed�from�inf�Wo�0.39840,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�2/50�
150/150�[==============================]�­�6s�43ms/sWep�­�loss:�0.3608�­�accXrac\:�0.8961�­�Yal_loss:�
0.2784�­�Yal_accXrac\:�0.9201�
�
Epoch�00002:�Yal_loss�improYed�from�0.39840�Wo�0.27837,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�3/50�
150/150�[==============================]�­�8s�51ms/sWep�­�loss:�0.2603�­�accXrac\:�0.9262�­�Yal_loss:�
0.2298�­�Yal_accXrac\:�0.9337�
�
Epoch�00003:�Yal_loss�improYed�from�0.27837�Wo�0.22984,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�4/50�
150/150�[==============================]�­�6s�40ms/sWep�­�loss:�0.2205�­�accXrac\:�0.9398�­�Yal_loss:�
0.1960�­�Yal_accXrac\:�0.9428�
�
Epoch�00004:�Yal_loss�improYed�from�0.22984�Wo�0.19601,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�5/50�
150/150�[==============================]�­�6s�39ms/sWep�­�loss:�0.1845�­�accXrac\:�0.9470�­�Yal_loss:�
0.1819�­�Yal_accXrac\:�0.9470�
�
Epoch�00005:�Yal_loss�improYed�from�0.19601�Wo�0.18192,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�6/50�
150/150�[==============================]�­�9s�63ms/sWep�­�loss:�0.1624�­�accXrac\:�0.9535�­�Yal_loss:�
0.1647�­�Yal_accXrac\:�0.9517�
�
Epoch�00006:�Yal_loss�improYed�from�0.18192�Wo�0.16470,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�7/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1429�­�accXrac\:�0.9591�­�Yal_loss:�
0.1548�­�Yal_accXrac\:�0.9547�
�
Epoch�00007:�Yal_loss�improYed�from�0.16470�Wo�0.15479,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�8/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1316�­�accXrac\:�0.9610�­�Yal_loss:�
0.1462�­�Yal_accXrac\:�0.9576�
�
Epoch�00008:�Yal_loss�improYed�from�0.15479�Wo�0.14618,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�9/50�
150/150�[==============================]�­�8s�50ms/sWep�­�loss:�0.1248�­�accXrac\:�0.9652�­�Yal_loss:�
0.1401�­�Yal_accXrac\:�0.9593�
�
Epoch�00009:�Yal_loss�improYed�from�0.14618�Wo�0.14008,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�10/50�
150/150�[==============================]�­�7s�47ms/sWep�­�loss:�0.1149�­�accXrac\:�0.9662�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9612�
�
Epoch�00010:�Yal_loss�improYed�from�0.14008�Wo�0.13137,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�11/50�
150/150�[==============================]�­�7s�46ms/sWep�­�loss:�0.1099�­�accXrac\:�0.9672�­�Yal_loss:�
0.1379�­�Yal_accXrac\:�0.9588�
�
Epoch�00011:�Yal_loss�did�noW�improYe�from�0.13137�
Epoch�12/50�
150/150�[==============================]�­�7s�44ms/sWep�­�loss:�0.1005�­�accXrac\:�0.9711�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9604�
�
Epoch�00012:�Yal_loss�did�noW�improYe�from�0.13137�

TesW�accXrac\:�0.9655�
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TYaiUiUg a digi[-cSaZZiÄca[iVU Ue\YaS Ue[^VYk VU [he MNIST da[aZe[
\ZiUg KeYaZ
TOPZ e_aTWSe PZ fYVT S[efaU W\UZcO (CERN IML TeUZVFSV^ aUd KeYaZ ^VYRZOVW). See aSZV [Oe e_aTWSe VU [Oe KeYaZ ^ebZP[e.

TOe MNIST da[aZe[ PZ VUe Vf [Oe TVZ[ WVW\SaY beUcOTaYR-da[aZe[Z PU TVdeYU TacOPUe SeaYUPUg. TOe da[aZe[ cVUZPZ[Z Vf 70000 PTageZ Vf
OaUd^YP[[eU dPgP[Z aUd aZZVcPa[ed SabeSZ, ^OPcO caU be \Zed [V [YaPU Ue\YaS Ue[^VYR WeYfVYTPUg PTage cSaZZPÄca[PVU.

TOe fVSSV^PUg WYVgYaT WYeZeU[Z [Oe baZPc ^VYRÅV^ Vf KeYaZ ZOV^PUg [Oe TVZ[ PTWVY[ de[aPSZ Vf [Oe API.

In�[1]: fUom�oV�imSoUW�enYiron�
enYiron["KERAS_BACKEND"]�=�"WensorfloZ"�
�
imSoUW�nXmS\�aV�nS�
np.random.seed(1234)�
�
imSoUW�maWSloWlib.S\SloW�aV�SlW�

Do^nload [he da[ase[
TOe cVde beSV^ dV^USVadZ [Oe da[aZe[ aUd WeYfVYTZ a ZcaSPUg Vf [Oe WP_eS-]aS\eZ Vf [Oe PTageZ. Beca\Ze [Oe PTageZ aYe eUcVded ^P[O 8-
bP[ \UZPgUed PU[ ]aS\eZ, ^e ZcaSe [OeZe ]aS\eZ [V ÅVa[PUg-WVPU[ ]aS\eZ PU [Oe YaUge [0,�1)  ZV [Oa[ [Oe PUW\[Z Ta[cO [Oe ac[P]a[PVU Vf [Oe
Ue\YVUZ be[[eY.

In�[2]: fUom�keUaV.daWaVeWV�imSoUW�mnisW�
fUom�keUaV.XWilV.nS_XWilV�imSoUW�Wo_caWegorical�
�
#�DRZQORDG�GDWDVHW�
([_Wrain,�\_Wrain),�([_WesW,�\_WesW)�=�mnisW.load_daWa()�
�
#�TKH�GDWD�LV�ORDGHG�DV�IODW�DUUD\�ZLWK�784�HQWULHV�﴾28[28﴿,�
#�ZH�QHHG�WR�UHVKDSH�LW�LQWR�DQ�DUUD\�ZLWK�VKDSH:�
#�﴾QXPBLPDJHV,�SL[HOVBURZ,�SL[HOVBFROXPQ,�FRORU�FKDQQHOV﴿�
[_Wrain�=�[_Wrain.reshape([_Wrain.shape[0],�28,�28,�1)�
[_WesW�=�[_WesW.reshape([_WesW.shape[0],�28,�28,�1)�
�
#�CRQYHUW�WKH�XLQW8�PNG�JUH\VFDOH�SL[HO�YDOXHV�LQ�UDQJH�[0,�255]�
#�WR�IORDWV�LQ�UDQJH�[0,�1]�
[_Wrain�=�[_Wrain.asW\pe("floaW32")�
[_WesW�=�[_WesW.asW\pe("floaW32")�
[_Wrain�/=�255�
[_WesW�/=�255�
�
#�CRQYHUW�GLJLWV�WR�RQH­KRW�YHFWRUV,�H.J.,�
#�2�­>�[0�0�1�0�0�0�0�0�0�0]�
#�0�­>�[1�0�0�0�0�0�0�0�0�0]�
#�9�­>�[0�0�0�0�0�0�0�0�0�1]�
\_Wrain�=�Wo_caWegorical(\_Wrain,�10)�
\_WesW�=�Wo_caWegorical(\_WesW,�10)�

Add[PVUaSS ,̀ ^e Z[VYe ZVTe e_aTWSe PTageZ [V dPZR [V ZOV^ Sa[eY VU [Oe PUfeYeUce WaY[ Vf [Oe KeYaZ API.

In�[3]: imSoUW�Sng�
�
nXm_e[amples�=�6�
offseW�=�100�
�
plW.figXre(figsi]e=(nXm_e[amples*2,�2))�
foU�i�in�range(nXm_e[amples):�
����plW.sXbploW(1,�nXm_e[amples,�i+1)�
����plW.a[is('off')�
����e[ample�=�np.sqXee]e(np.arra\([_WesW[offseW+i]*255).asW\pe("XinW8"))�
����plW.imshoZ(e[ample,�cmap="gra\")�
����Z�=�png.WriWer(28,�28,�gre\scale=TUXe)�
����Z.ZriWe(open("mnisW_e[ample_^`.png".formaW(i+1),�'Zb'),�e[ample)�

In�[4]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D�
�
#�MRGHO�/�GDWD�SDUDPHWHUV�
nXm_classes�=�10�
inpXW_shape�=�(28,�28,�1)�

DeÄne [he model
TOe TVdeS deÄUP[PVU PU KeYaZ caU be dVUe \ZPUg [Oe SeqXenWial  VY [Oe f\Uc[PVUaS API. SOV^U OeYe PZ [Oe SeqXenWial  API aSSV^PUg [V
Z[acR Ue\YaS Ue[^VYR Sa`eYZ VU [VW Vf eacO V[OeY, ^OPcO PZ feaZPbSe fVY TVZ[ Ue\YaS Ue[^VYR TVdeSZ. IU cVU[YaZ[, [Oe f\Uc[PVUaS API ^V\Sd
aSSV^ [V Oa]e T\S[PWSe PUW\[Z aUd V\[W\[Z fVY a Ta_PT\T Vf Åe_PbPSP[` [V b\PSd `V\Y c\Z[VT TVdeS.

In�[10]: fUom�keUaV.modelV�imSoUW�SeqXenWial�
fUom�keUaV.la\eUV�imSoUW�Dense,�FlaWWen,�Ma[Pooling2D,�ConY2D,�InpXW,�DropoXW�
�
#�FRQY�OD\HU�ZLWK�8�3[3�ILOWHUV�
�
model�=�SeqXenWial(�
����[�
��������InpXW(shape=inpXW_shape),�
��������ConY2D(8,�kernel_si]e=(3,�3),�acWiYaWion="relX"),�
��������Ma[Pooling2D(pool_si]e=(2,�2)),�
��������FlaWWen(),�
��������Dense(16,�acWiYaWion="relX"),�
��������Dense(nXm_classes,�acWiYaWion="sofWma["),�
����]�
)�
�
model.sXmmar\()�

Compile [he model
UZPUg KeYaZ, `V\ Oa]e [V compile  a TVdeS, ^OPcO TeaUZ addPUg [Oe SVZZ f\Uc[PVU, [Oe VW[PTPaeY aSgVYP[OT aUd ]aSPda[PVU Te[YPcZ [V `V\Y
[YaPUPUg Ze[\W.

In�[6]: model.compile(loss="caWegorical_crossenWrop\",�
��������opWimi]er="adam",�
��������meWrics=["accXrac\"])�

Train [he model
TOe ceSS beSV^ ZOV^Z [Oe [YaPUPUg WYVced\Ye Vf KeYaZ \ZPUg [Oe model.fiW(...)  Te[OVd. BeZPdeZ [`WPcaS VW[PVUZ Z\cO aZ 
baWch_si]e  aUd epochs , ^OPcO cVU[YVS [Oe U\TbeY Vf gYadPeU[ Z[eWZ Vf `V\Y [YaPUPUg, KeYaZ aSSV^Z [V \Ze caSSbacRZ d\YPUg [YaPUPUg.

CaSSbacRZ aYe Te[OVdZ, ^OPcO aYe caSSed d\YPUg [YaPUPUg [V WeYfVYT [aZRZ Z\cO aZ Za]PUg cOecRWVPU[Z Vf [Oe TVdeS ( ModelCheckpoinW )
VY Z[VW [Oe [YaPUPUg eaYS` Pf a cVU]eYgeUce cYP[eYPa PZ Te[ ( Earl\SWopping ).

In�[7]: fUom�keUaV.callbackV�imSoUW�ModelCheckpoinW,�Earl\SWopping�
�
checkpoinW�=�ModelCheckpoinW(�
������������filepaWh="mnisW_keras_model.h5",�
������������saYe_besW_onl\=TUXe,�
������������Yerbose=1)�
earl\_sWopping�=�Earl\SWopping(paWience=2)�
�
hisWor\�=�model.fiW([_Wrain,�\_Wrain,�#�TUDLQLQJ�GDWD�
������������baWch_si]e=200,�#�BDWFK�VL]H�
������������epochs=50,�#�MD[LPXP�QXPEHU�RI�WUDLQLQJ�HSRFKV�
������������YalidaWion_spliW=0.5,�#�UVH�50%�RI�WKH�WUDLQ�GDWDVHW�IRU�YDOLGDWLRQ�
������������callbacks=[checkpoinW,�earl\_sWopping])�#�RHJLVWHU�FDOOEDFNV�

In�[8]: epochs�=�range(1,�len(hisWor\.hisWor\["loss"])+1)�
plW.figXre(figsi]e=(12,5))�
plW.sXbploW(1,�2,�1)�
plW.ploW(epochs,�hisWor\.hisWor\["loss"],�label="Training�loss")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_loss"],�label="ValidaWion�loss")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("Loss",�fonWsi]e=15)�
plW.sXbploW(1,�2,�2)�
plW.ploW(epochs,�hisWor\.hisWor\["accXrac\"],�label="Training�accXrac\")�
plW.ploW(epochs,�hisWor\.hisWor\["Yal_accXrac\"],�label="ValidaWion�accXrac\")�
plW.legend(fonWsi]e=15),�plW.[label("Epochs",�fonWsi]e=15),�plW.\label("AccXrac\",�fonWsi]e=15);�

Tes[ [he model
TOe WYedPc[PVU Vf \UZeeU da[a PZ WeYfVYTed \ZPUg [Oe model.predicW(inpXWs)  caSS. BeSV ,̂ a baZPc [eZ[ Vf [Oe TVdeS PZ dVUe b`
caSc\Sa[PUg [Oe acc\Yac` VU [Oe [eZ[ da[aZe[.

In�[9]: #�GHW�SUHGLFWLRQV�RQ�WHVW�GDWDVHW�
\_pred�=�model.predicW([_WesW)�
�
#�CRPSDUH�SUHGLFWLRQV�ZLWK�JURXQG�WUXWK�
WesW_accXrac\�=�np.sXm(�
��������np.argma[(\_WesW,�a[is=1)==np.argma[(\_pred,�a[is=1))/floaW([_WesW.shape[0])�
�
prinW("TesW�accXrac\:�^`".formaW(WesW_accXrac\))�

In�[�]: ��

Model:�"seqXenWial_1"�
_________________________________________________________________�
La\er�(W\pe)�����������������OXWpXW�Shape��������������Param�#����
=================================================================�
conY2d_1�(ConY2D)������������(None,�26,�26,�8)���������80���������
_________________________________________________________________�
ma[_pooling2d_1�(Ma[Pooling2�(None,�13,�13,�8)���������0����������
_________________________________________________________________�
flaWWen_1�(FlaWWen)����������(None,�1352)��������������0����������
_________________________________________________________________�
dense_2�(Dense)��������������(None,�16)����������������21648������
_________________________________________________________________�
dense_3�(Dense)��������������(None,�10)����������������170��������
=================================================================�
ToWal�params:�21,898�
Trainable�params:�21,898�
Non­Wrainable�params:�0�
_________________________________________________________________�

Epoch�1/50�
150/150�[==============================]�­�9s�51ms/sWep�­�loss:�1.5244�­�accXrac\:�0.5341�­�Yal_loss:�
0.3984�­�Yal_accXrac\:�0.8842�
�
Epoch�00001:�Yal_loss�improYed�from�inf�Wo�0.39840,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�2/50�
150/150�[==============================]�­�6s�43ms/sWep�­�loss:�0.3608�­�accXrac\:�0.8961�­�Yal_loss:�
0.2784�­�Yal_accXrac\:�0.9201�
�
Epoch�00002:�Yal_loss�improYed�from�0.39840�Wo�0.27837,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�3/50�
150/150�[==============================]�­�8s�51ms/sWep�­�loss:�0.2603�­�accXrac\:�0.9262�­�Yal_loss:�
0.2298�­�Yal_accXrac\:�0.9337�
�
Epoch�00003:�Yal_loss�improYed�from�0.27837�Wo�0.22984,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�4/50�
150/150�[==============================]�­�6s�40ms/sWep�­�loss:�0.2205�­�accXrac\:�0.9398�­�Yal_loss:�
0.1960�­�Yal_accXrac\:�0.9428�
�
Epoch�00004:�Yal_loss�improYed�from�0.22984�Wo�0.19601,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�5/50�
150/150�[==============================]�­�6s�39ms/sWep�­�loss:�0.1845�­�accXrac\:�0.9470�­�Yal_loss:�
0.1819�­�Yal_accXrac\:�0.9470�
�
Epoch�00005:�Yal_loss�improYed�from�0.19601�Wo�0.18192,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�6/50�
150/150�[==============================]�­�9s�63ms/sWep�­�loss:�0.1624�­�accXrac\:�0.9535�­�Yal_loss:�
0.1647�­�Yal_accXrac\:�0.9517�
�
Epoch�00006:�Yal_loss�improYed�from�0.18192�Wo�0.16470,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�7/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1429�­�accXrac\:�0.9591�­�Yal_loss:�
0.1548�­�Yal_accXrac\:�0.9547�
�
Epoch�00007:�Yal_loss�improYed�from�0.16470�Wo�0.15479,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�8/50�
150/150�[==============================]�­�6s�41ms/sWep�­�loss:�0.1316�­�accXrac\:�0.9610�­�Yal_loss:�
0.1462�­�Yal_accXrac\:�0.9576�
�
Epoch�00008:�Yal_loss�improYed�from�0.15479�Wo�0.14618,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�9/50�
150/150�[==============================]�­�8s�50ms/sWep�­�loss:�0.1248�­�accXrac\:�0.9652�­�Yal_loss:�
0.1401�­�Yal_accXrac\:�0.9593�
�
Epoch�00009:�Yal_loss�improYed�from�0.14618�Wo�0.14008,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�10/50�
150/150�[==============================]�­�7s�47ms/sWep�­�loss:�0.1149�­�accXrac\:�0.9662�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9612�
�
Epoch�00010:�Yal_loss�improYed�from�0.14008�Wo�0.13137,�saYing�model�Wo�mnisW_keras_model.h5�
Epoch�11/50�
150/150�[==============================]�­�7s�46ms/sWep�­�loss:�0.1099�­�accXrac\:�0.9672�­�Yal_loss:�
0.1379�­�Yal_accXrac\:�0.9588�
�
Epoch�00011:�Yal_loss�did�noW�improYe�from�0.13137�
Epoch�12/50�
150/150�[==============================]�­�7s�44ms/sWep�­�loss:�0.1005�­�accXrac\:�0.9711�­�Yal_loss:�
0.1314�­�Yal_accXrac\:�0.9604�
�
Epoch�00012:�Yal_loss�did�noW�improYe�from�0.13137�

TesW�accXrac\:�0.9655�

This simple CNN achieves about 97% accuracy. 
Adding one convolutional layer increases 
accuracy to about 99% (see Keras website) 
Accuracy with simple softmax regression is 92%.
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Test the trained model

9

Load and appl` a [rained Keras model
The cVde Vf [hPZ UV[ebVVR ZhV^Z hV^ `V\ caU SVad aUd aWWS` aU aSYead` [YaPUed KeYaZ TVdeS.

IQ�[1@: from�os�imporW�HQYLURQ�
HQYLURQ["KERASBBACKEND"@�=�"WHQVRUIORZ"�
imporW�nXmp\�as�np�
imporW�png�
from�keras.models�imporW�ORDGBPRGHO�
from�os�imporW�OLVWGLU�
imporW�maWploWlib.p\ploW�as�plW�

Load [he model
LVadPUg a KeYaZ TVdeS UeedZ VUS` a ZPUgSe SPUe Vf cVde, Zee beSV .̂ Af[eY [hPZ caSS, [he TVdeS PZ bacR PU [he ZaTe Z[a[e `V\ Z[VYed P[ a[ [he
[YaPUPUg Z[eW eP[heY b` [he MRGHOCKHFNSRLQW  VY PRGHO.VDYH(...) .

IQ�[2@: PRGHO�=�ORDGBPRGHO("PQLVWBNHUDVBPRGHO.K5")�

Appl` [he model
The aWWSPca[PVU PZ dVUe aZ ZhV^U PU [he [eZ[PUg WhaZe Vf [he [YaPUPUg ZcYPW[. SPTWS` caSS PRGHO.SUHGLFW(LQSXWV)  VU `V\Y da[a.

IQ�[12@: SUHGLFWLRQV�=�[@�
LPDJHV�=�[@�
for�I�in�VRUWHG(OLVWGLU(".")):�
����if�"PQLVWBH[DPSOHB"�in�I:�
��������LPDJH�=�QS.]HURV((1,�28,�28,�1),�GW\SH=QS.XLQW8)�
��������SQJGDWD�=�SQJ.RHDGHU(RSHQ(I,�'UE')).DVDLUHFW()�
��������for�LBURZ,�URZ�in�HQXPHUDWH(SQJGDWD[2@):�
������������LPDJH[0,�LBURZ,�:,�0@�=�URZ�
��������LPDJHV.DSSHQG(LPDJH)�
���������
��������SUHGLFWLRQ�=�QS.DUJPD[(PRGHO.SUHGLFW(LPDJH))�
��������SUHGLFWLRQV.DSSHQG(SUHGLFWLRQ)�

IQ�[13@: QXPBH[DPSOHV�=�OHQ(LPDJHV)�
SOW.ILJXUH(ILJVL]H=(QXPBH[DPSOHV*2,�2))�
SOW.UFPDUDPV.XSGDWH(^'D[HV.WLWOHVL]H':�'[[­ODUJH'`)�
for�L�in�UDQJH(QXPBH[DPSOHV):�
����SOW.VXESORW(1,�QXPBH[DPSOHV,�L+1)�
����SOW.D[LV('RII')�
����SOW.LPVKRZ(QS.VTXHH]H(LPDJHV[L@),�FPDS="JUD\")�
����SOW.WLWOH("^`".IRUPDW(SUHGLFWLRQV[L@))�

IQ�[22@: I�=�"PQLVWBP\BGLJLWB3.SQJ"�
LPDJH�=�QS.]HURV((1,�28,�28,�1),�GW\SH=QS.XLQW8)�
SQJGDWD�=�SQJ.RHDGHU(RSHQ(I,�'UE')).DVDLUHFW()�
for�LBURZ,�URZ�in�HQXPHUDWH(SQJGDWD[2@):�
����LPDJH[0,�LBURZ,�:,�0@�=�URZ�
�����
SUHGLFWLRQBYHFWRU�=�PRGHO.SUHGLFW(LPDJH)�
SUHGLFWLRQ�=�QS.DUJPD[(SUHGLFWLRQBYHFWRU)�
SULQW�(I"MRGHO�SUHGLFWLRQ�IRU�HDFK�FODVV:�^SUHGLFWLRQBYHFWRU`")�
SULQW�(I"PUHGLFWHG�GLJLW:�^SUHGLFWLRQ`")�
SOW.D[LV('RII')�
SOW.LPVKRZ(QS.VTXHH]H(LPDJH),�FPDS="JUD\");�

IQ�[�@: ��

MRGHO�SUHGLFWLRQ�IRU�HDFK�FODVV:�[[0.�0.�0.�1.�0.�0.�0.�0.�0.�0.@@�
PUHGLFWHG�GLJLW:�3�

Load and appl` a [rained Keras model
The cVde Vf [hPZ UV[ebVVR ZhV^Z hV^ `V\ caU SVad aUd aWWS` aU aSYead` [YaPUed KeYaZ TVdeS.

IQ�[1@: from�os�imporW�HQYLURQ�
HQYLURQ["KERASBBACKEND"@�=�"WHQVRUIORZ"�
imporW�nXmp\�as�np�
imporW�png�
from�keras.models�imporW�ORDGBPRGHO�
from�os�imporW�OLVWGLU�
imporW�maWploWlib.p\ploW�as�plW�

Load [he model
LVadPUg a KeYaZ TVdeS UeedZ VUS` a ZPUgSe SPUe Vf cVde, Zee beSV .̂ Af[eY [hPZ caSS, [he TVdeS PZ bacR PU [he ZaTe Z[a[e `V\ Z[VYed P[ a[ [he
[YaPUPUg Z[eW eP[heY b` [he MRGHOCKHFNSRLQW  VY PRGHO.VDYH(...) .

IQ�[2@: PRGHO�=�ORDGBPRGHO("PQLVWBNHUDVBPRGHO.K5")�

Appl` [he model
The aWWSPca[PVU PZ dVUe aZ ZhV^U PU [he [eZ[PUg WhaZe Vf [he [YaPUPUg ZcYPW[. SPTWS` caSS PRGHO.SUHGLFW(LQSXWV)  VU `V\Y da[a.

IQ�[12@: SUHGLFWLRQV�=�[@�
LPDJHV�=�[@�
for�I�in�VRUWHG(OLVWGLU(".")):�
����if�"PQLVWBH[DPSOHB"�in�I:�
��������LPDJH�=�QS.]HURV((1,�28,�28,�1),�GW\SH=QS.XLQW8)�
��������SQJGDWD�=�SQJ.RHDGHU(RSHQ(I,�'UE')).DVDLUHFW()�
��������for�LBURZ,�URZ�in�HQXPHUDWH(SQJGDWD[2@):�
������������LPDJH[0,�LBURZ,�:,�0@�=�URZ�
��������LPDJHV.DSSHQG(LPDJH)�
���������
��������SUHGLFWLRQ�=�QS.DUJPD[(PRGHO.SUHGLFW(LPDJH))�
��������SUHGLFWLRQV.DSSHQG(SUHGLFWLRQ)�

IQ�[13@: QXPBH[DPSOHV�=�OHQ(LPDJHV)�
SOW.ILJXUH(ILJVL]H=(QXPBH[DPSOHV*2,�2))�
SOW.UFPDUDPV.XSGDWH(^'D[HV.WLWOHVL]H':�'[[­ODUJH'`)�
for�L�in�UDQJH(QXPBH[DPSOHV):�
����SOW.VXESORW(1,�QXPBH[DPSOHV,�L+1)�
����SOW.D[LV('RII')�
����SOW.LPVKRZ(QS.VTXHH]H(LPDJHV[L@),�FPDS="JUD\")�
����SOW.WLWOH("^`".IRUPDW(SUHGLFWLRQV[L@))�

IQ�[22@: I�=�"PQLVWBP\BGLJLWB3.SQJ"�
LPDJH�=�QS.]HURV((1,�28,�28,�1),�GW\SH=QS.XLQW8)�
SQJGDWD�=�SQJ.RHDGHU(RSHQ(I,�'UE')).DVDLUHFW()�
for�LBURZ,�URZ�in�HQXPHUDWH(SQJGDWD[2@):�
����LPDJH[0,�LBURZ,�:,�0@�=�URZ�
�����
SUHGLFWLRQBYHFWRU�=�PRGHO.SUHGLFW(LPDJH)�
SUHGLFWLRQ�=�QS.DUJPD[(SUHGLFWLRQBYHFWRU)�
SULQW�(I"MRGHO�SUHGLFWLRQ�IRU�HDFK�FODVV:�^SUHGLFWLRQBYHFWRU`")�
SULQW�(I"PUHGLFWHG�GLJLW:�^SUHGLFWLRQ`")�
SOW.D[LV('RII')�
SOW.LPVKRZ(QS.VTXHH]H(LPDJH),�FPDS="JUD\");�

IQ�[�@: ��

MRGHO�SUHGLFWLRQ�IRU�HDFK�FODVV:�[[0.�0.�0.�1.�0.�0.�0.�0.�0.�0.@@�
PUHGLFWHG�GLJLW:�3�

Load and appl` a [rained Keras model
The cVde Vf [hPZ UV[ebVVR ZhV^Z hV^ `V\ caU SVad aUd aWWS` aU aSYead` [YaPUed KeYaZ TVdeS.

IQ�[1@: from�os�imporW�HQYLURQ�
HQYLURQ["KERASBBACKEND"@�=�"WHQVRUIORZ"�
imporW�nXmp\�as�np�
imporW�png�
from�keras.models�imporW�ORDGBPRGHO�
from�os�imporW�OLVWGLU�
imporW�maWploWlib.p\ploW�as�plW�

Load [he model
LVadPUg a KeYaZ TVdeS UeedZ VUS` a ZPUgSe SPUe Vf cVde, Zee beSV .̂ Af[eY [hPZ caSS, [he TVdeS PZ bacR PU [he ZaTe Z[a[e `V\ Z[VYed P[ a[ [he
[YaPUPUg Z[eW eP[heY b` [he MRGHOCKHFNSRLQW  VY PRGHO.VDYH(...) .

IQ�[2@: PRGHO�=�ORDGBPRGHO("PQLVWBNHUDVBPRGHO.K5")�

Appl` [he model
The aWWSPca[PVU PZ dVUe aZ ZhV^U PU [he [eZ[PUg WhaZe Vf [he [YaPUPUg ZcYPW[. SPTWS` caSS PRGHO.SUHGLFW(LQSXWV)  VU `V\Y da[a.

IQ�[12@: SUHGLFWLRQV�=�[@�
LPDJHV�=�[@�
for�I�in�VRUWHG(OLVWGLU(".")):�
����if�"PQLVWBH[DPSOHB"�in�I:�
��������LPDJH�=�QS.]HURV((1,�28,�28,�1),�GW\SH=QS.XLQW8)�
��������SQJGDWD�=�SQJ.RHDGHU(RSHQ(I,�'UE')).DVDLUHFW()�
��������for�LBURZ,�URZ�in�HQXPHUDWH(SQJGDWD[2@):�
������������LPDJH[0,�LBURZ,�:,�0@�=�URZ�
��������LPDJHV.DSSHQG(LPDJH)�
���������
��������SUHGLFWLRQ�=�QS.DUJPD[(PRGHO.SUHGLFW(LPDJH))�
��������SUHGLFWLRQV.DSSHQG(SUHGLFWLRQ)�

IQ�[13@: QXPBH[DPSOHV�=�OHQ(LPDJHV)�
SOW.ILJXUH(ILJVL]H=(QXPBH[DPSOHV*2,�2))�
SOW.UFPDUDPV.XSGDWH(^'D[HV.WLWOHVL]H':�'[[­ODUJH'`)�
for�L�in�UDQJH(QXPBH[DPSOHV):�
����SOW.VXESORW(1,�QXPBH[DPSOHV,�L+1)�
����SOW.D[LV('RII')�
����SOW.LPVKRZ(QS.VTXHH]H(LPDJHV[L@),�FPDS="JUD\")�
����SOW.WLWOH("^`".IRUPDW(SUHGLFWLRQV[L@))�

IQ�[22@: I�=�"PQLVWBP\BGLJLWB3.SQJ"�
LPDJH�=�QS.]HURV((1,�28,�28,�1),�GW\SH=QS.XLQW8)�
SQJGDWD�=�SQJ.RHDGHU(RSHQ(I,�'UE')).DVDLUHFW()�
for�LBURZ,�URZ�in�HQXPHUDWH(SQJGDWD[2@):�
����LPDJH[0,�LBURZ,�:,�0@�=�URZ�
�����
SUHGLFWLRQBYHFWRU�=�PRGHO.SUHGLFW(LPDJH)�
SUHGLFWLRQ�=�QS.DUJPD[(SUHGLFWLRQBYHFWRU)�
SULQW�(I"MRGHO�SUHGLFWLRQ�IRU�HDFK�FODVV:�^SUHGLFWLRQBYHFWRU`")�
SULQW�(I"PUHGLFWHG�GLJLW:�^SUHGLFWLRQ`")�
SOW.D[LV('RII')�
SOW.LPVKRZ(QS.VTXHH]H(LPDJH),�FPDS="JUD\");�

IQ�[�@: ��

MRGHO�SUHGLFWLRQ�IRU�HDFK�FODVV:�[[0.�0.�0.�1.�0.�0.�0.�0.�0.�0.@@�
PUHGLFWHG�GLJLW:�3�


