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�ǃŮƦƸ�ŪƙŤƊŨŧ�ťŤŮͺƸţ�ƆǏƽŮǎǆ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƶŤŶƼ�ɥũƀǎƀơ�ŪǏƽǏƹƢŭ�ĽŤƉǆƃſ�ťŤŮͺƸţ�ţƂǄ�ƺƀƱǎ
��ƷƒƬ�Ʒƴ�ŪǎŤǅǀ�ɥƿǎƃŤƽŮƸţǆ�ŪƹŲƼʨŤŧ�ƻơƀƼ�ƆǏƽƼ�ŷƄƍ�ƠƼ�şƃŤƱƸţ�ƷŨư�ƿƼ�ŤǅƽǅƬ�ŪƸǇǅƉǆ�

��ţƂǄ�ƻŵƄŭţ�ƾţ�ŬŨŨŹţ�ŏťŤŮͺƸţ�ţƂǄ�ǂŖţƄư�ƿƼ�ͯšŤǅŮǀţ�ƀǁơ��ƫƸŜƽƸţ�ƠƼ�ƷƑţǇŮƸţ�ƀƢŧǆ�ťŤŮͺƸţ
��ŪǏŧƄƢƸţ�ͭƸţ�ťŤŮͺƸţ�ŬƽŵƄŭ�ƀƽźƸţ�ǃʓƸǆ��ŪǏŧƄƢƸţ�ͭƸţ�ǃŮƽŵƄŭ�ƿƼ�ŤƢǀŤƼ�ƀŨǎ�ƻƸ�ƾţƅǆ�ſʭǏƼ�ƁŤŮƉʬţ

ŵǇǎ�ʬ�ͯŭŤƼǇƹƢƼ�ŦƊŹǆƀ����ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƶǆŤǁŮǎ�ǍŧƄơ�ťŤŮƴ�

� �ťŤŮƴ�ūƄŮŽţ �ƀƱƸɓȡſŤɔƄɑ���ƽơɔƯ��ŏťŤŮͺƸţ �ţƂǄ �ũſǇŵ �ƿƼ �ǃŮǎřƃ �ŤƽƸ �ƾţƅǆ �ſʭǏƼ �ƁŤŮƉʩƸ ��
ǆ��ųƄŽţ �ƾţ �ƟŤƚŮƊƽƸţ �ƃƀư �ŬƸǆŤŹ�ƀƱƸ ��ǃŹƄƍ�ŪƙŤƊŧǆ �ǃŨǏŭƄŭ �ɥƫƸŜƽƸţ �ŤǅƢŨŭţ �ͯŮƸţ �ŪǏŶǅǁƽƹƸ

��ūŤƞŹʭƼ�ǌř�ƳǎƀƸ�ƾŤƴ�ţƁŤƬ�ŏƐƱǁƸţ�ƷƽŮźǎ�ĽŤǎƄƎŧ�́ʭƽơ�ͭƱŨǎ�ţƂǄ�ƠƼǆ�ŏŪǏƸŤơ�ũſǇŵ�ūţƁ�ŪƽŵƄŮŧ
��ͯǀǆƄŮͺƸʬţ�ŤǀƀǎƄŧ�ƄŨơ�ŤǁŮƹƉţƄƽŧ�ſſƄŮŭ�ʭƬ�ŏťŤŮͺƸţ�ţƂǄ�ƶǇŹalaa.taima@qu.edu.iq����

��ţƂǄ�ƀơŤƊǎ�ƾţ�ƷƼŚǀ��şƃŤƱƸţ�ũƀơŤƊƼǆ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƶŤŶƼ�ɥƷŽƀǎ�ƾţ�ƀǎƄǎ�ƿƼ�Ʒƴ�ťŤŮͺƸţ
���ƶŤŶƽƸţ�ţƂǄ�ƻƹƢŭ�ͭƹơ�ǍŧƄƢƸţɥƯǏƬǇŮƸţ�ǃʓƸţ�ƶŚƉţ����ƷƽƢƸţ�ţƂǄǈǇŮźƽƸţ�ŖţƄűʨ����ǍŧƄƢƸţţ��ƄƱŮƭǎ�ǌƂƸ

ʬţ�ƀƍřƶŤŶƼ�ɥƿǏƑƃǆ�ƀǏŵ�ǈǇŮźƼ�ͭƸŝ�ƃŤƱŮƬ��ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ��ƻƹƢŭǆ��ŪƸʬţ��ţǆƻƹƢŮƸ��ƯǏƽƢƸţ���
��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƠƼ�ƟŤŮƽŮƉʬţ�ƳƸ�ǇŵƄǀǆǀǇƊǁŭ�ʬǆŤ���ŖŤơƀƸţ�ŸƸŤƑ�ƿƼ��
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��ŏƳƸƂƸ��ūʬŤŶƽƸţ�ƫƹŮžƼ�ɥƺǇǎ�ƀƢŧ�ŤʽƼǇǎ�ŤǅŮǏŨƢƍ�ſţſƆŭ�ŪǎǇư�ũƀǎƀŵ�ŪǏǁƱŭ�ǇǄ�ƯǏƽƢƸţ�ƻƹƢŮƸţ
��ƻƹƢŮƸŤŧ �ŪƬƄƢƼ �ƻǅǎƀƸ �ƈǏƸ �ƿǎƂƸţ �ƿǏšƀŮŨƽƹƸ �ƐƒžƼ�ťŤŮͺƸţ �ţƂǄ ��ŤǅƽƹƢŮǀ �ƾř �ţĽƀŵ�ƻǅƽƸţ �ƿƼ

ɥŪơƄƊƸţ�ŪƱšŤƬ�ũƃǆƀƸ�ŖţƄƱƸţ�ſţƀơʪ�ƯǏƽƢƸţ�ƾř�ǇǄ�ŖţƄƱƸţ�ƿƼ�ƀǏŹǇƸţ�ŤǁƢưǇŭ��ƯǏƽƢƸţ�ƻƹƢŮƸţ��ƻǅǎƀƸ
��ƾǇŲǎŤŧ�ɥŪǏƉŤƉʨţ�ŪŶƼƄŨƸţ�ūţƃŤǅƼ�ƷƢƭƸŤŧ�

��ŪǏƹƽƢƸţ�ũƄŨžƸţ�ƳƸƁ�ɥŤƽŧ�ŏƟǇƕǇƽƹƸ�ƻǅƭŧ�şƀŮŨƽƴ�ƲƀǎǆƆŭ�ͭƸŝ�ƄƒŮžƽƸţ�ƷǏƸƀƸţ�ţƂǄ�ƪƀǅǎ
���ųƁǇƽǁƸţ�ƄǎǇƚŭ�ɥŪƉǇƽƹƽƸţ��ƳƸ�ƈǏƸ�ťŤŮͺƸţ�ţƂǅƬ�ŏƿǏšƀŮŨƽƸţ�ǈǇŮƊƼ�ƮǇƬ�ƷƢƭƸŤŧ�Ŭǁƴ�ţƁŝ 
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Jupyter Notebookϰϲ
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PyTorchϱϬ

ϱϭ

TensorFlowϱϭ

ϱϮ

KerasϱϮ

ϱϯ
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��

Artificial Neural Networks��

perceptronϱϴ

ϲϮ

ϲϯ

ϲϴ

ϳϬ

ϳϭ

ϳϭ

ϳϮ

ϳϯ

ϳϰ

Sigmoidϳϰ

tanhϳϲ

ReLUϳϴ

SoftmaxϴϬ

Loss Function��

ϴϮ

ϴϰ

Momentumϴϴ



 

NAGϴϵ

kerasϵϬ

ϵϬ

Adagradϵϭ

Adagradkerasϵϭ

AdaDeltaϵϮ

Adadeltakerasϵϯ

RMSpropϵϯ

RMSpropkerasϵϯ

Adamϵϯ

Adamkerasϵϰ

Loss Functionϵϰ

ϵϰ

Mean Square Errorϵϱ

Mean Absolute Errorϵϱ

ϵϱ

Cross Entropyϵϱ

Binary Cross Entropyϵϲ

Backpropagationϵϲ

ϵϳ

ϵϵ

ϵϵ

Early stoppingϭϬϭ

DropoutϭϬϮ

Batch NormalizationϭϬϯ

keras���
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���

���
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LSTM���

LSTMϭϱϱ
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ϭϳϮ

GAN���
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GANϭϳϲ
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��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƺţƀžŮƉţ�ͭƹơ�ƆƴƄǎ�ǌƂƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ƿƼ�ŪǏơƄƬ�ŪơǇƽŶƼ�ǇǄ�ƯǏƽƢƸţ�ƻƹƢŮƸţ
���ũƀƱƢƽƸţ�ūʭͺƎƽƸţ�ƷźƸŏƺǇǏƸţ����ͯŮƸţ�ũƆǅŵʨţǆ�ŴƼţƄŨƸţ�ɥūţƃǇƚŮƸţ�ƷƖƭŧ�ŤʽơǇǏƍ�ƄŲƴř�ŸŨƑř

��ūŤǏƽƴ�ƄƬǇŭ�ŪƱǏƽƢƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƾʨ��ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴ�ūŤǏƽƴ�ŪŶƸŤƢƼǆ�ƠƽŶŧ�ŤǁƸ�ŸƽƊŭ
��ǌƂƸţ�ƀǏŶƸţ�ŖţſʩƸ�ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴŏǃƢưǇŮǀ����ŪǏƽͺƸţ�ǂƂǄ�ŪŶƸŤƢƽƸ�ŪǎǇư�ũƆǅŵř�ŦƹƚŮŭ�ͯƸŤŮƸŤŧǆ

ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨͺƸţ��

��ͯơŤǁƚƑʬţ�ŖŤƴƂƸţǇǄɥ����ǃǁͺƽǎ�ƄŭǇǏŨƽƴ�ŴƼŤǀƄŧ�ŪƚƉţǇŧ�ŪǏƹƱƢƸţ�ƻǅŭŤǏƴǇƹƉǆ�ƄƎŨƹƸ�ũŤƴŤźƼ�ƇŤƉʨţ
��ūţƃŤŨƢŧ��ǌƄƎŧ�ŖŤƴƁ�ũſŤơ�ŦƹƚŮŭ�ŖŤǏƍŚŧ�ƺŤǏƱƸţŏƘƊŧř����ƷƽƎŭ��ǌƄƎŨƸţ�ƲǇƹƊƸţ�ũŤƴŤźƼ�ǃǁͺƽǎ�ƺŤƞǀ

��ŤǅƱǏƱźŭ�ƻŮǎ�ͯŮƸţ�ƘǏƚžŮƸţǆ�ƻƹƢŮƸţǆ�ūʭͺƎƽƸţ�ƷŹ�ūŤǏƴǇƹƊƸţ�ǂƂǄ��ūŤǀŤǏŨƸţ�ƷǏƹźŭ�ƶʭŽ�ƿƼ
ūŤǏƴǇƹƊƸţ�Ƴƹŭ�ƃţƄƵŭ�Ʒŵř�ƿƼ�ŤǅƹŽţƀŧ�ƗŤƽǀʨţ�ƀǎƀźŭǆ����

��ƀŹ�ɥƄǅƞŭ�ͯŮƸţ�ͯƬƄƢƽƸţ�ƻǅƭƸţ�ŪŢƬ�ũŤƴŤźƼ�ǃǁͺƽǎ�ƺŤƞǀ�ǌř�ǆř�ŪǏƼƅƃţǇžƸţ�ǆř�ŪǏǁƱŮƸţ�ǆř�ſǇͺƸţ
��ƻƹƢŮƸţ�ƳƸƁ�ƿƽƖŮǎ��ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ǇǄ�ǃŭţƅŤŶǀŝ�ɥǆř�ŤǅŭţƁŏͯƸʦţ���ƻƹƢŮƸţ�ūʬʧƸ�ƿͺƽǎ�ŰǏŹ
��ƿƼǆ��ǌƄƎŧ�ƷŽƀŭ�ƾǆſ�ūţƃŤǅƽƸţ�ťŤƊŮƴţǆ�ũƄŨžƸţ�ƶʭŽ�ƿƼŏƻű���ŪǁŨƸ�ǇǄ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƾŞƬ

��ɥ�ͯƸʦţ�ƻƹƢŮƸţ�ŖŤǁŧŏƠưţǇƸţ���ǃǁͺƽǎǆ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƿƼ�ŪǏƊǏšƃ�ŪǏơƄƬ�ŪơǇƽŶƼ�ͯƸʦţ�ƻƹƢŮƸţ�ƀƢǎ
ǅŧƃŤŶŭ�ƷƢŶƸ�ŪǏšŤƒŹʪţ�ŦǏƸŤƉʨţ�ƺţƀžŮƉţ�ƿƼ�ūʬʦţ�ƿǏͺƽŭ�ţƂǄ�ŸƽƊǎ��Ūưſǆ�ũſǇŵ�ƄŲƴř�ƻ

��ǆř�ŴƼţƄŨƸţ�ǂƂǄ�ƻǏƽƒŭ�ƻŭ��ƻǅƽƹƢŭǆ�ƻǅŭŤǀŤǏŧ�ͭƹơ�ʽŖŤǁŧ�ƄƼţǆʨţ�ƂǏƭǁŮŧ�ūʬʦţǆ�ƄŭǇǏŨƽͺƸţ�ũƆǅŵʨ
ũƀǎƀŶƸţ�ūŤǀŤǏŨƸţ�ƠƼ�ƫǏƵŮƸţǆ�ŬưǇƸţ�ƃǆƄƽŧ�ƀǎƆƽƸţ�ŪƬƄƢƽƸ�ūŤǏƼƅƃţǇžƸţ����
Ƹţ�ŪǏƹƽơ�ƾř�ǇǄ�ŪǁǏƢƸţ�ͭƹơ�ƻšŤƱƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ƟţƄŮŽʬ�ŪǏƊǏšƄƸţ�ũƄƵƭƸţ��ŬźŨƑř�ŪƹͺƎƽƸţ�ɥƄǏƵƭŮ

��ūţƃƀƱƸţ�ŖŤǁŨƸ�ŪƼƀžŮƊƽƸţ�ŪƱŧŤƊƸţ�ŪƹŲƼʨţ�ͭƽƊŭ��ŪƱŧŤƉ�ŪƹűŤƽƼ�ŪƹŲƼř�ͭƸŝ�ũƃŤƍʪţ�ƶʭŽ�ƿƼ�ŪǁͺƽƼ
��ŪƹŲƼřŏŪǏƽǏƹƢŭ����Ūƽƞǀř�ɥ�ƻƹƢŮƸţ�ƳƸƂŧ�ƺŤǏƱƸţ�ŪǏƹƽơ�ͭƽƊŭǆŏƄŭǇǏŨƽͺƸţ����Ʒͺƍ�ɥũƄŨŽ�ƲŤǁǄƸţŏūŤǀŤǏŨ�

ūŤǏƼƅƃţǇŽ�ƄǎǇƚŭ�ͯǄ�ͯƸʦţ�ƻƹƢŮƹƸ�ŪǏƊǏšƄƸţ�ŪƽǅƽƸţǆ���ƶʭŽ�ƿƼ��ūŤǀŤǏŨƸţ�ŪŵƂƽǁŧ�ƺǇƱŭ�ͯŮƸţ�ƻƹƢŮƸţ
��ƻƹƢŮƸţ�ŪǏƼƅƃţǇŽ�ͭƸŝ�ŪǏŨǎƄŶŮƸţ�ūŤǀŤǏŨƸţ�ŪǎƂƦŭŏͯƸʦţ����ɥūţŜŨǁŭ�Ʒƽơ�ǃǁͺƽǎ�ųƁǇƽǀ�ͭƹơ�Ʒƒźǀ

ũƀǎƀŶƸţ�ūŤƞŹʭƽƸţ���
��ŦƊŮƵŭ�ŰǏŹ�ͯƸʦţ�ƻƹƢŮƸţǆ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƿƼ�ŪǏơƄƬ�ŪơǇƽŶƼ�ŤʽƖǎř�ǇǄ�ƯǏƽƢƸţ�ƻƹƢŮƸţ

��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţŏŪǏơŤǁƚƑʬţ����ƣŤƼƀƸţ�ƿƼ�ũŤŹǇŮƊƽƸţ�ūŤǏƼƅƃţǇžƸţǆŏǌƄƎŨƸţ����ƻƹƢŮƸţ�ͭƹơ�ũƃƀƱƸţ
��ƻƹƢŮƸţ�ŪǏƼƅƃţǇŽ�ƺǇƱŭ��ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴ�ūŤǏƽƴ�ƿƼŏƯǏƽƢƸţ����ƿƼ�Ťǅŧ�ƻƹƢŮǀ�ͯŮƸţ�ŪƱǎƄƚƸţ�ƃţƄƥ�ͭƹơ

��ťƃŤŶŮƸţŏŪƹŲƼʨţǆ����ţʽƃţƄƼ�ƀŹţǆ�Ŗͯƍ�ƷƽƢŧŏţ̔ƃţƄƵŭǆ���ƿƼ��ŪŶǏŮǁƸţ�ƿǏƊźŮƸ�ũƄƼ�Ʒƴ�ɥ́ʭǏƹư�ǂƄǏǏƦŭǆ
ƺŤǏƱƸţ�ƶʭŽ��ŏƳƸƂŧ����ƫǏƵŮƸţǆ�ūŤǀŤǏŨƸţ�ƿƼ�ƐšŤƒŽ�ͭƹơ�ƃǇŲƢƸţ�ɥƄŭǇǏŨƽͺƸţ�ũƆǅŵř�ƀơŤƊǎ�ǃǀŞƬ

��ūŤƬʭŮŽʬţ �ƻǅƬ �ͭƹơ �ūʬʦţ �ūŤǀŤǏŨƸţ �ūŤơǇƽŶƽƸ �ƃƄƵŮƽƸţ �ƓƄƢŮƸţ �ƀơŤƊǎ ��ūţƄǏǏƦŮƸţ �ƠƼ
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��ƘƊŧř�ɥ�ŪưǇűǇƼ�ŪŶǏŮǀ�ͭƸŝ�ƶǇƑǇƸţǆ�ūŤǀŤǏŨƸţ�ƯƙŤǁƼǆŏǃƸŤͺƍř���ŪƹǏƉǆ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƃŤŨŮơţ�ƿͺƽǎ

ǏƹźŮƸţ�ŪŮƽŭʨŪǎŜŨǁŮƸţ�ūʭ���predictive analytics����

·Y¦Ë� f���� ªÌ¼ ·Y�º¸ f·Y�

��Êf·Y�cZÌ»��YÂz·Y�¾»�È�Â¼n»�¾��Ç�Z^��ªÌ¼ ·Y�º¸ f·Y̶�cZ¬^�·Y�µÔy�¾»�º¸ fe̶��
��ÖÀ ¼],�yM����¶�¸�e�LZ�¿S�¾»�ÈÌ»��YÂz·Y�¾°¼e�Êf·Y�cZ¬^�·Y�µÔy�¾»�º¸ f·Y�¾¼�fË

���]O�ºÌÅZ¨»�¾»�Ç|¬ ¼·Y�ºÌÅZ¨¼¸·�Ê»�Å��Ù
��ƷͺƎŧ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƻǅƭƸŏƷƖƬř����ƄǏƦƒƸţ�ƷƭƚƸţ�ƻƹƢŮǎ��ŪƚƱƸţ�ŪǏǄŤƼ�ƻƹƢŮǎ�ţʽƄǏƦƑ�ʛĽʢƭƙ�ƷǏžŭ

ư��Ūƽƹƴ�ƶǇưǆ�ŖŤǏƍʨţ�ͭƸŝ�ũƃŤƍʪţ�ƶʭŽ�ƿƼ�ŪƚƱƸţ�ͯǄ�ŤƼǆ�ŪƚƱƸţ�ͯǄ�ŤƼ��ƶǇƱǎ���Ūƚ�ŏŖŤŧʦţ����ŏƻƢǀ�
��ǆř��Ūƚư�Ťǅǀŝŏʬ����ͭƸŝ�ũƃŤƍʪţ�ɥųƃţƀƸţ�ƷƭƚƸţ�ƃţƄƽŮƉţ�ƠƼ���Ūƚư�ŬƊǏƸ�ŤǅǀŝŏŖŤǏƍʨţ����ŸŨƒǎ�ǃǀŞƬ

��ƠǏƽŵ�Ťǅŧ�ƠŮƽŮŭ�ͯŮƸţ�ƐšŤƒžƸŤŧ�ŤʽǏơǆ�ƄŲƴřŔƘƚƱƸţ�����ƳƸƁ�ƪƄƢǎ�ƾř�ƾǆſ�ƷƭƚƸţ�ǃƹƢƭǎ�ǌƂƸţ�ŤƼ
ŪƚƱƸţ�ƺǇǅƭƼ��ţĽƀƱƢƼ�ţĽƀǎƄŶŭ�Ťǅŧ�Ưƹžǎ�ͯŮƸţ �ŪƱǎƄƚƸţ�ͯǄ�ǂƂǄ��ͯƼƄǄ�ƷƊƹƊŭ�ŖŤƎǀŝ�ƶʭŽ�ƿƼ��

��ƷƊƹƊŮƹƸ �ŪƱŧŤƊƸţ �ŪƱŨƚƸţ �ƿƼ�ŪŨƊŮͺƽƸţ �ŪƬƄƢƽƸţ �ƠƼ�ƀǎƄŶŮƸţ �ƿƼ�ǈǇŮƊƼ�Ʒƴ�ǃǏƬ �ƾǇͺǎ�ŏͯƼƄǅƸţ��
Ťʽźƕţǆǆ�ŤĽƚǏƊŧ�ƀƱƢƽƸţ�ƀǎƄŶŮƸţ�ţƂǄ�ƷƢŶƸ��

��Ƅƒơ�Ūǎţƀŧ�ƂǁƼŏƄŭǇǏŨƽͺƸţ����ũƆǅŵř�ƲʭŮƼŤŧ�ƾǇƽƹźǎǆ�ŪƸʦţ�ŖŤƴƁ�ƶǇŹ�ūŤǎƄƞǀ�ƾǇƢƖǎ�ƾǇŲŹŤŨƸţ�ƾŤƴ
�ƿƼ�ūŤǏǁǏŮƊƸţǆ�ūŤǏǁǏƊƽžƸţ�ɥ�ũƀƱƢƽƸţ�ūʭͺƎƽƹƸ�ƶǇƹźƸţ �ƻǅƬǆ�ƻƹƢŭ�Ťǅǁͺƽǎ�ŪǏƴƁ�ƄŭǇǏŨƽƴ

��ƾƄƱƸţŏͯƕŤƽƸţ����ūŤͺŨƎƸţ�ͭƸǆř�ūƄǅƝŏŪǏŨƒƢƸţ�����ƃǇƒƸţ�ƫǏǁƒŮƸ�ƾǆƄŮŨƉƄǏŧ�ŪǏƼƅƃţǇŽ�ƳƸƁ�ɥŤƽŧ
��ƠƼǆŏƳƸƁ��ʬŤźƸţ�ǂƂǄ�ŬǀŤƴ�ƠƉţǆ�ƮŤƚǀ�ͭƹơ�ŪƢšŤƍ�ƾǇƵŭ�ƾř�ƿͺƽǎ�ʬǆ�ŪǎŤƦƹƸ�ŪƚǏƊŧ�ũƄͺŨƽƸţ�ū.�

��ƶŤƉƃŝ �ũſŤơʪ �ŤĽưƄƙ �ƾǇŲŹŤŨƸţ �ƃǇƙ �ŤƼƀǁơ �ūŤǏǁǏǀŤƽŲƸţ �ɥƃǇǅƞƸţ �ͭƸŝ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �ūſŤơ
ūʭƼŤƢƽƸţ��ūŤǎǇŮƊƽƸţ�ũſƀƢŮƼ�ŪǏŨƒơ�ūŤͺŨƍ�Ŧǎƃƀŭǆ�ŖŤǁŨƸ.�

��ǌſŤźƸţ�ƾƄƱƸţ�ƿƼ�ƶǆʨţ�ƀƱƢƸţ�ɥŬűƀŹ�ͯŮƸţ�ūţƃǇƚŮƸţ�ƠƼƢƸţǆŏƿǎƄƎ���ƿƼ�ƷƢŶŭ�ūŤǏǁƱŭ�ūƄǅƝ
��ƶŤŶƼ�ŪǏƽƊŭ�ͭƸŝ�ūŤƱŨƚƸţ�ũſƀƢŮƼ�ūŤͺŨƎƸţ�ǂƂǄ�ūſř��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ūŤƱŨƙ�ũſŤǎƅ�ƿͺƽƽƸţ
��ũſƀƢŮƼ�ūŤƱŨƙ�ɥūŤǀŤǏŨƸţ �ŴƸŤƢŭ�ūŤǏƼƅƃţǇžƸţ �ƾʨ��ƯǏƽƢƸţ �ƻƹƢŮƸţ� �ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ �ůŤźŧř

�ŪŧŤŶŮƉʭƸ�

��ƺŤơ�ͯƬ�����ŏ���ƫǏǁƒŮƸţ�ūŤǏƼƅƃţǇŽ�ƿƼ�ƷƖƬř�ƷͺƎŧ�Ŗţſʨţ�ɥŪƱǏƽƢƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ūřƀŧ
ŏŪǎƀǏƹƱŮƸţ��ũſŤǎƅ�ͭƸŝ�ƄǏŨƴ�ƀŹ�ͭƸŝ�Ŗţſʨţ�ɥũſŤǎƆƸţ�ǂƂǄ�ƠŵƄŭ��ͯƸʦţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƳƸƁ�ɥŤƽŧ

� �ƄŭǇǏŨƽͺƸţ �ūŤŶƸŤƢƼ �ŖţſřGPUs��ŪǁƽưƄƸţ �ūſř ��ƾʦţ �ũƄƬǇŮƽƸţ �ūŤǀŤǏŨƸţ �ƿƼ �ũƄǏŨͺƸţ �ŪǏƽͺƸţǆ ��
ǎƄƊƸţ��ŪƢƉţǆ �ūŤǀŤǏŧ �ųŤŮǀŝ �ͭƸŝ �ŪƢŏƮŤƚǁƸţ����ƻƹƢŮƸţ �ųƁŤƽǀ �ƈǎƃƀŭ �ɥƺƀžŮƊƽƸţ �ƿǏŶƊƴʨţ �ͯǄǆ
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��ƳƸƁ�ƂǁƼ��ƯǏƽƢƸţŏƿǏźƸţɥ��Ʒƴ�ŏƺŤơ���ƷźƸ�Ŵǅǀ�ƷƖƬř�ŸŨƑřǆ�ƿƊźŮƸţ�ɥƯǏƽƢƸţ�ƻƹƢŮƸţ�ƄƽŮƉţ

ŪƭƹŮžƽƸţ�ūʬŤŶƽƸţ�ƿƼ�ƀǎƀƢƸţ�ɥūʭͺƎƽƸţ����

S �ªÌ¼ ·Y �º¸ f·Y �¹Y|zf�YÁ �ÈÌ^ �·Y �Ê§ ��Z¨e�ÓY �Y~Å ��m�Ë��Ê§ �¹|¬f·Y �Ö·S ��Ì^¯ �|u �Ö·
��ªÌ¼ ·Y �º¸ f·Y �k}Z¼À· �t¼�e �Êf·Y �È¼z�·Y �È»Â�Â¼·Y �cZ¿ZÌ^·Y �cZ�Â¼n»Á �Ç�ÆmÏY

��d«Â·Y��Á�¼]�È���]�Ê§Z f·Z] 

��ŖŤƴƂƸţ�Ǉźǀ�ƺǇǏƸţ�ūŤǏŶƼƄŨƸţ�ŪơŤǁƑ�ǃŶŮŭŏͯƸʦţ�����ŪǏƴƂƸţ�ūʬʧƸ�ƯǎƄƚƸţ�ƀǅƼ�ǌƂƸţ�ǇǄ�ͯƸʦţ�ƻƹƢŮƸţǆ
ŏŪƙŤƊŨŧ����Ʒƹźŭ�ͯŮƸţ�ūŤǏƼƅƃţǇžƸţ�ƿƼ�ŪơǇƽŶƼ�ƿơ�ũƃŤŨơ�ͯƸʦţ�ƻƹƢŮƸţŏūŤǀŤǏŨƸţ����ƻƹƢŮŭǆ�ŏŤǅǁƼ���ƻű

��ǇǄ�ŪǎƀǏƹƱŮƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƆǏƽǎ�ǌƂƸţ�ŖͯƎƸţ��ŪǏƴƁ�ūţƃţƄư�ƁŤžŭʬ�ǂǇƽƹƢŭ�ŤƼ�ƯŨƚŭ
ŏŤǅǀř����ǈƀƼ�ƿơ�ƄƞǁƸţ�ƔƦŧŏŤǄƀǏƱƢŭ����ͭǁƢƽŧ��ŪƸʦŤŧ�ŪǅǏŨƍ�ƶţƆŭ�ʬŏƄŽŗ����ţƂǄ�ɥŖţƄŨŽ�ͭƸŝ�ƾǇŵŤŮźǎ

��ŖŤƴƂƸţ�ŖţƄŨžƸ�ŪŨƊǁƸŤŧ��ƻƹƢŮƹƸ�ƶŤŶƽƸţŏͯơŤǁƚƑʬţ�����ƯǏƽƢƸţ�ƻƹƢŮƸţ�Ťǅŧ�ƀƢǎ�ͯŮƸţ�ŪƚƱǁƸţ�ͯǄ�ǂƂǄ
��ͯŶǎƃƀŭ�ƷͺƎŧ�ūŤǀŤǏŨƸţ�ƿƼ�ǈǇŮƊƽƸţ�ŪǏƸŤơ�ūţƆǏƼ�ƻƹƢŮŭ�ŪƱǏƽƢƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƾʨ�ƳƸƁǆ

ŭ�ͭƸŝ�ŪŵŤźƸţ�ƾǆſ��ŤʽǏƼƄǄ��ūţƆǏƽƸţ�ųţƄžŮƉţǆ�ƶŤŶƽƸţ�ŖţƄŨŽ�ͭƸŝ�ŪŵŤźƸţ�ͯƦƹǎ�ţƂǄ��ǌƄƎŧ�ƷŽƀ
��ƻƹƢŮƸţ�ųƁǇƽǀ�ŷŤŶǀ�ͭƹơ�ƄǏŨƴ�ƄǏűŚŭ�ǃƸ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ�ūŤƽƊƸţ�ƃŤǏŮŽţ��ŤʽǎǆƀǎŏͯƸʦţɥ�ƾř�ƿǏŹ�

�́ʭǎǇƙ�ŤĽŮưǆ�ƮƄƦŮƊŭǆ�ũƀƱƢƼ�ŪǏƹƽơ�ƾǇͺǏƉ�Ť̔ǎǆƀǎ�ūŤƽƊƸţ�ųţƄžŮƉţ�
ŏƺǇǏƸţ����ūŤƴƄƎƸţ�ͭƸŝ�ŪƬŤƕʪŤŧŏūŤƊƉŜƽƸţǆ����ƾǇƹǏƽǎ�ŪǏŵǇƸǇǁƵŮƸţ�ŦǀţǇŶƸţ�ɥƏŤžƍʨţ�ͭŮŹ
��ƻƹƢŮƸţ�ͭƸŝƯǏƽƢƸţŏ����ƀƢŧ�ŤʽƼǇǎ�ƀǎţƆŮǎ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƾǇƼƀžŮƊǎ�ƿǎƂƸţ�ſţƄƬʨţǆ�ūŤƴƄƎƸţ�ǂƂǄ�ſƀơǆ

�ţƂǄ�ƻǅƭƸ��ƺǇǎŏŦŨƊƸţ���Ŵǅǀ�ƺţƀžŮƉŤŧ�ŤǅŧŤƊŮƴţ�ƿͺƽǎ�ͯŮƸţ�ƀšţǇƭƸţ�ͭƸŝ�Ƅƞǁǎ�ƾř�ŖƄƽƸţ�ͭƹơ�ŦŶǎ
ŮƸţ��ǇźǁƸţ�ͭƹơ�ŪǏǁƱŮƸţ�ǂƂǄ�ƺţƀžŮƉʬ�ŪǏƊǏšƄƸţ�ƀšţǇƭƸţ�ƐǏžƹŭ�ƿͺƽǎ��ƯǏƽƢƸţ�ƻƹƢ�ͯƸŤŮƸţ�

� �ūţƆǏƽƸţ�ŪƉƀǁǅƸ�ŪŵŤŹ�ʬ�����ŪƼŤǄǆ�ŪǏƉŤƉř�ŪƽǅƼ�ūţƆǏƽƸţ�ŪƉƀǁǄ�ƀƢŭ�ŏͯƸʦţ�ƻƹƢŮƸţ�ͯƬ
�ƶǇŹ�ƶŤŶƽƸţ�ŪƬƄƢƼ�ŪǏƹƽƢƸţ�ǂƂǄ�ŦƹƚŮŭ�ƀư�ƾŤǏŹʨţ�ƔƢŧ�ͯƬǆ�ŏŪưƀƸţ�ƿƊźǎ�ǃǀʨ�ţƂǄ

�ƷŲƽŮŭ��ŪǁǏƢƼ�ŪƹͺƎƼ��Ŗţſř�ͭƹơ�ǃŭƃƀư�ͯƬ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�Ŵǅǀ�ƺţƀžŮƉţ�ŤǎţƆƼ�ƄŨƴř�ǈƀŹŝ
��ƀǎƀźŮƸ �ūŤǀŤǏŨƸţ �ŸƊƽŧ �ŪǏƼƅƃţǇžƸţ �ƺǇƱŭ �ŏŴǅǁƸţ �ţƂǄ �ͯƬ ��ŤʽǏšŤƱƹŭ �ūţƆǏƽƸţ �ŪƉƀǁǄ
��ǂƂǄ �ƀơŤƊŭ ��ŪŹţƄƑ �ŤǄƃŤŨŽŝ �ƾǆſ �ŏƻƹƢŮƸţ �ƠǎƄƊŮƸ �ŤǅŶƼſ �ƻű �ŪƹƒƸţ �ūţƁ �ūţƆǏƽƸţ

ǇƸţ�ƿƼ�ƄǏŨƴ�ƃƀư�ƄǏƬǇŭ�ͭƹơ�ūŤǀŤǏŨƸţ�ŖŤƽƹơ�ŪǏǀŤͺƼʪţƷƖƬř�ŴšŤŮǀ�ƯǏƱźŭ�ƻű�Ŭư��� 
� �ʬţ�ƺţƀžŮƉ���ͭ ƒưʬţ���ŪƹͺǏǅƽƸţ�ƄǏƥ�ūŤǀŤǏŨƹƸ����ūŤǀŤǏŧ�ƿƼ�ũƄǏŨƴ�ŪŨƊǀ�ƾř�ůŤźŧʨţ�Ƅǅƞŭ

��ƄǏƥ�ŪƊƉŜƽƸţŪƹͺǏǅƽƸţ���ŤƼǆ�ƏǇƒǁƸţǆ�ƃǇƒƸţ�ƷŲƼ�ŪƭƹŮžƼ�ūŤƱǏƊǁŭ�ͯƬ�ŤǅƽƞƢƼ�ƾʨ�ŏ
�ŪƹͺǏǅƽƸţ�ƄǏƥ�ūŤǀŤǏŨƸţ�ƷǏƹźŭ�ƀƢǎ�ŏͯƸʦţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƻƞƢƽƸ�ŪŨƊǁƸŤŧ��ƳƸƁ�ͭƸŝ

ř��ƺţƀžŮƉţ�Ƴǁͺƽǎ�ǃǀʨ��ţĽƀǏƭƼ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ǃǏƬ�ƾǇͺǎ�ǌƂƸţ�ƾŤͺƽƸţ�ǇǄ�ţƂǄ��ŤŨ̔ƢƑ�ţʽƄƼ
��ƯƹƢŮŭ�ǈśƃ�ťŤƊŮƴţ�ŤʽƖǎřǆ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƻǏƹƢŮƸ�ŪƭƹŮžƼ�ūŤǀŤǏŧ�ūŤƱǏƊǁŭ
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��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƺţƀžŮƉţ�Ƴǁͺƽǎ�ŏ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ��ŦǎƃƀŮƸţ�ƿƼ�ƓƄƦƸŤŧ

źŭ�ƿǏŧ�ūŤưʭƢƸţ�ƪŤƎŮƴʬ�ŜŨǁŮƹƸ�ƀǎƆƽƸţǆ�ŪǏơŤƽŮŵʬţ�ƘšŤƉǇƸţ�Ūƍſƃſǆ�ŪơŤǁƒƸţ�ƷǏƹ
ŪƊƉŜƽƹƸ�ŪǏƹŨƱŮƊƽƸţ�ƻǅƉʨţ�ƃŤƢƉŚŧ� 

� �ũſǇŶƸţ�ŪǏƸŤơ�ŴšŤŮǀ�ƻǎƀƱŭ�����ͯƬ��ŖŤƚŽř�ƾǇŨƵŭƄǎ�ŤĽǀŤǏŹřǆ�ŦƢŮƸţ�ǆř�ƟǇŶƸŤŧ�ƄƎŨƸţ�ťŤƒǎ
�ųƁǇƽǁƸ�ƿͺƽǎ��ŪǏŨƒƢƸţ�ūŤͺŨƎƸŤŧ�ƄƼʨţ�ƯƹƢŮǎ�ŤƼƀǁơ�ƶŤźƸţ�ǇǄ�ţƂǄ�ƈǏƸ�ŏƷŧŤƱƽƸţ

ţ�ƯǏƽƢƸţ�ƻƹƢŮƸţ��ũƄŮƬ�ͯƬ�ũƃƄƵŮƽƸţǆ�ŪǏǁǏŭǆƄƸţ�ƺŤǅƽƸţ�ƪʬŗ�ƆŶǁǎ�ƾř�ŸǏźƑ�ƷͺƎŧ�ťƃƀƽƸ
�ũſǇŵ�Ɣƭžǁŭ�ƿƸ�ŏ�ƳƸƁ�ͭƸŝ�ŪƬŤƕʪŤŧ��ƾŤƊǀʪţ�ǃŵŤŮźǎ�Ťƽŧ�ŪǀƃŤƱƼ�ŤʽǏŨƊǀ�ũƄǏƒư�ŪǏǁƼƅ
��ƀǎƄŭ�ŪƹͺƎƼ�ͭƸŝ�ƄǏƎŭ�ʬ�ŪǏƸǆř�ūŤǀŤǏŧ�ͭƹơ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ǌǇŮźŭ�ƻƸ�ŤƼ�ŏ�ţĽƀŧř�ƷƽƢƸţ

�ŤǅƹŹ 
� �ͯ ƸŤƱŮǀʬţ�ƻƹƢŮƸţ�����ƾţƅǆŚŧ�ŤĽƱŨƊƼ�ŪŧƃƀƽƸţ�ųƁŤƽǁƸţ�ƿƼ�ƀǎƀƢƸţ�ͭƹơ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ǌǇŮźǎ

ŜŨǁŮƸţ�ͯƬ�ƅŤŮƽƼ�ŤǅƖƢŧǆ�ŏ�ŪŮŧŤű�ūţƆǏźŭǆ� 
� �ŴšŤŮǁƸţ�ͯƬ�ŪǏƸŤơ�Ūưſ�����ƻŮǎ�ŤƼƀǁơƻǏƹƢŭ���ƿͺƽǎ�ŏūŤǀŤǏŨƸţ�ƿƼ�ŪƹšŤǄ�ūŤǏƽͺŧ�ƯǏƽƢƸţ�ƻƹƢŮƸţ

��ŪǎƀǏƹƱŮƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇžŧ�ŪǀƃŤƱƼ�ŪǎŤƦƹƸ�ŤĽƱǏưſ�ƾǇͺǎ�ƾř 

ƞǁƸŤŧ��ƿͺƽǎ�ŏƯǏƽƢƸţ�ƻƹƢŮƸţ�Ŵǅǀ�ƿƼ�ƄŨƴř�ƷͺƎŧ�ũſŤƭŮƉʬţǆ�ǂʭơř�ũƃǇƴƂƽƸţ�ŤǎţƆƽƸţ�ͭƸŝ�Ƅ
��ƶǇƱƸţƾŝ����ŖŤǏƍʨţ�ŬǀƄŮǀŝ�ƷŲƼ�ŪƭƹŮžƽƸţ�ŪƼƀƱŮƽƸţ�ūŤǏǁƱŮƸţ�ͭƹơ�ƯǏƽƢƸţ�ƻƹƢŮƹƸ�ƄǏŨͺƸţ�ƄǏűŚŮƸţ

��ƻŮǎ�ŪǎǇǏŹ�ŪǏǁƱŭ�ŤʽƢǎƄƉ�ŸŨƑřǆ�́ʭǎǇƙ�ŤĽƙǇƍ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�Ơƚư�ƀƱƸ��Ÿƕţǆ�ƷŨƱŮƊƽƸţ�ͯƬ
ŤǅƼţƀžŮƉţ����ūŤơŤǁƒƸţ�ƿƼ�ŪơǇǁŮƼ�ŪơǇƽŶƼ�ɥūŤƴƄƎƸţ�ƿƼ�ŪơǇƽŶƼ�ƷŨư�ƿƼ�ƃţƄƽŮƉŤŧ�

��»Á,®·}���Ö·S�Y0{ZÀf�Y�¶�§ÏY��ZÌz·Y�Z0�ËO�½Â°Ë�Ó�|«�ªÌ¼ ·Y�º¸ f·Y�½O�Ö·S�Ç�Z�ÑY��|ne
��k}Z¼¿�Z0¿ZÌuO�É{Re�|¬§�,Ç�Ì¤��cZ¿ZÌ^·Y�È�Â¼n»�d¿Z¯�Y}S�,µZj¼·Y�¶Ì^��Ö¸���cZ¿ZÌ^·Y
��Ê·ÍY�º¸ f·Y�LY�^y�� ]�µ{ZnË�,®·}��»Á��È«{��j¯O�lWZf¿�Ö·S���]ÏY�ÈÌ�z·Y�È·ÍY�º¸ e

�̂���È°^��½P]��cZÌ¼¯��»�|Ìm�¶°�]�¶¼ ·Y�ZÆ¿Z°»T]�µY�Ë�Ó�\Ë�|f·Y�Ç|Ìm�È¬Ì¼��ÈÌ
�cZ¿ZÌ^·Y�¾»�Ç�Ì¤��� 

��ƪŤƎŮƴţǆ�ūŤǀŤǏŨƹƸ�ƄƽŮƊƽƸţ�ƷǏƹźŮƸţ�ƶʭŽ�ƿƼ�ƻƹƢŮƸţ�ͭƹơ�ũƃƀƱƸţ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ųƁŤƽǀ�ŦƊŮƵŭ
��ūŤͺŨƎƸţ�ͭƽƊŭ�ŪǏŧŤƊŹ�ųƁŤƽǀ�ŖŤǁŧ�ƶʭŽ�ƿƼ�ƻƹƢŮƸţ�ŪǏƹƽơ�ƯƱźŮŭ��ūŤǀŤǏŨƸţ�ɥũƀƱƢƽƸţ�ƷƴŤǏǅƸţ

ŮƸ�ūʬʦţ�ŦǎƃƀŮƸ�ƃƄƵŮƼ�Ŵǅǀ�ƀŵǇǎ�ƻƹƢŮƸţ�ţƂǄ�ƻǏƽƑ�ɥ�ƣŤƼƀƸţ�ŪǏǁŧ�ƿƼ�ũŤŹǇŮƊƽƸţ�ŪǏŨƒƢƸţ��ƀǏƹƱ
�ũƀơ�ƶʭŽ�ƿƼ�ŪǎƃţƄƵŮƸţ�ŪƱǎƄƚƸţ�ǂƂǄ�ƂǏƭǁŮŧ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ƺǇƱŭ��ǌƄƎŨƸţ�ŖŤƴƂƸţ

��ūŤǎǇŮƊƼŏŪǏƼƄǄ����ͭƸŝ�ƶŤƱŮǀʬţ�ƶʭŽ�ƿƼ�ŪƹͺƎƽƹƸ�ţĽƀǏƱƢŭ�ƄŲƴř�ƻǏǄŤƭƼ�ƷŹ�ͭƹơ�ũƃſŤư�ƾǇƵŭ�ŰǏŹ
���ŪƚǏƊŧ�ūŤƼǇƹƢƼ�ƻƹƢŭ�ͭƹơ�ūʬʦţ�ŪǏƉŤƉʨţ�ūŤǎǇŮƊƽƸţ�ƀơŤƊŭ��ͯƸŤŮƸţ�ǈǇŮƊƽƸţ�ūŤƱŨƙ��Ťƽƹƴ

��ǈǇŮƊƼ�Ʒƴ�ͭƸŝ�ŬƹƱŮǀţŏƀǎƀŵ���ɥǃŮƽƹƢŭ�ŤƼ�ƠƼ�ŤǅŶƼƀŭǆ�ūŤƼǇƹƢƽƸţ�ƿƼ�ƀǎƆƽƸţ�ũƆǅŵʨţ�ƠƽŶŭ
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�ŪǎŤǅǀ�ɥ�ƄǏŽʨţ�ǈǇŮƊƽƸţŏŪǏƹƽƢƸţ�����ŤĽƚƹŮžƼ�ʚ͏ʞŤŽſŝ�ƷŲƽǎ�ūŤƼǇƹƢƽƸţ�ƿƼ�ţʽƄǏŽř�ţʽŖƆŵ�ƺŤƞǁƸţ�ƠƽŶǎ

ƀƱƢƽƸţ�ͯƱƚǁƽƸţ�ƄǏƵƭŮƸţ�ǃŨƎŭǆ�ŪǏƼƄǄ�ūʭƊƹƊŭ�ũƀƢŧ�ūŤƼǇƹƢƽƸţ�ǂƂǄ�Ƅƽŭ����
��ƷŲƼ�ŤʽǏŭǇƑ�ţĽƀơŤƊƼ�ƲƃŤŨŮơţ�ɥƠƕ��ƶŤŲƼ�ũƀơŤƊƽŧ�ƄŲƴř�ŤǅƽƊƱǀ�ŤǁơſAlexa����ǆřSiri����ǈƄŮƸ

��ƻƹƢŮƸţ�ƺƀžŮƊǎ�ƫǏƴƯǏƽƢƸţ����ŪͺŨƎƸţ�ƿƼ�ͭƸǆʨţ�ƷŹţƄƽƸţ�ɥ�ŪǏƢǏŨƚƸţ�ŪűſŤźƽƸţ�ťƃŤŶŮƸ�ŏŪǏŨƒƢƸţ�
�ͭƹơ�ͯŭǇƒƸţ�ƀơŤƊƽƸţ�ǈƂƦŮǎ�ŤƼƀǁơŏūŤǀŤǏŨƸţ�ɥ�ǈƄŽʨţ�ŖŤǏƍʨţǆ�ūţǇƑʨţ�ƀǎƀźŭ�ƶǆŤźǎ�ǃǀŞƬ��

��ūŤǎǇŮƊƽƸţŏŤǏƹƢƸţ����ɥ�ŪƱŧŤƊƸţ �ūŤǎǇŮƊƽƸţ �ƿƼ �ŴšŤŮǁƸţ �ƫǏƖǎǆ �ūţſƄƭƽƸţ �ūŤƼǇƹƢƼ �ƘƱŮƹǎ
��ūŤǎǇŮƊƽƸţŏŪǏƸŤŮƸţ����ƿƼ�ǈǇŮƊƼ�ͭƹơʨ�ŪŨƊǁƸŤŧ��ŤǅŶšŤŮǀ�Ʒƴ�ƠƽŶǎǆ��ƄƼţǆʨţ��ūŤǀʭơʪţ�Ʒƹźǎ

��ƷͺǏǅƸţŏͯƼƄǅƸţ����ƻǎƀƱŭǆ�ƃţǇźƸţ�ƷǏƹźŭ�ͭƹơ�ţʽƃſŤư�ƾǇͺǏƸ�ŪǏƬŤƴ�Ūŵƃƀŧ�ͯŭǇƒƸţ�ƀơŤƊƽƸţ�Ŧǎƃƀŭ�ƻŮǎ
ţūʭŽƀƽƸţ�Ƴƹŭ�ͭƹơ�ʽŖŤǁŧ�ūʭŽƀƽƸ��

��º¸ f·Y�Ê§,ªÌ¼ ·Y����Ö¸��Z0ÌWZ¬¸e�¥� f·Y�ºÆÀ°¼Ë��LÊ��¶°·�ÈvË���Èn»�]�Ö·S�kZfv¿�Ó
��ÁO �ÂË|Ì¨·Y �ÁO ��Â�·Y �¶j» �cZ¿ZÌ^·Y �cÔÌj¼e,�À·Y����½O �¾°¼Ë ��ÈËÁ|Ë �|�YÂ« �ºË|¬e �½Á{

¾°¼ËÁ�¹Zz·Y �cZ¿ZÌ^·Y �¾»�Ç��Z^»�ºÆ]�È�Zz·Y �È¿Á�¼·Y �Ç|Ë|��ÖÀ^·Y �º¸ fe����|Ë�e�½O
cZ¿ZÌ^·Y�¾»�|Ë�¼·Y��Ì§Âe�ºe�Y}S�LY{ÏY�¾»�� 

��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ŪǏƽǄř�ƀǎţƆŭ�ƿƼ�ƻƥƄƸţ�ͭƹơŏǃŭţƃǇƚŭǆ����ūŤǎƀźŮƸţ�ǆř�ŦǀţǇŶƸţ�ƔƢŧ�ƲŤǁǄ�ƾř�ʬŝ
��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ųƁŤƽǀ�ͭƹơ�ſǇǏư�ƄŨƴř��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ųƁǇƽǀ�ƄǎǇƚŮƸ�ŤǅŮŶƸŤƢƼ�ŦŶǎ�ͯŮƸţ�ŪǏŨƹƊƸţ
�ͯŮƸţ�ūŤǀŤǏŨƸţ�ɥſǇŵǇƼ�ǇǄ�ŤƼ�ƘƱƬ�ƾǇƬƄƢǎ�ƻǅǀř�ͯǁƢǎ�ţƂǄ��ŪƞŹʭƽƸţ�ƶʭŽ�ƿƼ�ƻƹƢŮŭ�Ťǅǀř�ǇǄ

��ƾǇƼǇƱǎŤǅƽǏƹƢŮŧ��Ǐŧ �ƿǏǏƢŮƸţ �ɥƘƱƬ �ƾǆƀǏŵ �ƻǅǀřǆ��ͭǁƢƽŧ ��ūŤŵƄžƽƸţǆ �ūʭŽƀƽƸţ �ƿŏƄŽŗ���ʬ
��ɥ�ŤǅǀǇƼƀžŮƊǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƮŤǏƉ�ƿơ�ŤǋˏǏƍ�ƾǇƬƄƢǎŏƠưţǇƸţ���ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥ�ƯǏƽơ��Ūƽƹƴ�ƄǏƎŭ

�ƻǅƬ�ͭƸŝ�ƄǏƎŭ�ŤǅǀǇƴ�ƿƼ�ƄŲƴř�ŤǅƹͺǏǄ�ɥŪǏƭžƽƸţ�ūŤƱŨƚƸţ�ſƀơǆ�ŤǏŵǇƸǇǁƵŮƸţ�ŪƉƀǁǄ�ƠŵƄƼ�ͭƸŝ
ǃŧ�ƺŤǏƱƸţ�ƻŮǎ�ŤƽƸ�ƯǏƽơ.�

Ƹţ�ƻƹƢŮƸţ�ųƁŤƽǀ�ƀƢŭ��ͭƸŝ�ŪŵŤźŧ�ƻǅǀŝ��ͯƸʦţ�ƻƹƢŮƸţ�ƻƸŤơ�ɥūŤǀŤǏŨƸţ�ųƁŤƽǀ�řǇƉř�ƿƼ�ũƀŹţǆ�ƯǏƽƢ
��ŤǁŮƼƀŽǆ�ťǇƹƚƽƸţ�Ŗţſʨţ�ƯǏƱźŮƸ�ūŤǀŤǏŨƸţ�ƿƼ�ƷšŤǄ�ƃƀưƃƀƱƸŤŧ����ƠƼǆ��ƻǅǁƼ�ŤǅƢưǇŮǀ�ͯŮƸţŏƳƸƁ����ƾŞƬ

��ͭƸŝ�ŪƬŤƕʪŤŧ��Ťƽ̔šţſ�ƷǅƊƸţ�ƄƼʨŤŧ�ƈǏƸ�ūŤǀŤǏŨƸţ�ƿƼ�ƃƀƱƸţ�ţƂǄ�ͭƹơ�ƶǇƒźƸţ�ŏƳƸƁɥ�ǃǀř�ƿǏŹ�
ţ�Ťǁǁͺƽǎ��ƟǇƕǇƼ�ƶǇŹ�ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴ�ūŤǏƽƴ�ͭƹơ�ƶǇƒźƸŏŤƼ����ƻŮǎ�ʬ�ŤŨ̔ƸŤƥ�ǃǀř�ʬŝ�ŏŤǅƭǏǁƒŭ��

���ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ŪǏƼƅƃţǇŽ�ƿƼ�ƟǇǀ�ǌř�ƻǏƹƢŮƸ�ŤǅƼţƀžŮƉţ�Ťǁǁͺƽǎ�ʬ�ƳƸƂƸŏƃŤƒŮŽŤŧ����ʬ
��ƿͺƽǎ��ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏƦƑ�ŪǏƽƴ�ƺƀžŮƊƽƸţ�ǈƀƸ�ƾŤƴ�ţƁŝ�ƻǏƽƢŮƹƸ�ŪƹŧŤư�ŪƱǎƄƚŧ�ųƁŤƽǁƸţ�ǂƂǄ�ƻƹƢŮŭ

ƾř����ũſŤǎƅ�ƠƼ��ũſǇŶƸţ�ŪǏƸŤơ�ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴ�ŪǏƽƴ�ƄƬǇŭ�ƀǁơ�ƷƖƬř�ƷͺƎŧ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƷƽƢǎ
��ūŤǀŤǏŨƸţŏŪŹŤŮƽƸţ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƺŤƞǀ�Ŗţſř�ſţſƆǎ� 



 17 ·Y�¶�¨ÓYµÁ��ªÌ¼ ·Y�º¸ f·Y�Ê§�È»|¬»�

 
��cZ¿ZÌ]�µZy{S�ºfË�Ó�Z»|À���cY}��Ê§�Ç{Âm,¹Z�À·Y����ªÌ¼ ·Y�º¸ f·Y�¹Z�¿�¶�¨Ë�½O�¾°¼Ë

��0Z Ë�}�0Ô�§ 

��ŪǏƖư �ƀƢŭūţƆǏźŮƸţ���biases�����Ŧǎƃƀŭ �ƻŭ �ţƁŝ ��ƯǏƽƢƸţ �ƻƹƢŮƸţ �ųƁŤƽǁƸ �ŪǏƊǏšƃ �ŪƹͺƎƼ �ŤʽƖǎř
��ūŤǀŤǏŧ�ͭƹơ�ųƁǇƽǀŏũƆǏźŮƼ��ǃŭţŜŨǁŭ�ɥūţƆǏźŮƸţ�Ƴƹŭ�ųŤŮǀŝ�ƀǏƢǎ�ųƁǇƽǁƸţ�ƾŞƬ����

ͭƹơ��ƻƥƄƸţ��ƿƼ���ƾř��ųƁŤƽǀ���ƻƹƢŮƸţ��ƯǏƽƢƸţ��ŪƸŤƢƬ��ŪǎŤƦƹƸ��Ťǅǁͺƽǎǆ��ŪƥŤǏƑ��ƷŹ��ŦƉŤǁƼ��ŪƹͺƎƽƸ���ŪǁǏƢƼ�
ƀƢŧ��ŦǎƃƀŮƸţ���ƠƼ��ŏūŤǀŤǏŨƸţ��ʬŝ���Ťǅǀř��ƄǏƥ��ũƃſŤư��ͭƹơ��ƺŤǏƱƸţ��ƳƸƂŧ���ƷźƸ��ŪƹͺƎƼ��ŪƹűŤƽƼ��ųŤŮźŭǆ���ͭ Ƹŝ��
ũſŤơŝ��ŦǎƃƀŮƸţ���ŸǏƕǇŮƸ��ŏƳƸƁ���Ơƕɥ��ƲƃŤŨŮơţ��ŪǏƼƅƃţǇŽ��ƻƹƢŮƸţ��ƯǏƽƢƸţ��ͯŮƸţ��ƻƹƢŮŭ��ƾř���ūʭƬŤźƸţ��

ŪǏƉƃƀƽƸţ��Ťƽ̔šţſ��ŤƼ��ƾǇƵŭ���ŏŖţƄƭƑ��ƿͺƸǆ��ũŚŶƬ��ƶǇźŮŭ��ūʭƬŤźƸţ��ŪǏƉƃƀƽƸţ��ͭƸŝ��ƾǇƹƸţ��Ʈƃƅʨţ����ƿƼǆ�
ŏƻű��ŦŶǎ��ũſŤơŝ��ŤǅŨǎƃƀŭ���ͭƹơ��ƈƵƢƸţ��ƿƼ��ŏƳƸƁ��ƈǏƸ��ǈƀƸ��ƷƭƚƸţ���ƤƸŤŨƸţ��ƿƼ��ƄƽƢƸţ��ƈƽŽ���ūţǇǁƉ�

�ŪƹͺƎƼɥ��ƪƄƢŮƸţ��ͭƹơ��ũƃŤǏƊƸţ��ŪƹƬŤźƴ��ŪǏƉƃƀƼ��ŖŤưƃƅ���ŪƬŤƕʪŤŧ��ͭƸŝ��ŏƳƸƁ��ͯǅƬ��ŤʽƖǎř��ʬ��ƷƽƢŭ���ƷͺƎŧ�
ƀǏŵɥ��ƫưţǇƽƸţ��ͯŮƸţ��ƀư��ƾǇƵŭ��ŪƭƹŮžƼ��́ʭǏƹư��ƿơ��ŪŢǏŨƸţ��ͯŮƸţ��ţǇƉƃŤƼ��ŤǅǏƬ���ͭƹơ���ƷǏŨƉ��ɥŏƶŤŲƽƸţ��

DeepMind��Ŭŧƃſ��Google��ͭƹơ��ŪƽǎƆǄ������ŪŨƢƸ��Atari���ƠƼǆ��ŏƳƸƁɥ��Ʒƴ��ũƄƼ��ƺƆǅǎ���ŤǅǏƬ��
ƺŤƞǁƸţ��ũţƃŤŨƼ��ŏũƀŹţǆ��ŦŶǎ��ũſŤơŝ��ǃŨǎƃƀŭ��ŪƽǎƆǅƸ��ũţƃŤŨƽƸţ��ŪǏƸŤŮƸţ���ŤǀſǇƱǎ��ţƂǄ��ͭƸŝ��ƀǎƀźŭ��ƄŽŗ��ƻƹƢŮƹƸ��

ŏƯǏƽƢƸţ��ǇǄǆ��ǃǀřɥ��ƿǏŹ��ƾř��ųƁǇƽǁƸţ��ƀư��ƾǇͺǎ��ţĽƀǏŵ���ŪǎŤƦƹƸɥ��ƿǏǏƢŭ��ūʭŽƀƽƸţ��ͭƸŝ��ŏūŤŵƄžƽƸţ��
ƀƱƬ��ʬ��ƾǇͺǎ���ţĽƀǏŵɥ��ƻǅƬ��ƮŤǏƉ��ūŤǀŤǏŨƸţ��ͯŮƸţ��ŤǅǀǆƄǎƀǎ���

ƻƹƢŮǎ�Ƙƽǀ�ƻƹƢŮƸţ�ƯǏƽƢƸţ�ǆř��ƷͺƎŧ�ƺŤơ�ūŤǏƼƅƃţǇŽ�ƻƹƢŮƸţ�ͯƸʦţ�ŪǏƸŤźƸţ�ƷͺƎŧ�ƷƒƭǁƼ���ŤĽƱƬǆ��
ŪơǇƽŶƽƸ��ūŤǀŤǏŧ��ŏŦǎƃƀŮƸţ���ƷƽƢŭ��ŪǏƼƅƃţǇŽ��ƻƹƢŮƸţ��ͯƸʦţ��ͭƹơ��ŪơǇƽŶƼ��ūŤǀŤǏŨƸţ��ųŤŮǀʪ��ųƁǇƽǀ�

ʬǆ�ƶƂŨŭ�ǌř�ƀǅŵ�ƛŤƭźƹƸ�ͭƹơ�ŪƬƄƢƽƸţ�ŪŨƊŮͺƽƸţ�ŤǅƼţƀžŮƉţǆɥ�ƷǏƢƭŭ�ƻƹƢŮƸţɥ�ƷŨƱŮƊƽƸţ���ͭ ƹơ��
ƻƥƄƸţ��ƿƼ��ƾř��ųƁǇƽǀ��ƻƹƢŮƸţ��ƷƒƭǁƽƸţ��ţƂǄ��ƾŤƴ��Ť̔źŵŤǀ��ŏŪǎŤƦƹƸ��ʬŝ��ǃǀř��ŦƹƚŮǎ��ţʽſƀơ��ţʽƄǏŨƴ��ƿƼ��ŪƹŲƼř��

ŦǎƃƀŮƸţ��ǇǄǆ��ŦƉŤǁƼ��ƘƱƬ���ƺŤǅƽƹƸ��ũſƀźƽƸţ���ũſǆƀźƽƸţǆ��ţĽƀǏŵ����ƠƼ��ƄƬǇŭ��ūŤơǇƽŶƼ��ūŤǀŤǏŧ��ƄŨƴř��
ƔƭŽǆ��ƫǏƸŤƵŮƸţ��ŏŪǏŧŤƊźƸţ��ŬźŨƑř��ųƁŤƽǁƸţ��ũƃſŤƱƸţ��ͭƹơ��ƷŹ��ƺŤǅƽƸţ��ƄŨƴʨţ��ŪŹŤŮƼ���ƠƼǆ���ŏƳƸƁ�

ƀư��ƾǇͺǎ��ƻǏƹƢŭ��ųƁǇƽǀɥ��Ʒƴ��ũƄƼ��ųŤŮźǎ��ŤǅǏƬ��ƻƹƢŮƸ��ŪƽǅƼ��ũƀǎƀŵ��ţʽƄƼř��ʛĽʢǏźŮƊƼ���ţʽƄƞǀ��ƾʨ��ūŤǀŤǏŨƸţ��
ŪƽǎƀƱƸţ��ƀư��ʬ��ƾǇƵŭ��ŏŪŹŤŮƼ��ƀƱƬ���ʬ��ƻŮǎ��ƿǎƆžŭ��ūŤǀŤǏŨƸţ��ũƀǎƀŶƸţ��ŦŨƊŧ��ūʭͺƎƼ��ŏŪǏƑǇƒžƸţ��ǆř��

ƀư��ʬ��ƻơƀǎ��ƃţƄƵŭ��Űǎƀźŭ���ƺŤƞǁƸţ��Ŧǎƃƀŭ��ųƁǇƽǀ��ƀǎƀŵ���ƠƼ��ƃţƄƵŭ���ƠǏƽŵ��ūŤǀŤǏŨƸţ��ƷͺƎŧ��ĿƪŤƴ���
ŤƼƀǁơ��ƻƹƢŮŭ��ūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪƱǏƽƢƸţ��ŤʽƼŤǅƼ��ŏũƀǎƀŵ��ƾŞƬ���ŪƬƄƢƽƸţ��ũƀǎƀŶƸţ��ŤǅƸ��ŪǏƱŨƉʨţ��ͭƹơ��
ŪƬƄƢƽƸţ��ŪƽǎƀƱƸţ��ţƁŝ��ƻƸ��ƻŮǎ��ƺţƀžŮƉţ��ƄǏǎŤƢƼ��ŏŪǁǏƢƼ��ŤƽƼ��ǌſŜǎ���ŤŨ̔ƸŤƥ��ͭƸŝ��ƾŤǏƊǀ��ŪƬƄƢƽƸţ��ŪǎǇǀŤŲƸţ���
ƪƄƢˀǎ��ţƂǄ���ƾŤǏƊǁƸŤŧ���ͯ űƃŤͺƸţ��catastrophic forgetting)����Ƅƞǀţ��ƷͺƎƸţ���Ĺ�����ůƀźǎ��ƾŤǏƊǁƸţ��
ͯűƃŤͺƸţ��ŤƼƀǁơ��ƾǇƵŭ��ŪͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪŧƃƀƽƸţ��ƄǏƥ��ũƃſŤư��ͭƹơ��ƛŤƭźƸţ��ͭƹơ��Ťǅŭƃƀư��ͭƹơ��Ŗţſř��ƺŤǅƽƸţ��

ͯŮƸţ��ŤǅŮƽƹƢŭ��ƷƢƭƸŤŧ��ŤƼƀǁơ���ƫǏƵŮŭ���ƠƼ��ƺŤǅƽƸţ��ũƀǎƀŶƸţ��
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�
�ƷͺƎƸţ����Ĺ�����ũƃǇƑ���ƾŤǏƊǁƸţ���ͯ űƃŤͺƸţ���ͭƊǁŁŭ��ŪƬƄƢƽƸţ�ͯŮƸţ�ƻŭ��ŤǅƽƹƢŭ�ŤĽƱŧŤƉ���ͯƭŮžŭ�ĽŤǏŶǎƃƀŭ��ƀǁơ��ƻƹƢŭ��

ūŤŢƬ�ũƀǎƀŵ���ƻƸ�ƻŮŭ��ŤǅŮǎśƃ��ũƄŮƭƸ�ƿƼ��ŬưǇƸţ���

ŪƹͺƎƼ��ǈƄŽř���ƠƼ��ūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪƱǏƽƢƸţ���ͯ Ǆ��Ťǅǀř��ŤŨ̔ƸŤƥ��ŤƼ���ƻŮǎ��ŤǅŨǎƃƀŭ��ͭƹơ��ūŤƕţƄŮƬţ���ƻƸŤƢƸţ��
ŏƯƹƦƽƸţ��ǌř��ǃǀř���ƿƼ��ƓƄŮƭƽƸţ��ƾř��ƾǇͺǎ���ƠǎƅǇŭ��ūŤǀŤǏŨƸţ��ŪǏŨǎƄŶŮƸţ��ŤʽǅŧŤƎƼ���ƠǎƅǇŮƸ��ūŤǀŤǏŧ��ŦǎƃƀŮƸţ���

�ƠƼǆ��ŏƳƸƁ��ƀǁơ��ǃƼţƀžŮƉţ��ͯƬ��ƷƽƢƸţ��ŏͯƢưţǇƸţ��ƾǇͺǎ��ţƂǄ��ƓţƄŮƬʬţ��ƄǏƥ��ŸǏźƑ��ǌſŜǎǆ��ͭƸŝ��
ƓŤƭžǀţ��ƄǏŨƴ��ͯƬ��ƻǅšţſř���ŤƼƀǁơ��ŴƸŤƢŭ��ūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪƱǏƽƢƸţ��ūŤǀŤǏŨƸţ��ͯŮƸţ��ʬ��ǃŨƎŭ���ƠǎƅǇŮƸţ��

ǌƂƸţ��ƜŹǇƸ��ŖŤǁűř��ŏŦǎƃƀŮƸţ��ŤƼ��ͭƽƊǎ���ųƃŤŽ���ƠǎƅǇŮƸţ���Out-of-distribution�ŏ��ŤǅǀŞƬ��ŤŨ̔ƸŤƥ��ŤƼ��ƺƀƱŭ��
ūţŜŨǁŭ��ŪŢƙŤŽ��ƷƢƭŭǆ��ƳƸƁ��ŪƱŲŧ��ũƄǏŨƴ����Ƅƞǀţ��ƷͺƎƸţ���Ĺ������ͯ Ƭ��ǂƂǄ��ūʬŤźƸţ��ŏ��ƘŨŭƄǎ���ųţƄŽŝ��
ŪͺŨƎƸţ��ŤĽƙŤŨŭƃţ��ţʽƄƍŤŨƼ��Ʒźŧ��ŪƹͺƎƽƸţ��ŏ��ǌř��ƶŤƽŮŹţ��Ʒƴ��ŪŢƬ����ƠƼǆ��ŏƳƸƁ��ŦŶǎ��ƾř��ƾǇͺǎ���ƟǇƽŶƼ��

ūʭǏŲƽŭ��ǃŶŮƼ��ųţƄŽʪţ��ţĽƀŹţǆ��Ťƽ̔šţſ���ţƂǄ��ͯǁƢǎ��ǃǀř��ŤƼƀǁơ��ƻŮǎ��ƓƄơ��ƶŤŽſŝ��ͭƹơ��ŪͺŨƎƸţ��ƈǏƸ��ţʽŖƆŵ��
ƿƼ���ƠǎƅǇŭ��ŦǎƃƀŮƸţ��ŏ��ǃǀŞƬ��ʬ��ƶţƆǎ��ͯƚƢǎ��ƶŤƽŮŹʬţ��ťƄưʨ��ŪŢƬ���ŰǏźŧ��Ʒƒǎ��ƟǇƽŶƼ��ūʬŤƽŮŹʬţ��
ͭƸŝ� �ƀŹţǆ� ��ūſř� ��ǂƂǄ� �ũƄǄŤƞƸţ� �ͭƸŝ� �ŪƹͺƎƽƸţ� �ŪƬǆƄƢƽƸţ� �ŪƹŲƽŮƽƸţ� �ͯƬ� �ƗţƄƬʪţ� �ͯƬ� �ŪƱŲƸţ��
�overconfident���ͯƬ��ūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ǈǇŮźƽŧ��ƻƸ��ƯŨƊǎ��ƻǅƸ��ǃŮǎśƃ��ƿƼ��ƷŨư�� 

�ƾř�ʬŝ�ŏūŤŶŮǁƽƸŤŧ�ŪǏƑǇŮƸţ�ƷŲƼ�ūŤƱǏŨƚŮƸ�ƶǇŨƱƼ�Ŗţſʨţ�ͯƬ�ƓŤƭžǀʬţ�ţƂǄ�ƾř�ƿƼ�ƻƥƄƸţ�ͭƹơ
��ŦƚƸţ�ƷŲƼ�ūʬŤŶƼ�ͯƬ�Ūƽƞǀʨţ�ǂƂǄ�ƷŲƼ�ƺţƀžŮƉţ��ŰǏŹ�ŏ�ţʽƄǏƚŽ�ţʽƄƼř�ƀƢǎ�ŪǏƸƆǁƽƸţ�ūŤŭǇŧǆƄƸţǆ

�ͯƸŤŲƽƸţ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƺŤƞǀ�ƻǏƽƢŭ�ŏ�ƿͺƼř�ƾŝ�ŏ�ͯƦŨǁǎ��ũƄǏƚŽ�ůſţǇŹ�ͯƬ�ţǇŨŨƊŮǎ�ƾř�ƿͺƽǎ
��ŪǏƽǄʨţ�ƤƸŤŧ�ţʽƄƼř �ūŤƢǎƅǇŮƸţ �ƿơ�ƫƎͺƸţ�ͭƹơ�ũƃƀƱƸţ�ƀƢŭ�ŏ�ƳƸƂƸ��ƠǎƅǇŮƸţ �ųƃŤŽ�ūŤǁǏơ�ͭƹơ

ŪǎƃǆƄƕ�ͯǄǆ�ͯƱǏƱźƸţ�ƻƸŤƢƸţ�ūŤƱǏŨƚŭ�ƿƼ�ƀǎƀƢƹƸ����ͯƸʦţ�ƻƹƢŮƸţ�Ūƽƞǀř�ŪƼʭƉǆ�ŪǏưǇűǇƼ�ƾŤƽƖƸ
ƹƊŭǆ�ƄǎƂźŮƸŤŧ�ũſŤǏƱƸţ�ƺŤƞǀ�ƺǇƱǎ�ƾř�ƀǎƄǀ�ŏ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ�ŏŪǏŭţƂƸţ�ũſŤǏƱƸţ�ͯƬǏ��ŤƼƀǁơ�ũƄƚǏƊƸţ�ƻ
�ƿƼŗ�ƃţƄư�ƁŤžŭţ�ǃǁͺƽǎ�ʬǆ�ƷŨư�ƿƼ�ŤǄţƄǎ�ƻƸ�ŪǎſŤơ�ƄǏƥ�ŖŤǏƍř�ǆř�ƀǄŤƎƼ�ƫƎŮͺǎ�
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�
�Ƹţ�ƷͺƎ��Ĺ����ŤƼƀǁơ��ƻŮǎ��ƻǎƀƱŭ��ŪǁǏơ���ƀǎƀŵũ��ųƃŤŽ��ƠǎƅǇŮƸţ��ŏŦƊŮͺƽƸţ��ƾŞƬ��ūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪƱǏƽƢƸţ����ŪŢƭƸ

�ŪǁǏƢƼ�ŚŨǁŮŭ��ŪƱŲŧ��ƠǎƅǇŮƸŤŧ��ŦƊŮͺƽƸţ���

ŏţ̔ƄǏŽř���ŤƽǁǏŧ��ŪǏƬŤƭƎƸţ�ͭƸŝ�ŤǄƃŤƱŮƬţ�ɥŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ɥŪƬǆƄƢƽƸţ�ƫƢƖƸţ�ƗŤƱǀ�ƄŲƴř�ƷŲƽŮǎ
��ūţƃŤŨơ�ƶʭŽ�ƿƼ�ƀơţǇƱƸţ�ͭƸŝ�ũƀǁŮƊƽƸţ�ųƁŤƽǁƸţ�ŤǄƂžŮŭ�ͯŮƸţ�ūţƃţƄƱƸţ�ƠŨŮŭ�ƿͺƽǎif and else�ŏ��

��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥǃǏƸŝ�ƃŤƎǎ�ŤƼ�ǇǄ�ŪǏƬŤƭƎƸţ�ɥƐƱǁƸţ�ţƂǄ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥŤĽǁͺƽƼ�ƾǇͺǎ�ƿƸ�ţƂǄ�ƾŞƬ
��ƻƉŤŧ�ſǇƉʨţ�ƮǆƀǁƒƸţ���� 

ŏŪƙŤƊŨŧ����ƷǏŨƉ�ͭƹơ��ƿǏƢƼ�ŴŭŤǀ �ͭƹơ�ŪǏŨƒƢƸţ �ƳŮͺŨƍ�ŬƹƒŹ�ţƁŤƽƸǆ�ƫǏƴ�ƪƄƢŭ �ʬ�Ŭǀř
ŏƶŤŲƽƸţ����Ťǅŧ�ŚŨǁŮǎǆ�ŪǏŨƒơ�ŪͺŨƍ�ͭƸŝ�Ūƚư�ũƃǇƑ�ƶŤŽſŞŧ�ƺǇƱŭ�ŤƼƀǁơŏƅŤǅŶƸţ����ƻǅƬ�ţĽƀŵ�ŦƢƒƸţ�ƿƽƬ

��ƈǏšƄƸţ�ƾř�ƷǏžŮŭ�ƾř�Ƴǁͺƽǎ�ƷǄ��ƷƽƢƸţ�ūţƃţƄư�ɥŤƽ̔ǅƼ�ǇǎƃŤǁǏƊƸţ�ţƂǄ�ƾǇͺǏƉ��ƠưǇŮƸţ�ţƂǄ�ŦŨƉ
ŪƴƄƎƸ�ǌƂǏƭǁŮƸţ���ƘƱƬ�ŕƳƸƂŧ�ǃƼŤǏư�ŦŨƉ�ƻǅƭŭ�ƾř�ƾǆſ�ūţƃʬǆƀƸţ�ƿǏǎʭƼ�ƾŚƎŧ�ţʽƃţƄư�ƂžŮǎ�ũƄǏŨƴ

��ƶǇƱǎ��ƄŭǇǏŨƽͺƸţ��ƾʨǃǀŝ����ŕƳƸƁ�ƷƢƭǎ�ƾř�ŦŶǎŏŪǀƃŤƱƽƸŤŧ����ŪƹŧŤư�ƃţƄƱƸţ�ƃŤŶƍř�ƷŲƼ�ūŤǏƼƅƃţǇžƸţ
ƄǏŨƴ�ƷͺƎŧ�ƄǏƊƭŮƹƸ��

Ʀŭ�ƻŮǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƶʭŽ�ƿƼ�ūŤƙŤŨŭƃʬţǆ�ƗŤƽǀʨţ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƀŶŭ�ŏŤǅŧ�ŤǅŮǎƂ
��ǂƂǄ�ƾǇƵŭ�ƿƸ��ŤǅšŤƎǀŞŧ�ţǇƼŤư�ƿǎƂƸţ�ƿǏƉƀǁǅƽƹƸ�ͭŮŹ�ŪͺŧƄƼ�ūţƃţƄư�ƂžŮŭ�ƾŤǏŹʨţ�ƔƢŧ�ͯƬǆ
��ƄǏƒƼ�ƄǎƄƱŮŧ�ƄƼʨţ�ƯƹƢŮǎ�ŤƼƀǁơ�ƿͺƸǆ��ŪǎǇǀŤű�ŪǏƽǄř�ǌƁ�ŖͯƎŧ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƺǇƱǎ�ŤƼƀǁơ�ŪƹͺƎƼ

ʨ��ŪǏƽǄʨţ�ƤƸŤŧ�ţʽƄƼř�ƳƸƁ�ƾǇͺǎ�ƀƱƬ�ŏƔǎƄƽƸ�ǍŨƚƸţ�ųʭƢƸţ�ǆř�ŪƽͺźƽƸţ�ͯƬ�ƻǅŮƽƸţ�ŖŤƚŽʨţ�ƾ
ƇǇƴƃŤƼ�ŦƊźŧ��ũƄǏŲƴ�ŦưţǇơ�ŤǅƸ�ƾǇͺǎ�ƾř�ƿͺƽǎ��� 

���ƀǁơ�ſƀźƼ�ƃţƄƱƸ�ƿǏƢƼ�ƺŤƞǀ�ƁŤžŭţ�ŪǏƭǏƴ�ƻǅƬ�ƾǇƼƀžŮƊƽƸţ�ƀǎƄǎǆ�ŏ�ƷŹ�ƾǆſ�ŪǏƬŤƭƎƸţ�ŪƹͺƎƼ�ƶţƆŭ�ʬ
��ƻƹƢŮƸţ�ƺţƀžŮƉţƯǏƽƢƸţ���ŪǏƸŤƽƸţ�ƶŤƽơʨţǆ�ǍŨƚƸţ�ƐǏžƎŮƸţ�ūʬŤŶƼ�ͯƬ�ƷƽƢƹƸ����

��ŖŤƴƂƸţ�ͭƹơ�ƻšŤư�ƠƽŮŶƼ�ŖŤǁŨƸ��ŪƢšţƃ�ŪƱǎƄƙ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƀƢǎ�ŏ�Ŵǀŗ�ǆƃƀǀʨ�ŤĽƱƬǆ�ŏ�ƺŤơ�ƷͺƎŧ
��ŸǏźƒƸţ�ƯǎƄƚƸţ�ǇǄ�ǈƄŽʨţ�ūŤǏǁƱŮƸţ�ũƀơŤƊƽŧ�ǂƂǄ�ƃǇƒƱƸţ�ǃŵǆř�ͭƹơ�ŦƹƦŮƸţǆ�ŏ�ͯơŤǁƚƑʬţ

ƪƀǅƸţ�ͭƸţ�ƶǇƑǇƹƸ���
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ʬţ�ŖŤƴƂƸţ�ūŤǏǁƱŭ�ƄŲƴř�ŤʽǏƸŤŹ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƀƢǎ��ƠƼǆ��ũſƀƢŮƼ�ūŤƱǏŨƚŮƸ�ŪǏƹơŤƬ�ͯơŤǁƚƑŏƳƸƁ�
�ǃǀř�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥƿǏŲŹŤŨƸţ�ƔƢŧ�ƀƱŮƢǎ�ŤƽǁǏŧ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ūţƃƀư�ƶǇŹ�ŪƭƹŮžƼ�Ŗţƃŗ�ƲŤǁǄ

��ƻƹƢŮƸţ�ƯǎƄƙ�ƿơ�ūʭͺƎƽƸţ�ƠǏƽŵ�ƷŹ�ƿͺƽǎŏƯǏƽƢƸţ����ƾǆƄǏƎǎ�ƿǎƂƸţ�ŖŤƽƹƢƸţ�ƿƼ�ƀǎƀƢƸţ�ƲŤǁǄ
ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥƃǇƒƱƸţ�ǃŵǆř�ͭƸŝ.�

��ǌƃŤƥ�ͯŲźŨƸţ�ƈƭǁƸţ�ƻƸŤơŏƇǇƴƃŤƼ����ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƶŤŶƼ�ɥſţǆƄƸţ�ƀŹřŏ�������ũƀǎƀŵ�ŤĽưƄƙ�ŷƄŮƱǎ
��ƻƹƢŮƹƸ�ŪƱŧŤƊƸţ�ŪƬƄƢƽƸţ�ǆř�ƯƚǁƽƸţ�ƻǎƀƱŭ�ŦǏƸŤƉʨţ�ǂƂǄ�ƿƽƖŮŭ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƶǇƹŹ�ƿǏƊźŮƸ

ŏƯǏƽƢƸţ����ŪŨưţƄƽƸţ�ƻƹƢŭǆŏŪǏŭţƂƸţ����ūŤͺŨƍǆŏŪƸǇƊŨͺƸţ����ūŤǏǁƱŭ�ƾř�ƇǇƴƃŤƼ�ǌƃŤŵ�ƀƴŜǎ��ƳƸƁ�ͭƸŝ�ŤƼǆ
ŤǏŨƸţ�ŪƭǏŲƴ�ƯǏƽƢƸţ�ƻƹƢŮƸţ��ūŤǀŏŪƎǄǆ��ũſǆƀźƼ�ƻǏƽƢŮƸţ�ͭƹơ�Ťǅŭƃƀư�ƾřǆ���

��ŤǅͺƹŮƽǀ�ͯŮƸţ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ūŤǏǁƱŭ�ƿƼ�ǌʨ�ƿͺƽǎ�ʬ���ƾŤƴʬ�ƾŤǎŝ�ƄŭǇǏŨƽͺƸţ�ƻƸŤơ�ƶǇƱǎ
��ūŤǀţǇǏźƸţ�ɥǂţƄǀ�ŤƽƼ�ŪŨǎƄư�ƻƸŤƢƹƸ�ūʭǏŲƽŭ�ŖŤƎǀŝŏƄƎŨƸţǆ����ƿƼǆ���ƻƹƢŮƸţ�ǆř�ŪǏǁŨƸţ�ƶʭŽ�ƿƼŏƻű����ƾŞƬ

Ƽ�ŪǏƸŤźƸţ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ūŤǏǁƱŭ��ͯơŤǁƚƑţ�ŖŤƴƁ�ŖŤƎǀŝ�ͭƹơ�ũƃſŤư�ƄǏƥ�ƶţƆŭ�ʬ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƷŲ
��ƠƼǆ��ƄƎŨƸţ�ǆř�ūŤǀţǇǏźƸŤŧ�ǃŮǀƃŤƱƼ�ƿͺƽǎ�ŖŤƴƂŧ�ƠŮƽŮǎ�ƺŤơŏƳƸƁ����ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƾř�ƾŤƴʬ�ƀƱŮƢǎ

��ŰǎƀźƸţ�ƺƀƱŮƸţ�ǍŨƹǎ��ƪţƄƍŝ�ƾǆſ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƇŤƉř�ͭƹơ�ƺŤƢƸţ�ŖŤƴƂƸţ�ƄǎǇƚŭ�ƅƆƢǎ�ƾř�ƿͺƽǎ
�ŨƸţ�ͭƸŝ�ŪǎƄƎŨƸţ�ŪŵŤźƸţūʬʦţ�ŤǅǁƼ�ƻƹƢŮŭ�ͯŮƸţ�ŪǎǆƀǏƸţ�ūŤƼʭƢƸţ�ūţƁ�ūŤǀŤǏ���

��ǌƃŤƥ�ŷƄŮƱǎŏƇǇƴƃŤƼ����ƻƹƢŮƹƸ�ƿǏŶǅƸţ�ŴǅǁƹƸ�ƀǎŜƼŏƯǏƽƢƸţ����ƷŨƱŮƊƽƸ�ūţǇƚŽ�Ơŧƃř�ƿƼ�ŪƚŽ
ƯǏƽƢƸţ�ƻƹƢŮƸţ��

1� �ƶŤƒŭʬţ���ͯ ͺǏƉʭͺƸţ �ͯơŤǁƚƑʬţ �ŖŤƴƂƸţ �ƻƸŤƢŧ�����ƻƹƢŮƸţ �ƄǎƄźŭ �ƇǇƴƃŤƼ �ŷƄŮƱǎ �ʬ
��ŤǁǏƹơ�ŦŶǎ�ǃǀŚŧ�ƶſŤŶǎ�ǃǁͺƸ�ŏƯǏƽƢƸţ��ƷŲƼ�ͯơŤǁƚƑʬţ�ŖŤƴƂƹƸ�ǈƄŽř�ŴǄŤǁƼ�ƺţƀžŮƉţ

��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƠƼ�Ŧǁŵ�ͭƸŝ�ŤŨ̔ǁŵ�ŪǏǁƦƸţ�ŪǏƬƄƢƽƸţ�ųƁŤƽǁƸţǆ�ŏƄǏƵƭŮƸţǆ�ŏŪƱŧŤƊƸţ�ŪƬƄƢƽƸţ
ͯƹǎǇźŮƸţ�ƄǏǏƦŮƸţ�Ʒŵř�ƿƼ�� 

2� �ƮŤƚǁƸţ�ŪƢƉţǆ�ŪǏƬƄƢƼ�ūŤǀŤǏŧ�ƀơţǇưǆ�ŪǎƄű�ŪǏƬƄƢƼ�Ƅƙř�ŖŤǁŧ����ƯǏƽƢƸţ�ƻƹƢŮƸţ�Ūƽƞǀř�ͰƹŮƽŭ
ŤƙŤŨŭƃʬŤŧ�ƘƱƬ�ƄǏŨƴ�ƀŹ�ͭƸŝ��ƿƼ�ƄǏŲͺƸţ�ͭƸŝ�ŪŵŤźŧ�ƻǄ�ƳƸƂƸ��ũſƀźƼ�ŖŤǏƍř�ƿǏŧ�ū

ŪƬƄƢƽƸţ� 
3� �ƶŤƢƭƸţ�ƻǏƽƢŮƸţ�Ʒŵř�ƿƼ�ſƄŶƽƸţ�ƄǏƵƭŮƹƸ�ūţǆſř����ƶţƀŶƸţ�ͭƹơ�ƿǎƃſŤư�ƾǇƵǀ�ƾř�ŦŶǎ

��ŏƾǇͺƸţ�ͯƬ�ŤǅƢưǇƼǆ�ŪǎſŤƽƸţ�ŖŤǏƍʨţ�ƿơ�ūŤƼǇƹƢƼ�ŤǁǎƀƸ�ƾř�ƓƄŮƭǁƸ��ŖŤǏƍʨţ�ǂƂǄ�ƶǇŹ
��Ūƽƞǀř�ƾǇƵŭ�ƾř�ŦŶǎ��ƏŤƑƃ�ƻƹư�ͭƹơ�ƇŚͺƸţ�ǌǇŮźǎ��ťǇͺƸţ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ
�ƷƽƢŧ�Ťǁƽư�ţƁŝ�ƘƱƊŭ�ƀư�ƏŤƑƄƸţ�ƺʭưř�ƾř�ƪŤƎŮƴţ�ͭƹơ�ƳƸƁ�ƀƢŧ�ũƃſŤư�ƯǏƽƢƸţ�ƻƹƢŮƸţ

��ŦƱű��ƿƼ�ƟǇǁƸţ�ţƂǅŧ�Ťƽ̔šţſ�ƄƎŨƸţ�ƺǇƱǎ��ťǇͺƸţ�ƟŤư�ͯƬūŤŵŤŮǁŮƉʬţ�ƻƹƢŮƸţ�Ūƽƞǀř�ƿͺƸ�ŏ
ũƃƀƱƸţ�ǂƂǄ�Ƴƹƽŭ�ʬ�ŏ�ƺŤơ�ƷͺƎŧ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ǆř�ŏŪǏƸŤźƸţ�ƯǏƽƢƸţ� 

4� �ŪǏƬƄƢƽƸţ�ųƁŤƽǁƸţ�ŖţƄƱŮƉţǆ�ƷǏŲƽŭ�ūŤǏƸŗ�� 
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symbolic reasoning

��ǌƆƼƄƸţ�ƄǏƵƭŮƹƸ�ƿǏƭƹŮžƼ�ƿǏŶǅǀ�ƿǏŧ�ťƃŤƖŭ�ǃǀŚŧ�ŤĽǀŤǏŹř�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ůŤźŧř�żǎƃŤŭ�ƫƑǇǎ
��ƀƱƢƸţ�ɥ�ͯƸʦţ�ƻƹƢŮƸţǆŏƶǆʨţ����ƄǏƵƭŮƸţ�ſŤƉŏǌƆƼƄƸţ����ƄƎŮǀţǆ�ūŤǏǁǏƢƊŮƸţ�ƷƹžŮǎ�řƀŧ�ͯƸʦţ�ƻƹƢŮƸţ�ƿͺƸ

��ƠƼǆ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ũƃǇű�ƠƼ�ƶŤŶƽƸţ�ŖŤźǀř�ƠǏƽŵ�ͯƬŏƳƸƁ����ſƄŶƼ�ǇǄ�ǌƆƼƄƸţ�ƄǏƵƭŮƸţ�ƾř�ǆƀŨǎ
ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƿǏͺƽŭǆ�ƠǏƉǇŭ�ͭƸŝ�ǌſŜŭ�ƀư�ͯŮƸţ�ŦǏƸŤƉʨţ�ƿƼ�ǈƄŽř�ŪơǇƽŶƼ���

ūʬǇźƽƸţ �ūŤͺŨƍ �ƳƹŮƽŭ� ��ƺǆƄŮƉ �ǇͺǏǀ �ƶǇƱǎ���Transformer networks��ͭƽƊǎ �ŤǋˏǏƍ ��
�ǂŤŨŮǀʬţ�attention���ŪƬƄƢƽƸţ �ũƀơŤư �ɥŪƱǏƱźƸţ �ƷŲƽŭ �ͯŮƸţ �ūŤǅŶŮƽƸŤŧ �ŤĽƱŨƊƼ �ŤǅŮŢŨƢŭ �Ƴǁͺƽǎ ��
ŏǂƂǄ����ͭƹơ�ţʽſŤƽŮơţ�ŪźǏźƒƸţ�ŪƬƄƢƽƸŤŧ�ƺŤƽŮǄʬŤŧ�ŪͺŨƎƸţ�ŪŨƸŤƚƼ�Ƴǁͺƽǎ�ƳƸƁ�ƀƢŧǆ�ŏūʭŽƀƽƸţ�

ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƺŤƞǀ�ƿǏŧ�ƠƽŶƸţ�ƶʭŽ�ƿƼ�ƻƸŤƢƸţ�ŪƬƄƢƼ�ŪƹͺǏǄ�ŪƸǆŤźƼ�Ƴǁͺƽǎ�ƳƸƂƸ.�
��ƀƱơ �ƳǎƀƸ ��ƻƸŤƢƸţ �ƶǇŹ �ŪƬƄƢƽƸţ �ƷǏŲƽŭ �Ťǅǁͺƽǎ �ͯǀŤǏŨƸţ �ƻƉƄƹƸ �ŪǏŨƒơ �ūŤͺŨƍ �ŤʽƖǎř �ƲŤǁǄ

���ŤǅǁǏŧ �ūŤưʭƢƸţ �ͭƸŝ �ƄǏƎŭ �ƀƱƢƸţ �ǂƂǄ �ƿǏŧ �ƪţǇŹǆŏƳƸƂƸ����ƷǏŨƉ �ͭƹơŏƶŤŲƽƸţ����ƃŤǅƝŝ �Ƴǁͺƽǎ
��ƻű�ƀƱƢƸţ�ɥūŤǀŤǏͺƸţ��ͯǀŤǏŨƸţ�ƻƉƄƸţ�ƿƼ�ŖƆŵ�ɥǂŤŨŮǀʬţ�ƺţƀžŮƉţ�Ťǁǁͺƽǎ��ūŤǀŤǏͺƸţ�ƿǏŧ�ūŤưʭƢƸţ

ͯƸŤźƸţ�ƶţŜƊƸţ�ǆř�ƮŤǏƊƸŤŧ�ŪƹƑ�ǌƁ�ͯƬƄƢƽƸţ.�
��ƠƼǆ��ƀŹţǆ�ͯǀŤǏŧ�ƻƉƃ�ɥƪƃŤƢƽƸţ�Ʒƴ�ƷǏŲƽŭ�ƿͺƽǎ�ǃǀř �ǆƀŨǎŏƳƸƁ����ŪƽǅƽƸţ�ŪƚƱǁƸţ �ƾŞƬ�ŏͯǄ��

�ŕŦƉŤǁƼ�ƷͺƎŧǆ�ũŖŤƭͺŧ�ƳƸƂŧ�ƺŤǏƱƸţ�ƿͺƽǎ�ƫǏƴ�
ţ�ǂƂǄ�ƾǇŮǁǏǄ�ǈƀƸ�ŬǀŤƴ���ƻƉţ�ŤǅǏƹơ�Ưƹƙř�ƀưǆ��ƷǎǇƙ�Ŭưǆ�ƂǁƼ�ũƄƵƭƸ�ƄƵƭƸţ�ƷưŤǀ����thought 

vector����ƃŤǅƝŝ�Ťǁǁͺƽǎ�ǃǀř�ǇǄ�ƺŤƽŮǄʭƸ�ƄǏŲƽƸţ�ŖͯƎƸţ��ƷưŤǀ�ŪƚƉţǇŧ�ƳǎƀƸ�ũƄƵƬ�ǌř�ƷǏŲƽŭ�ƿͺƽǎ��
��ƻƹƢŮƸţ �ųƁǇƽǀ�ƺţƀžŮƉŤŧ �ƀǏŵ�ƷͺƎŧ�ţƂǄ�ƷƽƢǎ�ͯͺƸ�ƿͺƸǆ��ͯǀŤǏŧ �ƻƉƃ�ͭƹơ�Ŗͯƍ�ǌřŏƯǏƽƢƸţ��

��Ŗͯƍ�Ʒƴ�ƷǏŲƽŭ�Ťǁǁͺƽǎ�ǈƄŽř�ŪǏŹŤǀ�ƿƼ�Ŗͯƍ�ŤǁǎƀƸ�ƾǇͺǎ�ƾř�ŦŶǎŏǃŧ����ţƂǄǆŏǃŶŮƼ���ƿͺƽŮǀ�ͭŮŹ
��ŪƚǎƄŽ�ŖŤƎǀŝ�ƿƼ����ƿǏǁűʬţ�ƿǏŧ�

��ƻƹƢŮƸţ�ƺƀžŮƊǎ��ƶŤŶƼ�Ʒƴ�ɥŪǎƄƎŨƸţ�ƷƴŤƎƽƸţ�ƷźƸ�ŪƢšŤƍǆ�ŪǎǇư�ũţſŚƴ�ƾʦţ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƺƀžŮƊǎ
��ūŤŢƽƸ�ƯǏƽƢƸţŏƷƴŤƎƽƸţ����ƿƼ�ƄǏŲƴ�ɥ�ŪǏƢǏŨƚƸţ�ŪƦƹƸţ�ŪŶƸŤƢƼ�ͭƸŝ�ƄŭǇǏŨƽͺƸţ�Ūǎśƃ�ƿƼŏūʬŤźƸţ����ƾŤƴ

��ƺƀžŮƊǎ��ƷŨư�ǌƁ�ƿƼ�ƷƖƬř�ƯǏƽƢƸţ�ƻƹƢŮƸţ��ŪƉţƃƀƸ�ūŤƢƼŤŶƸţ�ɥƠƉţǆ�ƮŤƚǀ�ͭƹơ�ƯǏƽƢƸţ�ƻƹƢŮƸţ
��ţƂǄ�ɥ�ƺŤǅƽƸţ�ƿƼ�ŪơǇǁŮƼ�ŪơǇƽŶƼ�ɥƄƎŨƸţ�ũƀơŤƊƽƸ�ŪǏƴƁ�Ūƽƞǀř�ŖŤǁŨƸ�ŪơŤǁƒƸţ�ͯƬǆ�ŖŤƴƂƸţŏƻƊƱƸţ��
���ƳƎǄƀŮƉ�Ťǅǀř�ƀƴŜƽƸţ�ƿƼ�ͯŮƸţ �ƯǏƽƢƸţ�ƻƹƢŮƸţ �ūŤƱǏŨƚŭ�ƔƢŧ�ͭƹơ�ũƄƞǀ�ͯƱƹǀ�ƪǇƉ�ŏƠŨƚƸŤŧ��

��ǂƂǄǆ�ŪƭƹŮžƽƸţ�ŴƼţƄŨƸţ�ƿƼ�ƀǎƀƢƸţ�ƲŤǁǄƶţǇŹʨţ�ƿƼ�ƶŤŹ�ǌŚŧ�ŪƹƼŤƍ�ŬƊǏƸ�ŪƽšŤƱƸţ���
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��ƄǅƍřƸţǎƀơŤƊƽ�ƿ ƿǏǏƕţƄŮƬʬţ���ŤƽǄ��Siri���ǆ Alexa �ǆ Google Assistant �����ƠƼ�ƷơŤƭŭ�Ʒƴ�ƄƬǇǎ
��ƳŭǇƑ�ƿơ�ƀǎƆƽƸţ �ŪƬƄƢƽƸ �ƻǅƸ �ŪƑƄƬ�ƿǎƀơŤƊƽƸţ �ŖʬŜǄŏƳŮƦƸǆ����ŪǎǇǀŤű �ŪŧƄŶŭ �ͭƸŝ �ǌſŜǎ �ŤƽƼ

� �ƻƹƢŮƸţ �ƾǇǏƕţƄŮƬʬţ �ƾǆƀơŤƊƽƸţ �ƺƀžŮƊǎ ��ǌƄƎŨƸţ �ƷơŤƭŮƹƸƯǏƽƢƸţ� ��ƶǇŹ �ƀǎƆƽƸţ �ŪƬƄƢƽƸ
ŏƻǅŭŤơǇƕǇƼ�����ƳǎƀƸ�ŪƹƖƭƽƸţ�ͭƱǏƉǇƽƸţ�ǆř�ŪǁŽŤƊƸţ�ƗŤƱǁƸţ�ͭƸŝ�Ƴŧ�ŪƑŤžƸţ�ƺŤƢƚƸţ�ūʭǏƖƭŭ�ƿƼ

ŤǄƂǏƭǁŮƸ�ŪǏƢǏŨƚƸţ�ŪǎƄƎŨƸţ�ŪƦƹƸţ�ƻǏǏƱŭ�ƶʭŽ�ƿƼ�ƲƄƼţǆř�ƻǅƬ�ƾǇƽƹƢŮǎ�ƪǇƉ.�
��ƿǎǆƀŭǆ �Ɛǀ �ͭƸŝ �ƳƼʭƴ�ŪƽŵƄŭ �ͯǄǆ �ƿǏǏƕţƄŮƬʬţ �ƿǎƀơŤƊƽƹƸ �ŸǁƽŁŭ �ǈƄŽř �ũƆǏƼ �ƲŤǁǄ

��ƳŮƼƀŽ�ɥƾǆſǇŵǇƼ�ƾǇǏƕţƄŮƬʬţ�ƾǆƀơŤƊƽƸţ��ƀơǇƼ�ƆŶŹǆ�Ƴǁơ�ŪŧŤǏǀ�ūŤƞŹʭƽƸţŏŤ̔ǏƬƄŹ����ŰǏŹ
��ƯǏƊǁŭǆ�ũſƀźƽƸţ�ƳŭŤƽƸŤͺƼ�ͭƹơ�ͯšŤƱƹŮƸţ�ſƄƸţ�ͭŮŹǆ�ƺŤǅƽƸţ�ƿƼ�ţʽŖƀŧ�Ŗͯƍ�Ʒƴ�ƠƼ�ƷƼŤƢŮƸţ�ƻǅǁͺƽǎ

ƳǁǏŧ�ƺŤǅƽƸţ���ƳƱǎƄƬ�ŖŤƖơř�ƿǏŧǆ�

��ƺţƀžŮƉʬţ�ƅƆƢǎ��ƃŤŨŽʩƸ�ƲƃŤǏŮŽţ�ƿƼ�ŪźǏŨƱƸţǆ�ŪŢǏƊƸţ�ƃŤŨŽʨţ�ƠǏƽŵ�ŪǏƭƒŮƸ�ŪƱǎƄƙ�ƾʦţ�ƀŵǇŭ
��ƻƹƢŮƹƸ�ƫŲͺƽƸţɥƯǏƽƢƸţ����ͭƹơ��ŖţƄƱƹƸ�ŤĽƱƬǆ�ƃŤŨŽʨţ�ƐǏƒžŮƸ�ŪƸǆƂŨƽƸţ�ſǇǅŶƸţ�ƃŤŨŽʨţ�ƠǏƽŶŭ

��ǆƀŨǎ �ʬ �ƀư �ţƂǄ �ƾř �ƿƼ �ƻƥƄƸţŏţĽƀǎƀŵ����ƀǎƀźŮƸ �ƀǏƱƢŮƸţ �ƿƼ �ũƀǎƀŵ �ūŤǎǇŮƊƼ �ƄǎǇƚŭ �ƻŭ �ƀƱƬ
��ͭƸŝ�ŤŨ̔ǁŵ�ŪǎſŤƒŮưʬţǆ�ŪǏơŤƽŮŵʬţǆ�ŪǏƬţƄƦŶƸţ�ƄǏǎŤƢƽƸţ�ͭƹơ�ʽŖŤǁŧ�ƃŤŨŽʨţ�ŪǏƭƒŮƸ�şƃŤƱƸţ�ūŤǏƒžƍ

ƭƸţ�ūʭǏƖƭŮƸţ�ƠƼ�Ŧǁŵ��ŪǏŹŤǀ�ƿƼ��şƃŤƱƹƸ�ŪǎſƄŏǈƄŽř���ŪƽǅƽƸţ�ƶǇƑʨţ�ƿƼ�ƶŤǏŮŹʬţ�ƪŤƎŮƴţ�ƀƢǎ
ŪŧƁŤͺƸţǆ�ŪźǏźƒƸţ�ūŤƼǇƹƢƽƸţ�ƠǏƽŶƸ�ͯƉŤƉʨţ�ƃƀƒƽƸţ�ŬǀƄŮǀʪţ�ŸŨƑř�ŰǏŹ�ƺǇǏƸţ�ƻƸŤơ�ͯƬ.�

��ƀơŤƊǎ��ūţǇǁƱƸţ�ͭƹơ�ŤʽǏšŤƱƹŭ�ŤǄƃƄƵŭ�ūŤŭǇŧǆƄƸţ�ƾʨ�ŪƭǎƆƽƸţ�ƃŤŨŽʨţ�ƪŤƎŮƴţ�ţĽƀŵ�ŦƢƒƸţ�ƿƼ
��ƻƹƢŮƸţƯǏƽƢƸţɥţ �ƄǎǇƚŭ ���ƿƼ �ŤǅŮƸţƅŝǆ �ũƆǏźŮƽƸţ �ǆř �ŪƭšţƆƸţ �ƃŤŨŽʨţ �ƪŤƎŮƴţ �Ťǅǁͺƽǎ �ͯŮƸţ �ūŤŢƭƸ

ŪƹƽŮźƽƸţ�ŪǏƑǇƒžƸţ�ūŤƴŤǅŮǀţ�ƿƼ�ƲƄǎƂźŭǆ�Ƴŧ�ŪƑŤžƸţ�ƃŤŨŽʨţ�ūŤƭƚŮƱƼ�� 

��ƄơŤƎƽƸţ�ƃţƄƵŭ�ͭƹơ�ũƃſŤư�ƾǇƵŭ�ʬ�ƀư�ƄŭǇǏŨƽͺƸţ�ũƆǅŵř�ƾř�ƿǏŹ�ͯƬŏŪǎƄƎŨƸţ����Ť̔ƽǅƬ�ŦƊŮƵŭ�ŤǅǀŞƬ
ŮƸţ �ƷƖƭŧ �ŤǁƭưţǇƽƸ �ƷƖƬř��ɥūţƄǏǏƦŮƸţ �ƷŲƼ �ƗŤƽǀř ��ƯǏƽƢƸţ �ƻƹƢŏŪƽƦǁƸţ����ƻǅŶŮƸţ �ǆřŏƫǏƭžƸţ����ǆř

�ŪǏŵţƆƽƸţ�ŪƸŤźƸţ�ƪŤƎŮƴţǆ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƀơŤƊŭ�ƾř�ƿͺƽǎ�ŪƽˁǏư�ūŤǀŤǏŧ�ūţƃŤƍŝ�Ťǅƹƴ�ŪźŨƸţ
��ŪǏƭƙŤƢƸţ �ūŤǀŤǏŨƸţ �Ƙŧƃ �ͭƹơ �ūŤƴƄƎƸţ �ũƀơŤƊƽƸ �ŴƼţƄŨƸţ �ǂƂǄ �ƷŲƼ �ƺţƀžŮƉţ �ƿͺƽǎ ��ŤǁǎƀƸ

ŏūŤǀʭơʪŤŧ��ʨţ�ƺʭơʪ�ͭŮŹ�ǆřŪǏƭƙŤƢƸţ�ƔǎƄƽƸţ�ŪƸŤźŧ�ŖŤŨƙ���
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��ƃţƀƼ�ͭƹơ�ƻǄŤƕƄƼ�ƠƼ�ţǇǀǇͺǎ�ƾř�ŖŤŨƙʩƸ�ƿͺƽǎ�ʬ������ɥŪơŤƉŏƺǇǏƸţ����ǌƂƸţ�ƀǏŹǇƸţ�ŖͯƎƸţ�ƿͺƸǆ
��ƻƹƢŮƸţ�ƷƖƭŧ��ŤǁƭŭţǇǄ�ǇǄ�Ťƽ̔šţſ�ŤǁƢƼ�ǃƹƽźǀƯǏƽƢƸţ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƐźƬ�ŪǏŨƚƸţ�ūţǆſʩƸ�ƿͺƽǎ�ŏ

��ƐǏžƎŮƸ�ŪƴƄźƸţ�ūŤǀŤǏŧǆ�ŤǄƂŽŚǀƄŭǇǏŨƽͺƸţ�Ūǎśƃ�ŴƼŤǀƄŧ�ƺƀžŮƊǎ��ŪƹƽŮźƽƸţ�ŪǏźƒƸţ�ƷƴŤƎƽƸţ 
Robbie.AI ��ɥūţƄǏƦŮƸţ�ͭƸŝ�ŪƬŤƕʪŤŧ�ƗǇƱƊƸŤŧ�ŜŨǁŮƹƸ�ƔǎƄƽƸţ�ŪƴƄŹ�ƗŤƽǀř�ƠŨŮŮƸ�ūŤǀŤǏŨƸţ�ǂƂǄ

ƃǇƒƸţ�ƶʭŽ�ƿƼ�ƀƹŶƸţ�ƾŤƙƄƉ�ƐžƎǎ�ǃǀř�ŤʽƖǎř�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ŬŨűř��ƺƀžŮƊƽƹƸ�ŪǏƹƱƢƸţ�ŪƸŤźƸţ.�

ƹơ�Ť̔Ɩǎř�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƺƀžŮƊǎ��ƓţƄƼʩƸ�ƶǇƹŹ�ſŤŶǎʪ�ŪǎƄǎƄƊƸţ�ťƃŤŶŮƸţ�ɥƠƉţǆ�ƮŤƚǀ�ͭ
ŏŪǏƒƢŮƊƽƸţ����ūŤǎƀźŭ �ƾʭͺƎǎ �ƾʬţƆǎ �ʬ �ŪƹƼŤƎƸţ �ūŤǀŤǏŨƸţ �ƀơţǇư �ƐƱǀǆ �ŖŤŨƙʨţ �ƲǇͺƍ �ƿͺƸ

ŦƚƸţ�ɥƯǏƽƢƸţ�ƻƹƢŮƸţ�ƺţƀžŮƉʬ��

��ūŤǏƹƽơ�Ūǁƽưƃ �ɥƲǇǁŨƸţ �ƃţƄƽŮƉţ �ƠƼŏŤǅŭʭƼŤƢƼ����ƶŤǏŮŹʬţ �ŪǏƸŤƽŮŹţ �ſţſƆŭŏͯƽưƄƸţ����ŦƢƹǎ �ƳƸƂƸ
��ƿƼ�ŪơƄƊŧ�ƶŤǏŮŹʬţ�ƿơ�ƫƎͺƸţ�ƿͺƽǎ��ƶŤǏŮŹʬţ�ƿƼ�ƟǇǁƸţ�ţƂǄ�ƠǁƼ�ɥŤƽ̔ǅƼ�ţʽƃǆſ�ƯǏƽƢƸţ�ƻƹƢŮƸţ

ƯƽƢŮƽƸţ�ƻƹƢŮƸţ�ūŤǏǁƱŭ�ƶʭŽ�� 

� �ǌƄƎŨƸţ�ƲǇƹƊƸţ�ũŤƴŤźƼ�ǃǁͺƽǎ�ƺŤƞǀ�ǇǄ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�� 
� �ͯ Ƭ�ũƄŨŽ�ƲŤǁǄ�ŏƄŭǇǏŨƽͺƸţ�Ūƽƞǀř�ͯƬ���ūŤǀŤǏŧ�Ʒͺƍ�� 
� ��ƷƽƢŧ�ŏŪƹŲƼʨţǆ�ťƃŤŶŮƸţ�ƿƼ�Ťǅŧ�ƻƹƢŮǀ�ͯŮƸţ�ŪƱǎƄƚƸţ�ƃţƄƥ�ͭƹơ�ŏƯǏƽƢƸţ�ƻƹƢŮƸţ�ŪǏƼƅƃţǇŽ�ƺǇƱŭ

�ŪŶǏŮǁƸţ�ƿǏƊźŮƸ�ũƄƼ�Ʒƴ�ͯƬ�́ʭǏƹư�ǂƄǏǏƦŭǆ�ŏ�ţʽƃţƄƵŭǆ�ţʽƃţƄƼ�ƀŹţǆ�Ŗͯƍ�� 
� �ͯ Ƹʦţ�ƻƹƢŮƸţ�ƻƸŤơ�ͯƬ�ūŤǀŤǏŨƸţ�ųƁŤƽǀ�řǇƉř�ƿƼ�ũƀŹţǆ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ųƁŤƽǀ�ƀƢŭ�� 
� ��ͯǄ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ͯƬ�ŪƬǆƄƢƽƸţ�ƫƢƖƸţ�ƗŤƱǀ�ƄŲƴř�ŪǏƬŤƭƎƸţ�ſǇŵǆ�ƺƀơ���

1� �ƪƄơ���ƯǏƽƢƸţ�ƻƹƢŮƸţǆ�ͯƸʦţ�ƻƹƢŮƸţǆ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�� 
2� ��ͯƬ�ͯűƃŤͺƸţ�ƾŤǏƊǁƸţ�ůƀźǎ�ͭŮƼ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ŕ 
3� �ͯ Ƹʦţ�ƻƹƢŮƸŤŧ�ŪǀƃŤƱƼ�ƯǏƽƢƸţ�ƻƹƢŮƹƸ�ŪƽǅƽƸţ�ũƆǏƽƸţ�ͯǄ�ŤƼ�ŕ 
4� ��ſǇǏƱƸţ�ƔƢŧ�ƫƑ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ͯƬ�ūŤǎƀźŮƸţǆ���
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���ͯƸʦţ�ƻƹƢŮƸţ�ŦǏƸŤƉř�ƿƼ�ŪǏơƄƬ�ŪơǇƽŶƼ�ǇǄ�ƯǏƽƢƸţ�ƻƹƢŮƸţŏͯƸŤŮƸŤŧǆ���ŪƢŵţƄƼ�ƀǏƭƽƸţ�ƿƼ�ƾǇͺǏƉ
��ƻƹƢŮƸţ �ƷŨư �ͯƸʦţ �ƻƹƢŮƸţ �ƻǏǄŤƭƼƯǏƽƢƸţ�ƻǅƭƸ �ŪƼƅʭƸţ �ƻǏǄŤƭƽƸţ �ƷǏƒƭŮƸŤŧ �ƷƒƭƸţ �ţƂǄ�ŸƕǇǎ ��

��ūŤŨƹƚŮƽƸţ �ƿƼ �ƷƹƱŭ �ŪƱǎƄƚŧ �ƯǏƽƢƸţ �ƻƹƢŮƸţ��ūŤǀŤǏŨƸţ �ƶǇŹ �ŪƹƼŤƴ�ūŤƼǇƹƢƼ �ƄƬǇŭǆ �ŪǏƉŤƉʨţ
��ǈǇŮźƽƸţ�ŪƬƄƢƽƸ�ƇŤƉʨţ�ǇǄ�ƷƒƭƸţ�ţƂǄ�ŏƺŤơ�ƷͺƎŧ��ͯƸʦţ�ƻƹƢŮƸţ�ūŤǏƉŤƉřǆ�ŪŧǇƹƚƽƸţ�ūţǆſʨţǆ

ťŤŮͺƸţ�ţƂǅƸ�ƷƼŤͺƸţ���

Data

��ŪƽƹƴūŤǀŤǏŨƸţ��ŪǏǁǏŭʭƸţ�ŪƽƹͺƸţ�ƿƼ�ŪƱŮƎƼ��dareŏ��ƿǏƢƼ�Ŗͯƍ��ͯǁƢŭ�ͯŮƸţǆŔ����ŪƱǏƱŹ�ǆř�ŪƞŹʭƼ
��ƶŤͺƍʨţ�ƿƼ�ŪơǇǁŮƼ�ŪơǇƽŶƼ�ɥūŤǀŤǏŨƸţ�ͯŭŚŭ��ŤƼ�ƟǇƕǇƼ�ƶǇŹŏūŤƱǏƊǁŮƸţǆ����ŤǄƃŤŨŮơţ�ƿͺƽǎ�ƿͺƸǆ

��ŪŧƄŶŭ �ŤʽƼǇƽơŔŪǏšţǇƎơ����ŤǅŮŶǏŮǀ �ƀǎƀźŭ �ƿͺƽǎ �ʬ �ŪŧƄŶŭŏŤĽƱŨƊƼ����Ť̔ƢƕŤŽ �ƶţƆǎ �ʬ �ŤǄśţſř �ƿͺƸ
ƚƑʬţ��ƶǆƀŵ�ɥͯšţǇƎƢƸţ�ƃŤŨŮŽʬţ�ūŤǀŤǏŧ�ƿǎƆžŭ�ƻŮǎ�ŤƼ�ŤŨ̔ƸŤƥ��ƷǏƹźŮƹƸ��ƃŤǅƝŝ�ǇǄ�ͯšŤƒŹʪţ�ŷʭ

ŏūţƄǏƦŮƽƸţ����ŤŨ̔ƸŤƥ�ͭƽƊŭ�ͯŮƸţŏūŤƽƉ��ƪǇƭƒƴ�ũſƄƭƼ�ƄƑŤǁơǆ�ũƀƽơŚƴ��� 

·Y¦Ë� f���� cZ¿ZÌ^·Y�

�ZÆÀË�zeÁ �ZÆ¬Ì�Àe �ºfË �Z» �Ç{Z� �Êf·Y �cZ»Â¸ ¼·Y �¾» �Ç�Ì¼» �LY�mO �Ö·S �cZ¿ZÌ^·Y ��Ì�e
��µZ°�P] �cZ¿ZÌ^·Y �ÊePe �½O �¾°¼Ë��Y0{|v»�Z0��£�\�ZÀf·,Ç|Ë|�����Ö¸���Â�¿�ÁO �¹Z«�P¯

,©�Â·Y����Ç�¯Y~·Y �Ê§ �È¿�z» �dËZ] �ÁO �cZf] �ÁO�,ÈÌ¿Á�f°·ÑY���¾Å} �Ê§ �Ç{ÂmÂ» �ªWZ¬v¯ �ÁO
���»Á���z�·Y�,®·}����¹Â¸��Ê§·Y�,�eÂÌ^¼°����ºfË�Êf·Y�cZ»Â¸ ¼·Y�Ö·S�0Ç{Z��cZ¿ZÌ^·Y��Ì�e

Èn·Z ¼·Y�ÁO�Èn·Z ¼·Y�Ê§�È·Z §�È¬Ë��]�ZÆf¼m�eÁ�Z0Ì¿Á�f°·S�ZÆÀË�ze�ÁO�ZÆ·Z��SÙçÙ
�

��Z0�ËO �¾°¼Ë ��ªÌ¼ ·Y �º¸ f·Y �ÈÌ»��YÂy �º¸ f· �ZÆ·Zy{Ñ �cZ¿ZÌ^·Y �¾» ��Ìj°·Y �Ö·S �kZfv¿
��cZ¿ZÌ] �È�¬¿ �¶¯ �ÈÌ¼�e]��ÁY �µZj¼�ÈÀÌ���È¸°�» �Ö·S �Z¿��¿ �Y}S ��,º¸ f·Y����¶y|» �¶°§

��cY�Ì¤f» �ZÆ¿O �Ö¸� �Ã~Å �Ê§ ��Ì°¨f·Y �®À°¼Ë ���Änf»� ��^e�» �leZ¿ �Ä· �½Â°Ì���Änf»�
��È ]Ze��Ì£Á�È¸¬f�» 

 

��ƄǎǇƚŭ�ƿƼ�ƀǎƀƢƹƸ�ƇŤƉʨţ�ƷͺƎŭǆ�ūŤƊƉŜƽƸţ�ƠǏƽŶƸ�ŤʽǏƉŤƉř�ʛĽʢƑř�ūŤǀŤǏŨƸţ�ƀƢŭŏūŤƱǏŨƚŮƸţ����Ťƽƴ
��ƯǏƊǁŮƸŤŧ �ūŤǀŤǏŨƸţ �ƓƄơ�ƀƢǎ��ƃƀƒƽƸţ �Ūưſǆ�ūŤǀŤǏŨƸţ �Ūưſ�ͭƹơ�ŤʽƖǎř �ŪǏƼƅƃţǇžƸţ �ƯǏŨƚŭ�ƀƽŮƢǎ

ūŤǀŤǏŨƸţ�ũƃţſŝ�ƺŤƞǀ�ƿƼ�Ťƽ̔ǅƼ�ţʽŖƆŵ�ŪǏƹƑʨţ�ŪƽǏƱƸţ�ƀƱƬ�ƾǆſ�ŸǏźƒƸţ���
��ǆř�ƾŤƊǀʪţ�ŪƚƉţǇŧ�ŤǅŭŖţƄư�ƿͺƽǎ�ǆř�ŤʽǏƸŗ�ŤǅŭŖţƄư�ƿͺƽǎ�Ťǅǀř�ͭƹơ�ūŤǀŤǏŨƸţ�ƠǏƽŵ�ƫǏǁƒŭ�ƿͺƽǎ
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��ūţƃŤƵŮŧʬţ�ƄǏƊƭŭ�ƻŮǎ��ŤǏŵǇƸǇǁƵŮƸţ�ƶǇŹ�ŪǏƊǏšƄƸţ�ūŤűſŤźƽƸţ�ƿƼ�ƀǎƀƢƸţ�ŪƢǏƹƙ�ɥūŤǀŤǏŨƸţ�ŬǀŤƴ
��ŪƼŤƢƸţ�ŪƦƹƸţ�ƷƽŮƎŭ�ŏƳƸƂƸ�ŪŶǏŮǀ��ŤǅƹǏƹźŭǆ�ŤǅƼţƀžŮƉţ�ŪǏƭǏƴǆ�ūŤǀŤǏŨƸţ�ͭƹơ�ƃţƄƽŮƉŤŧ�ũƀǎƀŶƸţ

ŪƽǎƀƱƸţǆ�ũƀǎƀŶƸţ�ūţƄǏŨƢŮƸţ�ƿƼ�ſƀơ�ͭƹơ�ŤǏŵǇƸǇǁƵŮƹƸ���

x �ţ�ŪƽžƖƸţ�ūŤǀŤǏŨƸ���Big data��������ūŤǀŤǏŨƸţ�ƿƼ�ŪƹšŤǄ�ŪǏƽƴŪƹͺǏǅƽƸţ��ƻŮǎ�ͯŮƸţ�ŪƹͺǏǅƽƸţ�ƄǏƥǆ
��ƃţƄƱƸţ�ƁŤžŭţǆ�ũƄǏƒŨƸţ�ƿƼ�ƀǎƆŭǆ�ŪƭƹŮžƼ�ƃſŤƒƼ�ƿƼ�ŪơƄƊŧ�ŤǅǏƹơ�ƶǇƒźƸţǆ�ŤǄśŤƎǀŝ 

x �ʭǏƹźŭ�ū����ŪƽžƖƸţ �ūŤǀŤǏŨƸţ�Big data analytics��������ūŤǀŤǏŨƸţ �ūŤơǇƽŶƼ�Ơƽŵ�ŪǏƹƽơ
ŪƽžƖƸţ��ǈƄŽʨţ�ũƀǏƭƽƸţ�ūŤƼǇƹƢƽƸţ�ǆř�ƗŤƽǀʨţ�ƪŤƎŮƴʬ�ŤǅǁǏŧ�ƠƽŶƸţǆ�ŤǅƽǏƞǁŭǆ� 

x �ūŤǀŤǏŨƸţ�ƷƼŤƵŭ����Data integrity�������Ťƽŧ�ŏƮƄƙ�ũƀƢŧ�ŤǅưţƄŮŽţ�ƿͺƽǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ŪǏŹʭƑ
ƶŤƉƃʪţ�ŖŤƚŽř�ǆř�ǌƄƎŨƸţ�ŚƚžƸţ�ƳƸƁ�ͯƬ�� 

x �ŪǏƭƑǇƸţ�ūŤǀŤǏŨƸţ���Metadata������ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƶǇŹ�ũƆŵǇƼ�ūŤƼǇƹƢƼ� 
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x �ŪƹͺǏǅƽƸţ�ūŤǀŤǏŨƸţ���Structured data��������ŏ�ƫƹƼ�ǆř�ƷŶƉ�ͯƬ�ŬŧŤű�ƷƱŹ�ͯƬ�ūŤǀŤǏŧ�ǌř

��ƶǆţƀŵǆ�ūŤǀŤǏŨƸţ �ƀơţǇư �ͯƬ �ũſǇŵǇƽƸţ �ūŤǀŤǏŨƸţ �ƳƸƁ �ͯƬ �ŤƽŧƃŤŨƢŧ ��ŪǏƱšʭƢƸţ �ūŤǀŤǏŨƸţũ��
ƘƊŧţ��ŪƹǅƉ�ŤǅƹƢŶŭ�ƗŤƽǀř�ūţƁ�ūŤǀŤǏŨƸţ�ƿƼ�ũſƀźƼ�ƟţǇǀř�ƿƼ�ŪƽƞǁƽƸţ�ūŤǀŤǏŨƸţ�ƾǇƵŮŭ�ŏ
ŰźŨƸţ� 
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�ƏŤŽ�Ʒͺƍ�ǇǄ�ŸǏźƒƸţ�ƻưƄƸţ��ŪǏšŤǅǀ�ʬ�ƺŤưƃř�ƿǏŧ�ŪƽǏƱƴ�ŤǄƁŤžŭţǆ�ƺŤưƃʨŤŧ�Ťǅǁơ�ƄǏŨƢŮƸţ�ƿͺƽǎ

��ŪƽǏƱƸţ�ɥŪǎƄƎơ�ƃǇƊƴ�ͭƹơ�ǌǇŮźŭ�ʬ�ͯŮƸţ�ŪǏƽưƄƸţ�ūŤǀŤǏŨƸţ�ƿƼǆř����ƄŲƴř�ƷͺƎŧŏŪưſ��ʬ����ͭƹơ�ǌǇŮźǎ
��ſƀơ�ͭƸŝ�ƄǏƎŭ�ŤƼ�ũſŤơ��ŪǏƸŤŮŮƽƸţ�ƺŤưƃʨţ�ƿǏŧ�ũſǆƀźƼ�ƄǏƥ�ƻǏưŏƄƑŤǁƢƸţ����ŤǅǏƬ�ƷƱŭ�ͯŮƸţ�ƺŤǎʨţ�ſƀơǆ

��ƿơ�ũƃţƄźƸţ�ūŤŵƃſ�����ŪŵƃſŏŪǎǇŢƼ����ſƀơǆŏūŤŨƹƚƸţ����ɥƶŤƭƙʨţ�ſƀơǆŏũƄƉʨţ���ţƁŝ��ƳƸƁ�ͭƸŝ�ŤƼǆ
�ŪƚƱǀ�ƀǎƀźŭ�ƻŭŏƄƭƒƸţ���Ūŵƃſ�ŪƹŲƼʨţ�ƷƽƎŭ��ͯƱǏƱŹ�ūŤǀŤǏŧ�ƟǇǀ�ǆř�ŪŨƊǀ�ŪǏƽưƄƸţ�ūŤǀŤǏŨƸţ�ŸŨƒŭ

ƷŽƀƸţǆ�ͯƬƄƒƽƸţ�ťŤƊźƸţ�ƀǏƑƃǆ�ƿƭƹƴ�ũƃţƄŹ���

CategoricalNominal

ŢƭƸţ�ūŤǀŤǏŧ�ƫǎƄƢŭ�ƻŮǎŪǎǇ���ŪǏƽƴ�ǌř�ƾǆƀŧ�ūţƄǏƦŮƽƸţ�ŪǏƽƊŮƸ�ƺƀžŮƊŁŭ�ūŤǀŤǏŧ�Ťǅǀř�ͭƹơ�ŪǏƽƉʬţ�ǆř
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�ͭǁƢƽŧ��ǈƄŽʨţ�ƾţǇƸʨţ�ƠƼ�ƀŹţǆ�ƾǇƸ�ŪǀƃŤƱƼ�ƠǏƚŮƊǀ�ʬ�Ťǁǀʨ��ͯƽƉţ�ūŤǀŤǏŧ�ƟǇǀ�ͯƴƂƸţ�ƫŭŤǅƸţ
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��ūŤŢƬ�ũƀơŏƮƃƅř���ŏƄƖŽř�����ŪǎǇŢƭƸţ��ͭǀſʨţ�ͭƸŝ�ͭƹơʨţ�ƿƼ�ūŤŢƭƸţ�ǂƂǄ�ƅƄƭƸ�ŪƱǎƄƙ�ƀŵǇŭ�ʬǆ��ͯǁŧ
�ŪǏƽƉʬţ��ǆř���
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���ŤǁŭŤǁǏơ�ūŤŵƄžƽŧŏƳƸƂƸ��ƹƢŭ�ǇǄ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ƿƼ�ƓƄƦƸţ�ƾŞƬǏ��ƻƸţŪƸţƀŏ����ƶʭŽ�ƿƼ
��ūŤŵƄžƽƸţǆ�ūŤǀŤǏŨƸţ�ƿƼ�ŪǁǏơ�ɥƄƞǁƸţ�ŏŪǏǁƢƽƸţ��ţǆ�ūʭŽƀƽƸţ�ƿǏŧ�ŪưʭƢƹƸ�ƄǎƀƱŭ�ƷƖƬř�ūŤŵƄžƽƸ

��ƶŤŶƼ�ɥƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ƻŮǎ�ŤƼ�ũſŤơ��ūŤǀŤǏŨƸţ�ɥũƄǄŤƞƸţŏƫǏǁƒŮƸţ����ƿǏǏƢŭ�ƀǎƄǀ�ŤƼƀǁơ
��ūŤǏƽƊŭ�ͭƸŝ�ūʭŽƀƽƸţŏųţƄŽʪţ����ǆřŏƃţƀźǀʬţ��ƄƽŮƊƼ�ųţƄŽŝ�ͭƸŝ�ƶŤŽſʪţ�ƿǏǏƢŭ�ƀǎƄǀ�ŤƼƀǁơ��

��ŪǏŹŤǀ�ƿƼŏǈƄŽřɥ��ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ŏƪţƄƍʫƸ����ūŤŵƄžƼ�ƀŵǇŭ�ʬŏŪǀǇǁƢƼ��ƸŤŮƸŤŧǆ��ƾŞƬ�ͯ
���ǃǏŵǇŭ�ǌř�ƾǆſ�ƗŤƽǀʨţ�ƪŤƎŮƴţǆ�ūŤǀŤǏŨƸţ�ƗŤƱǀ�ƿƼ�ŪơǇƽŶƽƸ�ŪǏƢǏŨƚƸţ�ŪǏǁŨƸţ�ųŤŮǁŮƉţ�ǇǄ�ƪƀǅƸţ

��ƠǏƽŶŮƸţ�ͯǄ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ɥŤʽơǇǏƍ�ƄŲƴʨţ�ƺŤǅƽƸţ(Clustering)��ǂƂǄ�ɥ�ſŤƢŧʨţǆ
ŏūʬŤźƸţ���ũƄƬǇŮƽƸţ�ūŤƼʭƢƸţ�ƺţƀžŮƉţ�ƾǆſ�ŤǁŭŤǀŤǏŨƸ�ŪǎƄǄǇŶƸţ�ŪǏǁŨƸţ�ŪƬƄƢƼ�ƀǎƄǀ�

����Zz·Y �º¸ f·Y �k}Â¼¿ �Ê§,¥Y��Ò·����È¨À�» �cZ¿ZÌ] �È�Â¼n» �Ö¸� �ÈÌ»��YÂz·Y �º¸ fe
���\Ë�|f·Y�cZ¿ZÌ]�Ê§�ZÆf«{�ºÌÌ¬f·�Ä»Y|zf�Y�ÈÌ»��YÂz¸·�¾°¼Ë�È]Znf�Y�sZf¨»�ZÆË|·Á

��Ê§,¶]Z¬¼·Y���Zz·Y ��Ì£ �k}Â¼À·Y �¹|zf�Ë���Ì£ �cZ¿ZÌ] �¥Y��Ò· ��,ÇZ¼�»����µÁZveÁ
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��¾» ��Z¼¿ÏYÁ �cY�Ì¼·Y �kY�zf�Y �ªË���¾� �cZ¿ZÌ^¸· �ÈË�ÅÂn·Y �ÈÌÀ^·Y �ºÆ§ �ÈÌ»��YÂz·Y

��ZÆ�¨¿�LZ¬¸e 

��ūŤǀŤǏŧ �ƺƀžŮƊǎ �ǌƂƸţǆ �ŏŤʽƼţƀžŮƉţ �ͯƸʦţ �ƻƹƢŮƸţ �ƟǆƄƬ �ƄŲƴř �ƀŹř �ƪţƄƍʫƸ �ƠƕŤžƸţ �ƻƹƢŮƸţ �ƀƢǎ
ơ�ųƁŤƽǁƸţ�ũƀơŤƊƽƸ�ŪƭǁƒƽƸţ�ŦǎƃƀŮƸţ��ƪƄƎƽƴ�ŤǁǄ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƷƽƢŭ��ŪƱǏưſ�ūţŜŨǁŭ�ŖţƄŵŝ�ͭƹ

��ƻƹƢƼǆŏūʬʧƸ����ƿƼ�ūŤŵƄžƼ�ƀǏƸǇŭ�ͭƹơ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ƀƽŮƢǎ��ƻƉʬţ�ŖŤŵ�ŤǁǄ�ƿƼǆ
��ƠƕŤžƸţ�ƻƹƢŮƸţ�ɥ��ũŤƽƊƽƸţ�ūŤǀŤǏŨƸţ��ŪƱŧŤƊƸţ�ťƃŤŶŮƸţŏƪţƄƍʫƸ����ƶŤŽſʪţ�ƄǏƦŮƼ�ƿǏǏƢŭ�ƻŮǎݔ���

��ųţƄŽʪţ�ƄǏƦŮƼ�ͭƸŝݕ��ƺţƀžŮƉŤŧ��ŪƸţſ��ͯƸʦţ�ƻƹƢŮƸţ�ųƁǇƽǀ�ŪƚƉţǇŧ�ŤǅƽƹƢŭ�ƻŭ�ͯŮƸţ�ƿǏǏƢŮƸţ��
ݕ ൌ ݂ሺݔሻ 

��ųƁǇƽǀ�ŖŤƎǀŞŧ�ƺǇƱǎ�ŤǁǄͯƸţſ����ūŤǀŤǏŨƸ�ŪźǏźƒƸţ�ŪǏƽƊŮƸŤŧ�ŜŨǁŮƹƸ�ͯšŤǅǁƸţ�ƪƀǅƸŤŧ�ƿǎƄǏƦŮƽƸţ�ƘŧƄǎ
ƶŤŽſʪţ.�

����]Ze��Ì¤f»�ÁO��ÈnÌf¿��Ì¤f»�ÁO�¥|Å�Ö¸��Z0¼WY{�¥Y��Ò·���Zz·Y�º¸ f·Y�ÈÌ»��YÂy�ÉÂfve
����È¸¬f�¼·Y �cY�Ì¤f¼·Y� �Èu�f¬¼·Y �¾ÌX^Àf¼·Y �¾» �È�Â¼n» �µÔy �¾» �Ã|Ë|ve �ºfË

|zf�e��¾ÌÌ f] �¹Â¬e �È·Y{ �LZ�¿Ñ �cY�Ì¤f¼·Y �¾» �È�Â¼n¼·Y �Ã~Å �ÈÌ»��YÂz·Y �¹
��ÕÂf�»�k}Â¼À·Y�ª¬vË�Öfu�Ã~Å�\Ë�|f·Y�ÈÌ¸¼����°fe��ÈÌWYÂ���cZm�z»�Ö·S�cÔy|¼·Y

��È«|·Y�¾»�2µZ� 
�

��\Ë�|f·Y�cZ¿ZÌ]�È�Â¼n»�Ê§�¶Ìj»�¶¯��ÌÌ¼e�ºfË�Ä¿O�È¨À�¼·Y�cZ¿ZÌ^·Y�È�Â¼n»�ÊÀ e
���ÈÌ»��YÂz·Y �ZÅ�§Âe �½O �\nË �Êf·Y �È]ZmÑZ],®·~·���cZ»Ô ·Y �cY} �cZ¿ZÌ^·Y �È�Â¼n» �½T§

���É�^·Y ��m�À·YÁ �l¿Â]Z^·Y ��ÂÅ�Á�{Á�Â·Z] �È�^e�¼·Y ��Â�·Z] �k}Â¼À·Y ��^ze��ÂÅ�·Y ��Â�·
Ë|m �Ç�Â� ���� �ºfË �Z»|À���Ö¸� �Ç|,k}Â¼À·Y����cZÀÌ� ��» �ZÆf¿�Z¬¼] �k}Â¼À·Y �¹Â¬Ë

�ÈvÌv�·Y�ÈÌ¼�f·Z]�R^Àf¸·�\Ë�|f·Y 

Classification

��ŪǏƹƽơ�ǇǄ�ƫǏǁƒŮƸţ��ƻƹƢŭƪţƄƍŚŧŏ���ūŤǀŤǏŨƸţ�ƿǏŧ�ƶŤƒŭţ�ſŤŶǎŝ�ƶǆŤźŭ�ƻƹƢŮƸţ�ŪǏƼƅƃţǇŽ�ƾř�ͯǁƢǎ�ŤƽƼ
ŤĽƱŨƊƼ�ŪƼǇƉǇƽƸţ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ͭƹơ�ʽŖŤǁŧ�ūŤƼʭƢƸţǆ����

��Ê§�,¦ÌÀ�f·Y����cZ»Ô��ÁO�¥Y|ÅO�ZÆ¿O�Ö¸��ZÆÌ·S��Z�Ë�Z»�Z0̂·Z£Á�Z0¬^�»�cZX¨·Y�|Ë|ve�ºfË
��cZX§�ÁO 

�

��È¨À�¼·Y �cZ¿ZÌ^·Y �¹|zf�4e¦ÌÀ�f·Y �ºÌ¸ f·����cZ¿ZÌ] �Ö¸� �|Ìm �¶°�] �¶¼ e �hÌv]
��®·~·�ÈvÌv�·Y�ÈX¨·Z] �R^Àf·Y �ZÆÀ°¼ËÁ�Ç|Ë|n·Y �µZy{ÑY�ÈÀÌ ·Y��ÖÀ ¼]��,�yM����ÂÅ�¥|Æ·Y

��/·�|Ìm�\Ë�¬e�Ö¸���Âj ·Y݂ሺݔሻ���ÈÌ¸¼��Ê§��Æ�e�º·�cZ¿ZÌ^·�cYR^Àe�¶¼��ÄÀ°¼Ë�hÌv]
�Êf·Y�cZX¨·Y�|Ë|veÁ�\Ë�|f·Ye�ZÆÌ·S�Ê¼fÀÈÀÌ ·Y���|Ë|n·Y 
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��ƻǏƊƱŭ�ƿͺƽǎƷšŤƊƼ����ſƀơ�Ƅƞǀ�Ūǅŵǆ�ƿƼ��ƿǏƭƹŮžƼ�ƿǎƃǇƞǁƼ�ͭƸŝ�ƫǏǁƒŮƸţūŤǏƽƊŮƸţŏ���ͯŮƸţǆ

� �ƫǏǁƒŮƸţ ��ƿǏŮŢƬ �ͭƸŝ �ŤǅƽǏƊƱŭ �ƿͺƽǎ� �ǌſŤŹţŪƼʭƢƸţ� ��Single-Label Classification����
��ſƀƢŮƼ�ƫǏǁƒŮƸţǆūŤƼʭƢƸţ���Multi-Label Classification�ŏ���ŏūŤŢƭƸţ �ſƀơ�Ƅƞǀ�Ūǅŵǆ�ƿƼǆ

ͯšŤǁŲƸţ�ƫǏǁƒŮƸţ��ƿǏŮŢƬ�ͭƸŝ�ŤǅƽǏƊƱŭ�ƿͺƽǎ���Binary Classification���ƫǏǁƒŭǆ��ūŤŢƭƸţ�ſƀƢŮƼ��
�Multi-Class Classification����

��ƫǏǁƒŮƸţŏͯšŤǁŲƸţ����ƿǏŭſƀźƽƸţ�ƿǏŮŢƭƸţ�ƿƼ�ƘƱƬ�ƀŹţǇƸ�ŪƸŤŹ�Ʒƴ�ƐǏƒžŭ�ƻŮǎ�ŰǏŹ�ŏŤĽƱŨƊƼ��
Ƹţ�ƫǏǁƒŮƸţ�ƀŮƽǎ��ƫǏǁƒŮƸţ�ƟţǇǀř�ƘƊŧř�ǇǄ��ƀǎƀźŭ�ƶʭŽ�ƿƼ�ūŤƱŨƚƸţ�ſƀƢŮƼ�ƫǏǁƒŭ�ͭƸŝ�ͯšŤǁŲ

ūŤŢƭƸţ�ƿƼ�ƀǎƆƽƸţ����

��ǌſŤŹţ�ūŤǀŤǏŧ �ƫǏǁƒŭ�ͯƬŪƼʭƢƸţ��ũƀŹţǆ�ŪƼʭƢŧ�ŪƸŤŹ�Ʒƴ�Ƙŧƃ�ƿͺƽǎ�ŏŏƘƱƬ����ŪǏƼƅƃţǇŽ�ŚŨǁŮŭǆ
��ƷͺƎŧ ��ũƀǎƀŵ�ŪƸŤŹ�ƷͺƸ �ƘƱƬ �ũƀŹţǆ �ŪƼʭƢŧ �ŦǎƃƀŮƸţ �ŪƹŹƄƼ �ɥƫǏǁƒŮƸţŏƺŤơ���ƻǏƊƱŭ �ƿͺƽǎ

�ũſƀƢŮƼǆ�ŪǏšŤǁŲƸţ�ūʭͺƎƽƸţ��ƿǏŮǏƊǏšƃ�ƿǏŮơǇƽŶƼ�ͭƸŝ�ũſƄƭƽƸţ�ūŤƼʭƢƸţ�ūţƁ�ƫǏǁƒŮƸţ�ƷƴŤƎƼ
ūŤŢƭƸţ����

 

Ź�ƫǏǁƒŮƸţ�ŪƹͺƎƽƸ�ŪƸŤŹ�ƘƊŧř�ͯǄ�ͯšŤǁŲƸţ�ƫǏǁƒŮƸţ�ŪƹͺƎƼ��ͭƹơ�ūŤŢƭƸţ�ŪơǇƽŶƼ�ƄƒŮƱŭ�ŰǏ
��ţƂǄ�ɥ�ƘƱƬ�ƿǏǁűţŏſƀƒƸţ����ƫǏǁƒŮƸţ�ŪƹͺƎƼ�ͭƹơ�ƘǏƊŧ�ƶŤŲƼ��ŪǏŨƹƉ�ŪŢƬǆ�ŪǏŧŤŶǎŝ�ŪŢƬ�ƿǏŧ�ƆǏƽǀ�ŤǁǀŞƬ

ŪǏŨƹƉ�ǆř�ŪǏŧŤŶǎŝ�ƃŤŨŮŽʬţ�ŪŶǏŮǀ�ƾǇƵŭ�ƀư��ƷƼŤŹ�Ťǅǀř�ƫƎŮƵŮƸ�ŤŨ̔ǏŨƙ�ũřƄƼţ�ǈƄŭ�ŤƼƀǁơ�ǇǄ�ͯšŤǁŲƸţ����

�¾» �È�Â¼n» �ÉO ��» �¶»Z fË �É~·Y �R^Àf·Y �¾» ��Â¿ ��Z�ÏY �Ê§ �ÂÅ �ÊWZÀj·Y �¦ÌÀ�f·Y
�Êf�Â¼n»cZX¨·Y�e�ZÆÌ·S�Ê¼fÀÈÀÌ ·Y�� 

��ƈƵơ�ͭƹơ��ŪƭƹŮžƼ�ūŤŢƬ�ͭƸŝ�ƄƑŤǁƢƸţ�ƫǏǁƒŭ�ǇǄ�ſƀƢŮƽƸţ�ƫǏǁƒŮƸţ�ǆř�ūŤŢƭƸţ�ſƀƢŮƼ�ƫǏǁƒŮƸţ
��ƫǏǁƒŮƸţŏͯšŤǁŲƸţ����ƿǏŮŢƬ�ͭƹơ�ƄƒŮƱǎ�ǌƂƸţŏƘƱƬ���ƫǏǁƒŭ�ǃǁͺƽǎǆ�ūŤŢƭƸţ�ſƀƢƸ�ƀŹ�ƀŵǇǎ�ʬ�ǃǀŞƬ

��ƷǏŨƉ�ͭƹơ��ƿǏŮŢƬ �ƿƼ�ƄŲƴřŏƶŤŲƽƸţ����ūŤŢƬ �ͭƸŝ �ƃŤŨŽʨţ �ƫǏǁƒŭ�ƀƢǎŏŪƭƹŮžƼ����ŦŮͺƸţ �ƫǏǁƒŭǆ
��ŦƊŹŏƟǇƕǇƽƸţ����ſƀƢŮƼ �ƫǏǁƒŮƸţ �ͭƹơ �ŪƹŲƼř �ũƀŹţǆ �ũƃǇƑ �ɥŪƭƹŮžƽƸţ �ūŤǀţǇǏźƸţ �ƫǏǁƒŭǆ
ūŤŢƭƸţ���

 

��ƫǏǁƒŮƸţ�ƷƴŤƎƼ�ͯƬŏŪǎƀǏƹƱŮƸţ��ŭ��Ʒƴ�ƘŨŭƄŪǁǏơ����ƠƼǆ��ŪŢƬ�ŪƼʭƢŧŏƳƸƁɥ��ūŤǄǇǎƃŤǁǏƉ�ƿƼ�ƀǎƀƢƸţ�
��ƻƸŤƢƸţŏͯƱǏƱźƸţ����ƾţƄưŝ�ƻŮǎ�ƀưŪǁǏơ��ſƀƢŮƼ�ūŤƼʭƢŧ��ƷǏŨƉ�ͭƹơ��ũŏƶŤŲƽƸţɥ��ŪŢƬ�ŏƃŤŨŽʨţ���ŖƆŵ�ƘŨŭƄǎ
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��Ʈʭƙŝ �ƶǇŹ�ƃŤŨŽʨţ �ƿƼApple����ƅŤǅŶƸiPhone���ŪƼʭơǆ �ŪǎƃŤŶŮƸţ �ŪƼʭƢƸţ �ƿƼ �Ʒͺŧ �ƀǎƀŶƸţ

��ͭǁƢƽŧ��ŤǏŵǇƸǇǁƵŮƸţŏƄŽŗ��ŭ��Ʒƴ�ƘŨŭƄ�ŪǁǏơ����ƻƹƢŮƸţ��ƘƱƬ�ũƀŹţǆ�ƿƼ�˟ʬƀŧ�ūŤƼʭƢƸţ�ƿƼ�ŪơǇƽŶƽŧ
��ͯŮƸţ�ūŤƼʭƢƸţ�ũſƀƢŮƼ�ūŤǀŤǏŨƸţ�ƿƼ�ƻƹƢŮƸţ�ͭƸŝ�ƄǏƎǎ�ͯƸŗ�ƻƹƢŭ�ƮŤǏƉ�ǇǄ�ūŤƼʭƢƸţ�ſƀƢŮƼŭ��ƘŨŭƄ

��Ʒƴ�ŤǅǏƬŪǁǏơ��ŪƹƽŮźƽƸţ�ūŤƼʭƢƸţ�ƿƼ�ƀǎƀƢƸŤŧ���
�ŪƦƹƸţ�ŪŶƸŤƢƼ�ɥŤǎŤƖƱƸţ�ƻǄř�ƀŹř�ūŤƼʭƢƸţ�ſƀƢŮƼ�ƫǏǁƒŮƸţ�ƀƢǎŏŪǏƢǏŨƚƸţ�ɥŪƑŤŽǆ���ƫǏǁƒŭ

��ͭƸŝ �ŪƬŤƕʪŤŧ ��ƐǁƸţŏƳƸƁ����ƟŤŵƄŮƉţ �ƷŲƼ �ͯƱǏƱźƸţ �ƻƸŤƢƸţ �ŤǎŤƖư �ƿƼ �ƀǎƀƢƸţ �ɥǃƼţƀžŮƉţ �ƻŮǎ
��ſƀƢŮƼ �ƫǏǁƒŮƸţ �ƿǏŧ �ƪʭŮŽʬţ �ƿƽͺǎ ��ŪǎǇǏźƸţ �ŪǏŭŤƼǇƹƢƽƸţǆ �ƓţƄƼʨţ �ƐǏžƎŭǆ �ūŤƼǇƹƢƽƸţ

ŪǁǏƢƸ�ŤǅƒǏƒžŭ�ƿͺƽǎ�ͯŮƸţ�ūŤƼʭƢƸţ�ſƀơ�ɥūŤƼʭƢƸţ�ſƀƢŮƼ�ƫǏǁƒŮƸţǆ�ūŤƼʭƢƸţ��

{| f»�¦ÌÀ�f·Y����È»Ô ·Y�¦ÌÀ�f·�º¼ »�¶°��ÂÅ�cZ»Ô ·Y,Ç|uYÂ·Y�����]��¾°¼Ë�hÌu
��È»Ô ·Y�¾»�0Ó|]�cZ»Ô ·Y�¾»�È�Â¼n¼]�È·Zu�¶¯ 

Regression

��ųƁŤƽǀ�ƿǏŧ�ͯƊǏšƄƸţ�ƪʭŮŽʬţ�ƷŲƽŮǎ�ƠưǇŮƸţ����ŜŨǁŮƹƸ�ƃţƀźǀʬţ�ūŤǏƼƅƃţǇŽ�ƺţƀžŮƉţ�ɥƫǏǁƒŮƸţǆ
��ūŤŵƃſ��ũƄƽŮƊƽƸţ�ƻǏƱƸŤŧƾŤźŮƼʬţŏ�������ƄƴƁ��ŪƹƒƭǁƼ�ƻǏƱŧ�ƫǏǁƒŮƸţ�ūŤǏƼƅƃţǇŽ�ŚŨǁŮŭ�ŤƽǁǏŧ�ŏͭŲǀř�

��ūţƄǏƦŮƽƸţ �ƿǏŧ �ŪǏšŤƒŹŝ�ŪƸʬſ�ūţƁ�Ūưʭơ�ƀŶŭ�ŪǏšŤƒŹŝ�ŪǏƹƽơ�ǇǄ�ƃţƀźǀʬţ ���ŚƚŽ�� �ťţǇƑ
���ŪƹƱŮƊƽƸţǆ �ŪƢŧŤŮƸţŏŪǏƼƅƃţǇžƴ���ŨǁŮǎ �ǃǀŞƬ��ƷǏŨƉ �ͭƹơ ��ƄƽŮƊƼ �ſƀƢŧ �ŚŏƶŤŲƽƸţ����ƺţƀžŮƉţ �Ƴǁͺƽǎ

��ɥŤǅǀǇƉƃƀǎ �ͯŮƸţ �ūŤơŤƊƸţ �ſƀơ�ͭƹơ�ʽŖŤǁŧ �ťʭƚƸţ �ƃŤŨŮŽţ �ūŤŵƃſ �ƀǎƀźŮƸ �ƃţƀźǀʬţ �ŪǏƼƅƃţǇŽ
��ǂƂǄ �ɥ�ƟǇŨƉʨţŏŪƸŤźƸţ����ƃŤŨŮŽʬ �ŪǏšŤǅǁƸţ �ŪŶǏŮǁƸţǆ �́ʭƱŮƊƼ �ţʽƄǏƦŮƼ �ŪƉǆƃƀƽƸţ �ūŤơŤƊƸţ �ŸŨƒŭ

��ŦƊǀʨţ�ƘŽ�ƻƉƃ�Ƴǁͺƽǎ��ƠŧŤŭ �ƄǏƦŮƼ�ͯǄ�ŦƸŤƚƸţ(Fitting Line)����ūŤǀŤǏŧ �ƗŤƱǀ�ƶʭŽ�ƿƼ
��ŜŨǁŮƹƸ�ƘžƸţ�ƈƭǀ�ƺţƀžŮƉţ�ƿͺƽǎ��ũƀǎƀŵ�ūʭŽƀƼ�ƶŤŽſŝ�ƀǁơ�ųƁǇƽǁƸţ�ūţŜŨǁŭ�ƃŤǅƝʪ�ŪƭƹŮžƼ

��ūŤŵƃƀŧƾŤźŮƼʬţ���ƙ�Ŗţſř�ͭƹơ�ʽŖŤǁŧƄŽŗ�ŦƸŤ����
��ƶŤŲƽƴŏƄŽŗ�����ŪƹƽƢŮƊƽƸţ �ũƃŤǏƊƸţ �ƄƢƊŧ �ŜŨǁŮƸţ �ǃǁͺƽǎ �ƺŤƞǀ �ŤǁǎƀƸ �ƾǇͺǎ �ƾř �ƀǎƄǀ �Ťǁǀř �ƓƄŮƬţ

�ƿƼ �ŤǄƄǏƥǆ �ŪơǇƚƱƽƸţ �ŪƬŤƊƽƸţǆ �ŪǁƊƸţǆ �ŪǎƃŤŶŮƸţ �ŪƼʭƢƸţ �ƷŲƼ �ũƃŤǏƊƸţ �ƐšŤƒŽǆ �ūʭŽƀƽƸţ
��ƷƱǁŮƸţ�ɥƄƵƬ�ǆř��ũƃŤǏƊƸţ�ƄƢƉ�ͯǄ�ūŤŵƄžƽƸţǆ�ũƃŤǏƊƸţ�ŪƽǏư�ͭƹơ�ƄűŜŭ�Ťǅǀř�ƀƱŮƢǀ�ͯŮƸţ�ūŤƼǇƹƢƽƸţ

źŮƼ�ūǇŧǆƃ�ƠƼũſŤǏƱƸţ �ŪǏŭţƁ�ũƃŤǏƉ��ƲƄŔ�����ŪƹŶơ�ŤǅǏƬ �ƃǆƀŭ�ƾř �ŦŶǎ�ͯŮƸţ �ŪǎǆţƆƸţ �ǇǄ�ųţƄŽʪţ
�ŪƚƉţǇŧ�ūʭŽƀƽƸţ�ƄǏƬǇŭ�ƻŮǎǆ�ŏūŤƬţƄźǀʬţǆ�ūŤŨƱƢƸŤŧ�ƺţƀƚƑʬţ�ƾǆſ�ƺƀƱŮƹƸ�ũƄƼ�Ʒƴ�ɥũſŤǏƱƸţ

��ͯƽƸŤƢƸţ�ƠưţǇƽƸţ�ƀǎƀźŭ�ƺŤƞǀǆ�ǇǎƀǏƭƸţ�ūţƄǏƼŤƴ�ƷŲƼ�ũƃŤǏƊƸţ�ɥƃŤƢƎŮƉţ�ũƆǅŵřGPS��ͭƸŝ�ŤƼǆ��
ƳƸƁ��

ZËY�¼·Y 
�

� ÙçZÆ¼Æ§Ù®À°¼ËÙÈ�Ì�]ÙÈÌ¸¼�ÙÂÅÙ¥Y��ÑYÙdveÙº¸ f·Y 
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� ÙÈ·ÂÆ�]Ù®À°¼ËÙ,ÙÈ¨À�»ÙcZ¿ZÌ]Ù{ÂmÂ·ÙY0��¿ÄvÌv�eÁÙk}Â¼À·YÙ�Z^fyYÙçÙ

 

[ÂÌ ·Y �

� ÙÊ·ÍY Ùº¸ f·Y Ù¹ZÆ» Ù� ] ÙLY{O ÙÄÀ°¼Ë ÙÓ ÙhÌv] ÙÊuYÂÀ·Y Ù¾» Ù�Ìj¯ ÙÊ§ Ù{Á|v» Ù¥Y��Ò· Ù��Zz·Y Ùº¸ f·Y
Ç|¬ ¼·YÙç 

� ÙZÀ»|«ÙY}ScÔy|»Ùd�Ì·Ù¾»ÙÉOÙ¾»ÙcZX§ÙcZ¿ZÌ]Ù\Ë�|f·YÙ,Ù|¬§Ù½Â°ËÙleZÀ·YÙÈÌ¼�eÙÈX§ÙÈX�ZyÙçÖ¸�Ù
¶Ì^�ÙÙµZj¼·YÙÙ,ÙÙ��f§YÙÙ®¿OÙÙ¹Â¬eÙÙ�Ë�|f]ÙÙ¦À�»ÙÙÙ�Â�·YÙÙ¹Y|zf�Z]ÙÙcZ¿ZÌ]ÙÙ��¬·YÙÙ[Ô°·YÁÙÙçÙºiÙÙÙY}SÙ

dÌ��OÙÇ�Â�ÙÈ§Y��ÙÙ,Ù|¬§ÙÂ°ËZ0vÌv�Ù�Ì·ÙY~ÅÁÙ,ÙZ0^¸¯ÙÁOÙÈ�«ÙleZÀ·YÙ½Ùç 
� Ê]Z�v·YÙd«Â·YÙ¾»Ù�Ìj°·YÙ\Ë�|f·YÙ©�¤f�Ëç 
� 0ÔËÂ�ÙZ0f«ÁÙ©�¤f�ËÁÙZ0¨¸°»ÙY0�»OÙZÆ¨ÌÀ�eÁÙcZ¿ZÌ^·YÙ�¼mÙ| ËÙçÙ

��ƻƹƢŮƸţ�ůƀźǎɥƪţƄƍţ�ƾǆƀŧ����ƲŤǁǄ�ƾǇͺǎ�ʬ�ŤƼƀǁơ�ͯƸʦţ�ƻƹƢŮƸţŪǏƽƊŭ��ƫǏǁƒŭ�ǆř�ūŤǀŤǏŨƹƸ���ŤǅƸ��
��ǌř�ƾǆſ�ƪʭŮŽʬţǆ�ǃŧŤƎŮƸţ�ǃŵǆř�ƔƢŧ�ͭƹơ�ʽŖŤǁŧ�ŪƢƽŶƽƸţ�ƄǏƥ�ūŤƼǇƹƢƽƸţ�ƅƄƬ�ɥŪƽǅƽƸţ�ƷŲƽŮŭ

�ͭǁƢƽŧ��ǃǏŵǇŭ�ŏƄŽŗ�ţ�ƄǏƥ�ūŤǀŤǏŨƸţ�ɥŪǏƭžƼ�ƷƴŤǏǄǆ�ƗŤƽǀř�ͭƹơ�ŪƸʦţ�ƄŲƢŭ�ƾř�ƠưǇŮƽƸţ�ƿƼ��ũŤƽƊƽƸ
��ǃǏƹơ�Ưƹƚǎ�ǃǀř�ɥŦŨƊƸţ�ǇǄ�ţƂǄ��ŤǄſƄƭƽŧƪţƄƍţ�ƾǆƀŧ��ǇǄ�ŤƼ�ũƃŤǏƊƸţ�ƻǏƹƢŮƸ�ƷǏƸſ�ƀŵǇǎ�ʬ�ǃǀʨ��

��ţƂǄ�ɥ�ŚƚžƸţ�ǇǄ�ŤƼǆ�ťţǇƒƸţŏŴǅǁƸţ����ŰźŨŭ�ǌƂƸţ�ŤƼ�ŪƸʦţ�ƪƄƢŭ�ʬŏǃǁơ����ūŤǀŤǏŨƸţ�ƅƄƬ�Ťǅǁͺƽǎ�ƿͺƸǆ
�ŪƢǁƱƼ�ƗŤƽǀř�ͭƹơ�ƃǇŲƢƸţǆ�ƷƱŮƊƼ�ƷͺƎŧ�

��Ä]Z�f·Y�ÄmÁO�Ö¸��0LZÀ]�È¼�À»��Ì£�cZ»Â¸ »�¥Y��Ò·�È �Zz·Y��Ì£�º¸ f·Y�cZ�Â¼n»
,¥ÔfyÓYÁ���cZX§��Ì§Âe�ºfË�º·�Â·�Öfu 

�

��©���sY�f«Y�k}Â¼À¸·�¾°¼Ë�Z¼ÀÌ]�Ä¿O�Ê§�k}Z¼À·Y�Ã~Æ·�È¼Æ¼·Y�cY�Ì¼·Y�Õ|uS�¶j¼fe
��ÁO�®eZ¿ZÌ]��Ì¼nf·�È¨¸fz»,ZÆ^¸�����|Ë�¼·Y�LY�mÑ�®·�Á�f»��»ÏY�½T§��µÂu�hv^·Y�¾»

��|Ì¨»�LÊ��¾��¦�°¸·�k}Z¼À·Y�Ã~Å 
�

��¶Ì¸vf·Y �Ê§ �Y0|m �Y0|Ì¨» �¥Y��Ò· ���Zz·Y ��Ì£ �º¸ f·Y �| Ë,Ê§Z�°f�ÓY����ÄÀ°¼Ë �hÌu
��¶Ì^��Ö¸� ��Z0ÌWZ¬¸e �cZ¿ZÌ^¸· �È¸�Pf¼·Y �ÈÌÀ^·Y �¥Z�f¯Y,µZj¼·Y����¾Ì¸¸v¼·Y �|uO �µÁZu �Y}S

��ºÌ�¬e�,¾Ì°¸Æf�¼·Y����©Ô�¿Y �È�¬¿�¥Y��Ò· �È �Zz·Y ��Ì£��Ì¼nf·Y �©���½Â°f�§
��ºÆ¸Ì¸vf·�Ç|Ìm 
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Clustering 

�ƠǏƽŶŮƸţ���ƳǁǎƄŮƉʭͺƸţ�����ƷͺƎƸţ��ūŤơǇƽŶƽƸţ�ƿƼ�ƿǏƢƼ�ſƀƢƸ�ūŤǀŤǏŨƸţ�ūŤǁǏơ�ƿǏǏƢŭ�ŪǏƹƽơ�ǇǄ
�Ĺ���ͭƸŝ �ͯƽŮǁŭ �ͯŮƸţ �ūŤǀŤǏŨƸţ �ƗŤƱǁƸ �ƾǇͺǎ �ŰǏźŧ ���ſǇƱǁƢƸţ� �ŪơǇƽŶƽƸţ�����ŪǅŧŤƎŮƼ �ƐšŤƒŽ

��ūţƃŤŨƢŧŏƘƊŧř����ƿǏŧ�ŪƬŤƊƽƸţ�ƾǇƵŭ�ŰǏźŧ�ūŤǀŤǏŨƸţ �ƗŤƱǀ�ƠǏƽŶŭ�ƿƼ�ƄŲƴř�ūŤơǇƽŶƽƸţ�ƀƢŭ�ʬ
ǄƀŹ�ɥūŤơǇƽŶƽƸţ�ƷŽţſ�ūŤǀŤǏŨƸţ�ƗŤƱǀ��ƷǏƹźŭ�ƿƼ�ƪƀǅƸţ��ͭǀſʨţ�Ť�ŪơǇƽŶƽƸţ�����ͯƸŤŲƼ�ƷͺƎŧ�

��ŪǅŧŤƎŮƼ�ŪơǇƽŶƼ�Ʒƴ�ƷŽţſ�ūŤǁǏƢƸţ�ŤǅǏƬ�ƾǇƵŭ�ūŤơǇƽŶƼ�ͭƹơ�ƃǇŲƢƸţ�ǇǄŏŤ̔ƼŤƽŭɥ��Ʒƴ�ƾř�ƿǏŹ�
ƔƢŨƸţ�ŤǅƖƢŧ�ƿơ�ŤʽƼŤƽŭ�ŪƭƹŮžƼ�ŪơǇƽŶƼ���

�
��Ʒͺƍ��Ĺ�����ƠǏƽŶŮƸţ���

��Ö¸� �Y0�{Z« �½Â°f� �®¿O �¶¼fv¼·Y �¾¼§ �,ÈÌ»��YÂy �È��YÂ] �ºfË ��Ì¼nf·Y �½Ï �Y0��¿
��Ê§�|�Z�e�½O�¾°¼Ë�Êf·Y�cZ¿ZÌ^·Y�Ê§�Z0¬]Z��È§Á� ¼·Y��Ì£�cZ�Z^e�ÓY�¥Z�f¯Y��ÈÆmYÂ»

��|Ë|m��Â�À»�¾»�µZ¼�ÏY�É|ve 

��ŪơǇƽŶƼ�ɥūŤƽƊƸţ�ſƀơ�ƷǏƹƱŭ�ŪǏƹƽơ�ͭƸŝ�ƄǏƎǎŏūŤǀŤǏŨƸţ����ŪơǇƽŶƼ�ͭƹơ�ūţƄǏǏƦŮƸŤŧ�ƛŤƭŮŹʬţ�ƠƼ
��ŪǏƹƽơ�ƷƽƢŭ��ƾŤͺƼʪţ�ƃƀư�ŪǏƹƑʨţ�ūŤǀŤǏŨƸţ��ƷǏƹƱŭ��ƿƼ�ūŤǀŤǏŨƸţ�ƷǎǇźŭ�ͭƹơ�ͯƉŤƉř�ƷͺƎŧ�ſŤƢŧʨţ

�ŬưǇƸţ�ɥ�ƄƦƑř�ſŤƢŧř�ūţƁ�ũƆǏƼ�ŪŹŤƊƼ�ͭƸŝ�ſŤƢŧʨţ�ŪǏƸŤơ�ũƆǏƼ�ŪŹŤƊƼŏǃƊƭǀ��ƠǏƖŭ�ʬř�ƻǅƽƸţ�ƿƼ
ƷǎǇźŮƸţ�ŖŤǁűř�ūŤǀŤǏŨƹƸ�ũƀǏƭƽƸţ�ūţƆǏƽƸţ��

��¶Ì¸¬e �| Ë{Z ]ÓY����\Ë�|e �¶^« �Ä¿O �ÊÀ Ë �Y~Å ��È¬^�» �Èn·Z » �ÇÂ�y,k}Â¼À·Y����¹Â¬¿
 ]ÏY�¶Ì¸¬f]��{Z 

��ƾǆƀŧ�ūŤǀŤǏŧ
�ŪǏƽƊŭ 

q#¥�@8�& 
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�ŪƦƸ�Ʒƭƙ�ƻǏƹƢŭ�ƀǎƄǀ�Ťǁǀř�ƓƄŮƭǁƸŏũƀǎƀŵ���řƀŨƽƸ�ŤĽƱƬǆ�ƳƸƁ�ŤǁƹƢƬ�ţƁŝ��ŪǎƆǏƹŶǀʪţ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ
��ƠƕŤžƸţ�ƻƹƢŮƸţŏƪţƄƍʫƸ���ͭƸŝ�ŪƽŵƄŭǆ�ŪǎƆǏƹŶǀŝ�ūŤƽƹƴ�ͭƹơ�ǌǇŮźǎ�ŤʽƉǇƼŤư�ǃźǁƽǀ�ŪƙŤƊŨŧ�ŤǁǀŞƬ

�ǃŮƦƸŏƺʨţ��ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơŪǏŧƄƢƸţ�ƷƭƚƸţ�řƀŨǎ�ƾř�ŤʽǏŨƊǀ�ƷǅƊƸţ�ƿƼ�ƾǇͺǏƉ��ŏƻƹƢŮƸţ��ǃǁͺƽǎ�Ťƽŧƃǆ
��ƠƼǆ��ūŤƽŵƄŮƸţ�ƜƭŹ�ƯǎƄƙ�ƿơ�ũƄǏŨƴ�ŪơƄƊŧ�ƺƀƱŮƸţŏƳƸƁ����ƏǇƒǁƸţ�ƻǅƬǆ�ũŖţƄư�ɥŪŧǇƢƑ�ƀŶǏƉ

��ŪƦƹƸŤŧŏŪǎƆǏƹŶǀʪţ����ūŤƽƹͺƸţ �ūŤƽŵƄŭ �ƘƱƬ �ƻƹƢŭ �ǃǀʨŪǏŧƄƢƸţĹ��ŪǎǇźǁƸţ �ŪǏǁŨƸţ �ƈǏƸǆ �ŪǎƆǏƹŶǀʪţ
ŪǎƆǏƹŶǀʪţ�ƷƽŶƹƸ.�

��ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ �řƀŨƽƸ�ŤĽƱƬǆŏƪţƄƍʫƸ����ƷǏŨƉ�ͭƹơ��ŤʽƼŤƽŭ�ŤĽƭƹŮžƼ�ǇǎƃŤǁǏƊƸţ�ǆƀŨǎ�ŏƶŤŲƽƸţ��
��ƄŲƴř�ţƂǄ�ŤƢŨƙ��ƻƹƢŮǎǆ�ŪǎƆǏƹŶǀʪţ�ŪƦƹƸŤŧ�ŦŮƴ�ŪƊƽŽ�ƷƭƚƸţ�Ÿǁƽǀ��ţƀǏƱƢŭ����ƷǏŨƉ�ͭƹơŲƽƸţ�ŏƶŤ��

�ūŤǀŤǏŨƸţ��ũƀơŤƊƽŧŏ�����ɥŤʽǏŨƊǀ�ũƃƄƵŮƼ��Ťǀř��Ūƽƹƴ�ƾř�Ʋƃƀǎ�ƾř�ƷƭƚƹƸ�ƿͺƽǎŏƐǁƸţ����ƿƼ�ƄǏŲƴ�ͯƬǆ
��Ūǎţƀŧ�ɥͭŮŹ�ūʬŤźƸţŏŪƹƽŶƸţ��ūŤŵŤŮǁŮƉţ�ŤǅǁƼ�ƐƹžŮƊǎǆ.�

��ƻƹƢŮƸţ��ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţǆ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ƿǏŧ�ƮƄƭƸţ�ƶŤŲƽƸţ�ţƂǄ�ŸƕǇǎ
ƿƼ�ƄǏŲƴ�ɥǇǄ�ƪţƄƍʫƸ�ƠƕŤžƸţ����ƠƼǆ��ƘƊŧř�ŪǏƼƅƃţǇŽ�ūʬŤźƸţŏƳƸƁ���ƘƱƬ�ƻƹƢŮǎ�ųƁǇƽǁƸţ�ƾŞƬ

���ųƁǇƽǁƹƸ�ūʭŽƀƽƴ�ŤǅƽǎƀƱŭ�ƻŮǎǆ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ɥŸǎƄƑ�ƷͺƎŧ�ŪǁƽƖƽƸţ�ūŤưŤǏƊƸţ
��ƷǏŨƉ �ͭƹơŏƶŤŲƽƸţ����ūŤƽƹͺƸţ �ƻŵƄŮǎ �ƾř �ŪǎƆǏƹŶǀʪţ �ŪƦƹƸţ �ƻƹƢŮǎ �ǌƂƸţ �ƷƭƚƹƸ �ƿͺƽǎŪǏŧƄƢƸţ����ͭƸŝ
��ŪǎƆǏƹŶǀʪţŏţĽƀǏŵ��ŪǎƆǏƹŶǀʪţ�ƏǇƒǁƸţ�ƻǅƬǆ�ũŖţƄư�ƻƹƢŮǎ�ƻƸ�ǃǁͺƸ.�

��ŪǏŹŤǀ�ƿƼŏǈƄŽř����ſƀźǎ�ƾř�ŦŶǎ�ǃǀʨ�ţĽƀǏƱƢŭ�ƄŲƴř�ŪƽǅƼ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ �ƀƢǎ
��ŪŶǏŮǀ��ƷƱŮƊƼ�ƷͺƎŧ�ŤǅƽƹƢŮǎǆ�ƷƴŤǏǅƸţŏƳƸƂƸ����ŪƉƃŤƽƽƹƸ�ƀǅŶƸţǆ�ŬưǇƸţ�ƿƼ�ţĽƀǎƆƼ�ƄƼʨţ�ƮƄƦŮƊǎ

ŏũƆǏƽƸţ����ƠƼŏƳƸƁ��ǎř�ſƀźǎ�ťƃƀƽƸţ�ųƁǇƽǁƸţ�ƾř�ͯǄ���ŸǎƄƑ�ƷͺƎŧ�ŤǅŮǏƚƦŭ�ƻŭ�ͯŮƸţ�ūʬŤŶƽƸţ�ŤƖ
��ţʽƃſŤư�ŪǎƆǏƹŶǀŝ�ūŤǎţǆƃ�ƈƽŽ�ũƀơŤƊƽŧ�ŪǎƆǏƹŶǀʪţ�ŪƦƹƸţ�ƻƹƢŭ�ǌƂƸţ�ƷƭƚƸţ�ƾǇͺǎ�ƾř�ŸŵƄƽƸţ�ƿƼ

��ͭƸŝ�ŪǎſƄƭƸţ�ūŤƽƹͺƸţ�ŪƽŵƄŭǆ�ŪǎƆǏƹŶǀʪţ�ƏǇƒǁƸţ�ũŖţƄư�ͭƹơŪǏŧƄƢƸţ���ŪǎƆǏƹŶǀʪţ�ŪƦƹƸţ�ƀơţǇư�ƻǅƬǆ
ŤʽƖǎř���

�ūţƁ�ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ�ƺţƀžŮƉŤŧ�ƺŤǅƽƸţ�Ŗţſř�ƿǏƊźŭ�ɥŪǎŤƦƹƸ�ƶŤƢƬ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ
ūŤƼʭƢƸţ����ƷǏŨƉ �ͭƹơ ��ũſƀƢŮƽƸţŏƶŤŲƽƸţ���ƃǇƑ �ƿƼ �ţĽƀŵ �ũƄǏŨƴ�ūŤǀŤǏŧ �ŪơǇƽŶƼ �ƲƃŤŨŮơţ �ɥƠƕ

��ŪƼʭơ�Ơƕǆ�ƻŭ�ͯŮƸţ�ūŤǁšŤͺƸţ��ͭƹơ��Ťƽŧ�ũƄǏŨƴ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ŬǀŤƴ�ţƁŝ��ũƃǇƑ�Ʒƴŏͯƭͺǎ����ţƁŝǆ
�ǁƽư��ƅŤǅŵ�ƺţƀžŮƉŤŧǆ�ŪźǏźƒƸţ �ͯƸʦţ �ƻƹƢŮƸţ �ūŤǏƼƅƃţǇŽ�ƺţƀžŮƉŤŧ �ͯƭͺǎ �Ťƽŧ �ţĽƀǏŵ�ŤǅŨǎƃƀŮŧ �Ť

��ƄŭǇǏŨƽƴŏǌǇư��ţĽƀǏŵ�ǃǏƹơ�ƪţƄƍʪţ�ƻŮǎ�ƻƹƢŮƸţ�ͭƹơ�ƻšŤư�ƃǇƒƹƸ�ƫǏǁƒŭ�ųƁǇƽǀ�ŖŤƎǀŝ�ŤǁǁͺƽǏƬ���
�Ŧǎƃƀŭ�ƻŮǎ�ǃǀʨ�ţʽƄƞǀƸţ�ŪǏƼƅƃţǇž�ƯǎƄƙ�ƿơ�ͭƹơ�ƪţƄƍʬţŏūŤǀŤǏŨƸţ���Ťǅšţſř�ƇŤǏư�Ťǅǁͺƽǎ�ƿơ

ƯǎƄƙ��ŪƸţſ���ŚƚžƸţ��ũſǇŵǇƽƸţ�ŪǏƹƢƭƸţ�ũƃǇƒƸţ�ŪƼʭơ�ƠƼ�ŪƢưǇŮƽƸţ�ũƃǇƒƸţ�ŪƼʭơ�ŪǀƃŤƱƼ�ƶʭŽ�ƿƼ��
��ŪƸţſ�ƷǏƹƱŭ�ŪŹţƄƑ�ŪǏƼƅƃţǇžƸţ�ƶǆŤźŭ��ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ɥŤǁǎƀƸŪƭƹƵŮƸţ�ǆţ�ŚƚžƸţ��ŔǂƂǄ���ŰǏźŧ
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�ǇǄ�ţƂǄ��ƿͺƽǎ�ŤƼ�Ʒưř ��ƃŤŨŮŽʬţ�ŪơǇƽŶƼ��ƷŨư �ƿƼ�ŤǅŮǎśƃ�ƻŮǎ �ƻƸ �ͯŮƸţ �ƃǇƒƸţ �ɥŚƚžƸţ �ƾǇͺǎ

��ŪǎǇư�ūŤƼʭƢƸţ�ƾř�ɥŦŨƊƸţŏţĽƀŵ�����ŚƚžƹƸ�ƇŤǏƱƼ�ƄǏƬǇŭ�ƶʭŽ�ƿƼ�ŪǏƼƅƃţǇžƸţ�ǃǏŵǇŭ�ɥƀơŤƊŭ�ͯǅƬ
�ǂƂǄ�ƾǆƀŧ��ŬưǇƸţ�ƃǆƄƽŧ�Ťǅšţſř�ƿǏƊźŮƸ�ŚƚžƸţ�ƇŤǏƱƼ�ŪǏƼƅƃţǇžƸţ�ƺƀžŮƊŭŏūŤƼʭƢƸţ�ʬ�ƪƄƢŭ�

��ƠƼǆ��ŸǏźƑ�ƷͺƎŧ�ƃǇƒƸţ�ƫǏǁƒŭ�ɥŤǅŹŤŶǀ�ǈƀƼ�ŪǏƼƅƃţǇžƸţŏƳƸƁɥ��ƾǇƵŭ�ƾŤǏŹʨţ�ƔƢŧ�
ţĽƀŵ�ŪǏƸŤơ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ͭƹơ�Ť̔ǎǆƀǎ�ūŤƼʭƢƸţ�Ơƕǆ�ŪƭƹƵŭ���

��ͭƸŝ�ŪƬŤƕʪŤŧŏƳƸƁ����ŪƢƕŤžƸţ�ƻƹƢŮƸţ�ųƁŤƽǀ�ũǇư�ƿƼ�ƻƥƄƸţ�ͭƹơŏƪţƄƍʫƸ����ɥũſǆƀźƼ�Ťǅǀř�ʬŝ
��ŪƬƄƢƽƸţ�ƮŤƚǀ�ųƃŤŽ�ŪƬƄƢƽƸţ�ƻǏƽƢŭ��ƄǏƥ�ƻƸŤƢƸţ�ūŤǀŤǏŧ�ƻƞƢƼ�ƾʨ�ţʽƄƞǀ��ŤǅǏƹơ�ƻǅŨǎƃƀŭ�ƻŮǎ�ͯŮƸţ

ŪƽƹƢƼŏ���ũſǆƀźƼ�ƷŨư�ƿƼ�ŪǏšƄƼ�ƄǏƥ�ŪƹŲƼř�ƷƽƎŮƸ�ǃƭšŤƝǆ�ƠǏƉǇŭ�ͭƹơ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ũƃƀư�ƾŞƬ
��ͭǁƢƽŧ��ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ƺţƀžŮƉŤŧŏƄŽŗ����ƷźƸ�ŤʽƢšţƃ�ţʽƄƼř�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�ƀƢǎ

��ƷƴŤƎƼ��ͯơŤǁƚƑʬţ �ŖŤƴƂƸţ�ǏƖƸţ��Ư��Narrow AI��ŏ����ŖŤƴƂƸţ �ūʭͺƎƼ �ƷźƸ �ŤʽƢšţƃ �ƈǏƸ �ǃǁͺƸǆ
ŪǎǇƱƸţ�ͯơŤǁƚƑʬţ���

��ƿƼ�ƔǏƱǁƸţ�ͭƹơŏƳƸƁ����ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ƾŞƬŦƉŤǁƼ��Ľţƀŵ����ƾǇƵŭ�ͯŮƸţ�ūʭͺƎƽƹƸ
��ŪǏƬŤƴ�ūŤƼʭơ�ūţƁ�ūŤǀŤǏŧ�ūŤơǇƽŶƼ�ŤǁǎƀƸ�ƈǏƸ�ǆř�ƃţƄƽŮƉŤŧ�ƄǏƦŮŭ�ǆř�ŪƬǆƄƢƼ�ƄǏƥ�ƗŤƽǀʨţ�ŤǅǏƬ

��ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ƷƽƢǎ��ŤǅƸŏƪţƄƍʫƸ����ſŤƍƄŮƉʬţ�ƿƼ�˟ʬƀŧŏūŤƼʭƢƸŤŧ���ŪǏǁŨƸţ�ƻƹƢŭ�ƶʭŽ�ƿƼ
�ŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ƺǇƱǎ��ŤǅǏƹơ�ŦǎƃƀŮƸţ�ƻŮǎ�ͯŮƸţ�ūŤǀŤǏŨƹƸ�ŪǏƉŤƉʨţ��ƶʭŽ�ƿƼ�ţƂǅŧ�ƪţƄƍʫƸ�Ơƕ

��ƿƼ�ŪơǇƽŶƼ�ƺţƀžŮƉŤŧ�ŤǅǏƹơ�ŤǅƊǎƃƀŭ�ƻŮǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƷǏŲƽŭ�ŪƸǆŤźƼūʭƼŤƢƽƸţ��ƶʭŽ�ƿƼ��
��ţƂǅŧ�ƺŤǏƱƸţ��ƻƹƢŮƸţ�ͯ ƹǏŲƽŮƸţ���representation learning�ŏ����ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƹƸ�ƿͺƽǎ

ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ɥũƆǏƽƼ�ƗŤƽǀř�ƀǎƀźŭ����
·Y¦Ë� f���� Ê¸Ìj¼f·Y�º¸ f·Y�

ÙÙÇ|Ì¨»ÁÙÇ|ÌmÙcY�Ì»ÙÖ¸�ÙµÂ�v·YÙÖ·S Ù¥|ÆËÙÉ~·Y ÙÊ·ÍY Ùº¸ f·Y Ù¾»ÙÈÌ��§ÙÈ�Â¼n¼·Ù¶Ìj¼eÙÂÅÙº¸ f·Y
Ù ÙcZ¿ZÌ^¸·,Z0ÌWZ¬¸eÙ ÙÙ ÙY~Å ÙÊ§ ÙçÇ�Ì» Ù�|ÀÆ» ÙY��S Ù½Á{,lÆÀ·YÙ ÙÙcÔy|¼¯ ÙÈÌ·ÁÏY ÙcZ¿ZÌ^·Y Ù�ZÆn·Y Ù~yPË

ÙÙ|Ë|vf·ÙÈ»�Ô·YÙcÔÌj¼f·YÙZ0ÌWZ¬¸eÙ¦�f°ËÁ,Ç�Ì¼·YÙÙÙÙcY�Ì¼·YÙZ0ÌWZ¬¸eÙº¸ fËÙºiÙÙÖÀ ¼]ÙçZÆ¬^�ËÁÙÇ|Ë|n·Y
,�yMÙ ÙÙ�j¯O Ù½Â°Ë Ù¶Ìj¼e ÙÖ·S ÙÈÌ·ÁÏY ÙcZ¿ZÌ^·Y Ù¾ÌÌ f] Ù¹Â¬Ë Ù¶ËÂve Ù{ZnËS ÙÂÅ ÙÊ¸Ìj¼f·Y Ùº¸ f·Y Ù¾» Ù¥|Æ·Y

ÙÙcY�Ì»Ùº¸ e ÙZÆ¿O ÙÖ¸�ÙÈ¬Ë��·Y ÙÃ~ÅÙ�Ì�¨e Ù¾°¼Ë ÙÄ¿Ï ÙY0��¿ Ùçá¦ÌÀ�f·Y Ù¶j»â ÙÈ·ÍY Ùº¸ e ÙÈ¼Æ¼·ÙÈ»LÔ»
,Ç|Ì¨»ÙcY�Ì¼·YÙº¸ eÙZ0�ËOÙÖ¼�eÙZÆ¿T§çÙ

��ƄǏƥ �ũƄƽƸţ �ǂƂǄ� �ũƃǇƒƸţ �ūŤǀŤǏŧ �ŪơǇƽŶƼ �ƶŤŲƼ �ͯƬŪƽƹƢƼ��ƠƕŤžƸţ �ƄǏƥ �ƻƹƢŮƸţ �ƾǇͺǎ �ƀư �ŏ�
��ƫǏƴǆ�ƔƢŨƸţ�ŤǅƖƢŧ�ƠƼ�ŤǅǅŧŤƎŭ�ǈƀƼ�ͭƹơ�ʽŖŤǁŧ�ŤǅƢǏƽŶŭǆ�ƃǇƒƸţ�ƀǎƀźŭ�ͭƹơ�ţʽƃſŤư�ƪţƄƍʫƸ

�ƷǏŨƉ�ͭƹơ��ƿǎƄŽʦţ�ƿơ�ƫƹŮžŭŏƶŤŲƽƸţ��ͯƉţƄͺƸţ�ǃŨƎŭ�ͯŮƸţ�ƃǇƒƸţ�ƠǏƽŵ�ƠǏƽŶŭ�ƻŮǎŏŤʽƢƼ���ƻŮǎǆ
Ƹţ�Ʒƴ�ƠǏƽŶŭ���ŤʽƢƼ�ƘƚƱƸţ�ƷŲƼ�ǆƀŨŭ�ͯŮƸţ�ƃǇƒŏƠŨƚƸŤŧ���ǂƂǄ�ƫǏǁƒŭ�ŤʽǏŭţƁ�ǃŵǇƽƸţ�ƻƹƢŮƹƸ�ƿͺƽǎ�ʬ

��ƠƼǆ���Ƙƚư��ǆř��ͯƉţƄƴ��Ťǅǀř�ͭƹơ�ūŤơǇƽŶƽƸţŏƳƸƁ����ŪǅŧŤƎŮƽƸţ�ƃǇƒƸţ�ƠǏƽŶŭ�ƻŭ�ƾř�ƀƢŧ�ƾʦţ
ŏŤʽƢƼ����ͭƹơ�ūŤƼʭơ�Ơƕǆ�ƿƼ�˟ʬƀŧ��ūŤƼʭƢƸţ�Ơƕǆ�ɥƷŲƽŮŭ�ƄǏŲͺŧ�ƘƊŧř�ŪƽǅƼ�ƄƎŨƸţ�ǈƀƸ�ŸŨƑř
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ƃǇƒƸţ�ƿǏǎʭƼ��ŏŤʽǎǆƀǎ���ƯǏŨƚŭǆ�ŪƹƒƭǁƽƸţ�ūŤơǇƽŶƽƸţ�ƠǏƽŵ�ͭƹơ�Ťʽǎǆƀǎ�ŪƼʭơ�Ơƕǆ�ƄƎŨƹƸ�ƿͺƽǎ

ŪơǇƽŶƼ�Ʒƴ�ŖŤƖơř�ƠǏƽŵ�ͭƹơ�ūŤƼʭƢƸţ�ǂƂǄ.�
ŏͯƸŤŮƸŤŧǆ����ɥƷźƹƸ�ŪƹŧŤư�ƄǏƥ�ŬǀŤƴ�ͯŮƸţ�ūʭͺƎƽƸţ�ƷƢŶǎ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ƾŞƬ

��ƗŤƽǀʨţ�ͭƹơ�ƃǇŲƢƸţ�ɥŪǀǆƄƼ�ƄŲƴřǆ�ƷźƹƸ�ŪǏƹŧŤư�ƄŲƴř�ƯŧŤƊƸţ�ƭžƽƸţŏŪǏ����ŪƱŧŤƊƸţ�ūŤǀŤǏŨƸţ�ɥŖţǇƉ
��ũŖŤƭƴ�Ʒưř�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ƾŤƴ�ǇƸ�ͭŮŹ��ŪǏƹŨƱŮƊƽƸţ�ūŤǀŤǏŨƸţ�ɥǆř�ŦǎƃƀŮƹƸ�ŪŹŤŮƽƸţ

��ƠƕŤžƸţ�ƻƹƢŮƸţ�ƿƼ��ͯơŤǁƚƑʬţ�ŖŤƴƂƹƸ�ũſǆƀźƼ�ƷƴŤƎƼ��ŪǁǏƢƼ�ūʭͺƎƼ�ƷŹ�ͯƬŏƪţƄƍʫƸ����ƿƽƬ
Ƽ�ǈǇưř�ƟǇǀ�ƿƼ�ŤʽŹŤŮƭǀţ�ƄŲƴʨţ�ūʭͺƎƽƸţ�ƠƼ�ƷƼŤƢŮƸţ�ƷƖƬʨţ�ǂƂǄ�ƻǏƽƢŭǆ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƿ

��ƿƼ�ƻǄʨţǆ��ŪƬƄƢƽƸţŏƳƸƁ����ūʭͺƎƽƸţ�ƿƼ�ƀǎƀƢƸţ�Ʒźǎ�ƾř�ƿͺƽǎ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ�ƾř
ͯƸʦţ�ƻƹƢŮƸţ�ƶǇƹŹ�ŖŤǁŧ�ƀǁơ�ūŤǀŤǏŨƸţ�ŖŤƽƹơ�ŤǅǅŵţǇǎ�ͯŮƸţ�ŪƢšŤƎƸţ�� 

·YZËY�¼ 
�

� Ù¶¬ ·YÙ�Ì�f�ËÙÓÙZ»ÙÈËQ�ÙÄÀ°¼ËÄ¸ÌzeÙÉ��^·Yç 
� Ù�Ì£ÙcZ¿ZÌ^·YÙÖ¸�ÙµÂ�v·Y·YÈ¼¸ ¼ÙZ0Ì^�¿Ù¶Æ�OÙçÙ
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� ÈÌ¿Y|Ì¼·YÙÈ§� ¼·Z]ÙZÆ�]�ÁÙ�Z¼¿ÏYÙºÆ¨·ÙZ0Ë��]Ù0Ôy|eÙ\¸�feÙ|«ÙZÆ¿ÏÙ�j¯OÙ¦¸°eÙZÆ¿Sç 
� ZÆe|WZ§Ù|Ì¯Pf·Ù�ÌËZ »ÙÁOÙcZm�z»ÙÈÌ¼�eÙ|mÂeÙÓÙÄ¿ÏÙ,ÙlWZfÀ·YÙÇ|WZ§Ù¾»Ùª¬vf·YÙZ0¼WY{Ù¾°¼ËÙÓÙç 
� ÙÈ«{Ù¶«OÙ½Â°eÙZ»ÙZ^·Z£ÙlWZfÀ·YÙçÙ

�ŪŢǏŧ�ɥƷŲƼʨţ�ƲǇƹƊƸţ�ƻƹƢŭ�ƶǇŹ�ƃǆƀǎ�ǇǄǆ�ūŤǀţǇǏźƸţ�ƻƹƢŭ�ŪǏŵǇƸǇͺǏƉ�ɥƅƆƢƽƸţ�ƻƹƢŮƸţ�ƃƂŶŮǎ
�ŪŢǏŨƸţ�ƠƼ�ƷơŤƭŮƸţ�ƶʭŽ�ƿƼ�ƷŲƼʨţ�ƲǇƹƊƸţ�ţƂǄ�ƻƹƢŭ�ƻŮǎ��ũŚƬŤͺƽƸţ�ƿƼ�ƃƀư�ͭƒưř�ͭƹơ�ƶǇƒźƹƸ

��ŚƬŤͺǎ��ŤǅƹơŤƭŭ�ŪǏƭǏƴ�ūŤƞŹʭƼǆƻűʪţ�ͭƹơ�ŦưŤƢǎǆ�ŪźƸŤƒƸţ�ƶŤƽơʨţ�ͭƹơ��ƷǏƴǇƸţ��ƻƹƢŮƽƸţ����

��ſǇŵǆ�ƺƀơ�ŪƸŤŹ�ͯƬŏŦưţƄƼ����ƷŲƼ�ſƀźŭ��ƃţƄƱƸţ�ƠǁƑ�ŪƽǅƼ�ƷźƸ�ŪƸŤƢƬ�ŪƉŤǏƉ�ͭƸŝ�ƻƹƢŮƽƸţ�ͭƢƊǎ
��Ʒŵř �ƿƼ�ǃǅŵţǇǎ �ƀư �ƫưǇƼ�ǌř �ɥƷǏƴǇƸţ �ƪƄƒŭ�ŪǏƭǏƴ�ŪƉŤǏƊƸţ �ǂƂǄ�ƄǏŨƵŭ����ͯƸŤƽŵŝ �ƷǏƹƱŭ �ǆř�

ǆ�ŪŧƄŶŮƸţ �ƯǎƄƙ�ƿơ�ŪƢưǇŮƽƸţ ��ũŚƬŤͺƽƸţ��ƅƆƢƽƸţ �ƻƹƢŮƸţ �ƀƢǎ��ŪǏͺǏƼŤǁǎſ�ŪŢǏŧ �ƠƼ�ƷơŤƭŮƸţ �ɥŚƚžƸţ
��ƄǏƥ�ŪŢǏŧ�ɥͯšŤǅǁƸţ�ŷŤŶǁƸţ�ͭƸŝ�ǌſŜŭ�ͯŮƸţ�ūţŖţƄŵʪţ�ƻƹƢŮǎ�ƾř�ƿͺƽǎ�ǃǀʨ�ŪǎŤƦƹƸ�ŪǎǇư�ŪǏƼƅƃţǇŽ

�ŦưţƄƼ�ũƀơŤƊƼ�ƾǆſ�ŪǏšƄƼ� 
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ǅƼ�ƾǇƵǀ�ƀư��ŪƭƹŮžƼ�ƾŤƢƼ�ͯƸʦţ�ƻƹƢŮƹƸ�ųƁǇƽǀ�ƃŤǏŮŽʬ�ƾǇͺǎ�ƾř�ƿͺƽǎ��ƷƖƬř�ƃŤǏŮŽŤŧ�ƿǏƽŮ
�ūʭƼŤƢƽƸţ���ŪƱšŤƭƸţ����Hyper Parameters�������ͯƸʦţ�ƻƹƢŮƸţ�ŪƱǎƄƚƸūʭƼŤƢƽƸţ����ͯǄ�ŪƱšŤƭƸţūʭƼŤƢƼ��

��ŤǄſƀźǀ �ƾř �ŦŶǎ �ͯŮƸţ �ƻƹƢŮƸţ �ŪƱǎƄƙŏŤĽƱŨƊƼ����ɥ�ųƁǇƽǁƸţ �ŪƼŖʭƼ �ƷŨư �ǌřŏƷŧŤƱƽƸţ���ūʭƼŤƢƼ��
��ͯǄ�ųƁǇƽǁƸţūʭƼŤƢƼ����ƷǏŨƉ�ͭƹơ��ŪƼŖʭƽƹƸ�ŪŶǏŮǁƴ�ŤǄśŤƎǀŝ�ƻŭŏƶŤŲƽƸţɥ��ŪͺŨƎƸţ�ųƁǇƽǀ��ŏŪǏŨƒƢƸţ�

��ŪǏƭžƽƸţ�ūŤƱŨƚƸţ�ſƀơǆ�ŪǏƭžƽƸţ�ŪƱŨƚƹƸ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ſƀơ�ƀƢǎūʭƼŤƢƼ����ŤǄƀǎƀźŭ�ŦŶǎ�ŪƱšŤƬ
��ƷŨư�ŏŦǏƴƄŮƸţɥ��ͯǄ �ųƁǇƽǁƸţ �ƾţƅǆř �ƾř �ƿǏŹ �ūʭƼŤƢƼ��Ƹţ��ͭƹơ �ƃǇŲƢƸţ �ƾǇͺǎ �ƾř �ƿͺƽǎ ��ųƁǇƽǁ

ūʭƼŤƢƽƸţ��ŪƱšŤƭƸţ��Ŗţſʨţ�ųƁǇƽǁƸ�ŪǏƽǄʨţ�ƤƸŤŧ�ţʽƄƼř�ųƁǇƽǁƹƸ�ŪŨƉŤǁƽƸţ.�

��ūŤưǆř�ͯƬŏǈƄŽř����ͯƸʦţ�ƻƹƢŮƸţ�ŦǏƸŤƉř�ƿƼ�ŪơǇƽŶƼ�ƿƼ�ƻƹƢŭ�ŪƱǎƄƙ�ƷƖƬř�ƀǎƀźŭ�ɥŦƥƄǀ�ƀư
��ūŤǏƼƅƃţǇžƸţ��ŪƹǄŜƽƸţ���

·Y¦Ë� f���� k}Â¼À·Y��ZÌfyY��Model Selection��

Ù| ]Ù¶�§ÏYÙk}Â¼À·YÙ�ZÌfyÓÙÊÀ¬eÙk}Â¼¿Ù�ZÌfyYçÈ]Â¸�¼·YÙ�ÌËZ ¼·YÙÖ¸�Ù0LZÀ]Ùk}Â¼¿Ù¶¯ÙºÌÌ¬eÙ

��ŪƎưŤǁƼ�ƷŨưƮƄƙ����ƃŤǏŮŽţŏųƁǇƽǁƸţ���ƓƄƦƸţ��ųƁǇƽǁƸţ�ƻǏǏƱŭ��ǃŮƎưŤǁƼ�ͭƸŝ�ųŤŮźǀ�ƄŽŗ�Ŗͯƍ�ƲŤǁǄ
�ƿƼ���ųƁǇƽǁƸţ�ƻǏǏƱŭmodel evaluation���ųƁǇƽǁƹƸ�ƺŤƢƸţ�ŚƚžƸţ�ƄǎƀƱŭ�ǇǄŏſƀźƽƸţ��ǌř�ͭƸŝ�ǌř

�ǇǄ�ƀǏŶƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ųƁǇƽǀ�ƾř�ŸƕţǇƸţ�ƿƼ��ŪǏšƄƼ�ƄǏƥ�ūŤǀŤǏŧ�ͭƹơ�ſƀźƽƸţ�ųƁǇƽǁƸţ�ƷƽƢǎ�ǈƀƼ
��ŦǎƃƀŮƸţ�ŖŤǁűř�ŤǅƽƹƢŭ�ƻŭ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ͭƹơ�ţĽƀǏŵ�ʽŖţſř�ƘƱƬ�ǌſŜǎ�ʬ�ǌƂƸţ�ųƁǇƽǁƸţ�ŏʬŝǆ���ƿͺƽǎ

ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƜƭŹ�ŪƸǇǅƊŧ�ͯƸʦţ�ƻƹƢŮƸţ�ųƁǇƽǁƸŏ���ǏŨƸţ�ͭƹơ�ŤʽƖǎř�ƿͺƸǆ�ŤǅƸ�ŪǏšƄƽƸţ�ƄǏƥ�ūŤǀŤ
���ƀǏŵ�ŖţſřŏƳƸƂƸ����ųƁǇƽǀ�ƄƎǀ�ƷŨưŏųŤŮǀʫƸ���Ɣƭžǁǎ�ƿƸ�ųƁǇƽǁƸţ�Ŗţſř�ƾř�ƿƼ�ŤʽǏŨƊǀ�ƀƴŚŮǀ�ƾř�ŦŶǎ

��ũƀǎƀŶƸţ�ūŤǀŤǏŨƸţ�ŪǅŵţǇƼ�ͯƬ�
��ͭƸŝ �ųŤŮźǀ �ţƁŤƽƸ �ƿͺƸųƁǇƽǁƸţ �ƻǏǏƱŭǆ �ųƁǇƽǁƸţ �ƃŤǏŮŽţ �ƿǏŧ �ƆǏǏƽŮƸţ�ƿƼ �ƄŲƴř �ǇǄ �ŦŨƊƸţ �ŕ

Ƹ�ƻǏƽƢŮƸţ�ŚƚŽ�ƄǎƀƱŮŧ�Ťǁƽư�ţƁŝ��ŦƉŤǁƽƸţ��ŤǄŤǁƼƀžŮƉţ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƈƭǀ�ͭƹơ�ǂŤǀƄŮŽţ�ǌƂƸţ�ųƁǇƽǁƹ
��ųƁǇƽǁƸţ�ƀǎƀźŮƸŦžŮǁƽƸţ��ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ͭƹơ�ʽŖŤǁŧ�ǂƃŤǏŮŽţ�ƻŭ�ƀư�ųƁǇƽǁƸţ�ƾř�ƓţƄŮƬţ�ͭƹơ��ŏ���

��ťţǇŶƸţ�ŕţ�ţƁŤƽƸ��ƷšŤƭŮƼ�ƄǎƀƱŭ�ͭƹơ�ƷƒźǁƊƬ��ƘǏƊŧ����ƜƭŹ�ͭƹơ�ţʽƃſŤư�ͯƸʦţ�ƻƹƢŮƸţ�ųƁǇƽǀ�ƾŤƴ
���ŪƸǇǅƊŧ �ŦǎƃƀŮƸţ �ūŤǀŤǏŧŏƳƸƂƸ��Ƹ��ǂƂǄ�ƷŲƼ �ŦǁŶŭǆ�Ŗţſʨţ �ƻǏǏƱŮŏƷƴŤƎƽƸţ����ūŤǀŤǏŧ �ͭƸŝ �ųŤŮźǀ

�ųƁǇƽǁƹƸ�ƻǏƽƢŮƸţ�ŚƚŽ�ƄǎƀƱŮƸ�ŤʽƼŤƽŭ�ŪƹƱŮƊƼ�
��ƄǏŲͺƸţ�ƄƬǇŭ�ŪƸŤŹ�ɥ�ŪŹŤŮƽƸţ�ūŤǀŤǏŨƸţ�ŪǏƽƴ�ͭƹơ�ųƁǇƽǁƸţ�ƃŤǏŮŽʬ�ŪŹƄŮƱƽƸţ�ŪǏŶǏŭţƄŮƉʪţ�ƀƽŮƢŭ

��ƿƼŏūŤǀŤǏŨƸţ����ũƀơ�ͭƸŝ�ūŤǀŤǏŨƸţ�ƻǏƊƱŮŧ�ƺǇƱǀ�ƀưŏƺŤƊưř����ƷǏŨƉ�ͭƹơ��ſƀźƼ�ƓƄƥ�ŤǅǁƼ�ƷͺƸ�ŏƶŤŲƽƸţ�
��ƿǏǏƢŮƸūʭƼŤƢƼ��ŪƱšŤƬŏ�����ūŤơǇƽŶƼ�ůʭű�ͭƸŝ�ūŤǀŤǏŨƸţ�ƻƊƱǀ�ƀư��ƿƼ�ƯƱźŮƸţ���ŦǎƃƀŮƸţ��ŪźƒƸţ

�����ƃŤŨŮŽʬţ��ūŤơǇƽŶƼ�ƿƼ�ƫƹŮžƼ�ſƀƢŧ�ŪƭƹŮžƼ�ųƁŤƽǀ�ƻǏƹƢŮƸ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ƺţƀžŮƉţ�ƻŮǎ��
��ƃŤǏŮŽţ�ƻŮǎǆ�ƯƱźŮƸţ�ŪơǇƽŶƼ�ͭƹơ�ƳƸƁ�ƀƢŧ�ųƁŤƽǁƸţ�ǂƂǄ�ƻǏǏƱŭ�ƻŮǎ��ŪǏŵƁǇƽǁƸţ�ŪƱšŤƭƸţ�ūŤƽƹƢƽƸţ
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��ųƁǇƽǁƴ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŪơǇƽŶƼ�ɥŖţſř�ƷƖƬŚŧ�ƠŮƽŮǎ�ǌƂƸţ�ųƁǇƽǁƸţŦžŮǁƼ��ƀƢŧ��ŏƳƸƁ���ƻŮǎ

��ŪźƒƸţ �ƿƼ �ƯƱźŮƸţ �ūŤǀŤǏŧ �ƠƼ �Ŧǁŵ �ͭƸŝ �ŤŨ̔ǁŵ �ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ͭƹơ �ųƁǇƽǁƸţ �Ŧǎƃƀŭ �ũſŤơŝ
�ƿƼ�ŪơǇƽŶƼ�ƺţƀžŮƉŤŧūʭƼŤƢƽƸţ��ŪƱšŤƭƸţŏũſƀźƽƸţ���ŪơǇƽŶƼ�ƺţƀžŮƉŤŧ�ƺŤƢƸţ�Ŗţſʨţ�ƄǎƀƱŭ�ƻŮǎǆ

��ƿƼ�ƯƱźŮƸţ�ŚƚžƸ�ŤʽǅŧŤƎƼ�ţƂǄ�ƻǏƽƢŮƸţ�ŚƚŽ�ƾŤƴ�ţƁŝ��ƃŤŨŮŽţŏŪźƒƸţ��Ɖ�ųƁǇƽǁƸţ�ƾř�ƀƱŮƢǀ�ŤǁǀŞƬ�ƷƽƢǏ
ŪǏšƄƽƸţ�ƄǏƥ�ūŤǀŤǏŨƸţ�ͭƹơ�ƀǏŵ�ƷͺƎŧ���

��ƯƱźŮƸţǆ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƿƼ�ūŤǁǏơ�ƂŽř�ƻŭ�ǃǀř�ǇǄ�ǂʭơř�ŪƎưŤǁƽƸţ�ƶʭŽ�ŤʽǏǁƽƕ�ǂŤǁƕƄŮƬţ�ŤƼ
��ƄƼʨţ�ƿͺǎ�ƻƸ�ţƁŝ��ƀŹţǆ�ƠǎƅǇŭ�ƿƼ�ƃŤŨŮŽʬţǆ�ŪźƒƸţ�ƿƼŏƳƸƂƴ�����Ť̔ƼŤƽŭ�ŪŢƙŤŽ�ūţƄǎƀƱŮƸţ�ƷƵƬ

��ǃǀř�ɥŦŨƊƸţ�ǇǄ�ţƂǄ�ƅǇŭ�ƾř�ƿƼ�ƀƴŚŮƸţ�ƻǅƽƸţ�ƿƼ��ŖŤƎǀŝ�ƷŨư�ƳŭŤǀŤǏŧ�ŪšƆŶŮŧ�ƄűŚŮǎ�ʬ�ūŤǀŤǏŨƸţ�Ơǎ
�ųƁǇƽǁƸţ����

��ūŤǀŤǏŨƸţ�ŬǀŤƴ�ǇƸ�ţƁŤƼ�ƿͺƸǆ�ŪƹǏƹƱƸţ���ŕŪƸŤźƸţ�ǂƂǄ�ɥųƁǇƽǁƸţ�ƻǏƱŭǆ�ƃŤŮžŭ�ƫǏƴ�ŕŤǁǎƀƸ�ŤƼ�Ʒƴ�ͯǄ
��ŤǅƉŤƉř�ͭƹơ�Ťǁǁͺƽǎ�ŪǏŨǎƄŶŭ�ŪơǇƽŶƼ�ͭƸŝ�ŪŵŤźŧ�ŤǁƸƅ�ŤƼ�Ťǁǀʨ�ƄǏƦŮǎ�ʬ�ųƁǇƽǁƸţ�ƻǏǏƱŭ�ƾř�ͯǄ�ŪŧŤŵʪţ

ǏƽƢŮƸţ�ŚƚŽ�ƄǎƀƱŭ��ƿƼǆ��ſƀźƽƸţ�ͯšŤǅǁƸţ�ųƁǇƽǁƹƸ�ƻŏƻű����ͭƸŝ�ūŤǀŤǏŨƸţ�ƻƊƱǀŏƿǏŮơǇƽŶƼ����ŪơǇƽŶƼ
ŦǎƃƀŮƹƸ����ŪơǇƽŶƼǆƃŤŨŮŽʭƸ��ŴƼŤǀƄŨƸţ �ƺƀžŮƊǀ �ƫǏƴ �ǇǄ �ŪƱŧŤƊƸţ �ŪƱǎƄƚƸŤŧ �ŪǀƃŤƱƼ �ƄǏƦŮǎ �ŤƼ ��
ǍŨǎƃƀŮƸţ��ƯƱźŮƸţ�ͯǄ�ūŤǏǁƱŮƸţ�ǂƂǄ�ǈƀŹŝ���ŏƶſŤŨŮƽƸţ�����ŤĽƱŹʬ�ŤǅŮƎưŤǁƼ�ƻŮŮƉ�ͯŮƸţǆŏƃŤƒŮŽŤŧ����ƠƼǆ
ŏƳƸƁ����ƯƱźŮƸţ �ƾŞƬ��ƿƼ�ƿǏŮơǇƽŶƼ�ͭƸŝ �ŪǏƊǏšƄƸţ �ŦǎƃƀŮƸţ �ŪơǇƽŶƼ�ƻƊƱǎ �ťǇƹƉř �ǇǄ�ƶſŤŨŮƽƸţ

�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ��ŪǏŨǎƄŶŮƸţ�ūŤǀŤǏŨƸţǆ�ŦǎƃƀŮƸţ��
�

���»ÏY �ª¸ fË �Z»|À� �0ZÌÀ»� �Ç{|v¼·Y �cZ¿ZÌ^·Y ��» �¶»Z f·Y �|À�,R^Àf·Z]�����ZÌfyY �\nË
��µÂ��Ö¸��cZ¿ZÌ^·Y�ºÌ�¬e�ªË���¾���Z^fyÓYÁ�Èv�·Y�¾»�ª¬vf·YÁ�\Ë�|f·Y�cZ�Â¼n»

���d«Â·Y ��Âv»,ÖÀ ¼]����cZ¿ZÌ^·Y �¹Y|zf�Y �ºfË̶¹|«ÏY̶��,\Ë�|f¸·����¾» �ª¬vf¸· �ZÆi|uOÁ
,Èv�·Y���È·Zv·Y�Ã~Å�Ê§�Ä·�ÖÀ »�Ó�ÈÌWYÂ� ·Y�cZÀÌ ·Y�~yO���Z^fyÔ·�ZÆi|uOÁ 

��ŏƫǏǁƒŮƸţǆ�ŜŨǁŮƸţ�ͯƬ�ŪǎǇưǆ�ŪƹǄƂƼ�ūţǆſř�ƄŨŮƢŭ�ͯƸʦţ�ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƾř�ƿƼ�ƻƥƄƸţ�ͭƹơ
��Ŗţſř�ƇŤǏƱƸ�ŪƱǎƄƙ�ƲŤǁǄ�ƷǄǆ�ūţŜŨǁŮƸţ�ǂƂǄ�Ūưſ�ǈƀƼ�ǇǄ�ǃƊƭǀ�ŷƄƚǎ�ǌƂƸţ�ƶţŜƊƸţ�ƾŞƬ
��ŪŧŤŵʪţ�ƿͺƽǎ�ŏūŤǁǏƢƹƸ�ũƆǏƽƼ�ūŤƼʭơ�ͭƹơ�ǌǇŮźŭ�ūŤǏƼƅƃţǇžƸţ�ǂƂǄ�ƾʨ�ţʽƄƞǀ�ŕųƁǇƽǁƸţ

Ůŧ�ƶţŜƊƸţ�ţƂǄ�ͭƹơƺŤƊưř�ũƀơ�ͭƸŝ�ŦǎƃƀŮƸţ�ūŤǁǏơ�ƻǏƊƱ ���
��ƻű �ŏ �ūŤǀŤǏŨƸţ �ƿƼ �ŖƆŵ �ͭƹơ �ŦǎƃƀŮƸţ �ŖţƄŵŞŧ �˟ʬǆř �ƺǇƱǀ �ŏūŤǀŤǏŨƸţ �ƻǏƊƱŭ �ƶʭŽ�ƿƼ

��ƄǏƎǎ��ǃƽǏƽƢŭ�ŪǏǀŤͺƼŝǆ�ųƁǇƽǁƸţ�ũŖŤƭƴ�ƇŤǏƱƸ�ŪǏŨǎƄŶŮƸţ�ūŤǀŤǏŨƸţ�ƺƀžŮƊǀƻǏƽƢŮƸţ���Ŗţſř�ͭƸŝ
��ŦǎƃƀŮƸţ�ŪǏƹƽơ�ͯƬ�ƀƢŧ�ųƁǇƽǁƸţ�ǃƞŹʭǎ�ƻƸ�ŤƼ�ǇǄǆ�ŏūŤǀŤǏŨƸţ�ƠƼ�ƷƼŤƢŮƸţ�ͯƬ�ųƁǇƽǁƸţ

ǀ�ƻǏƽƒŭ�ͯƬ�ƠŨƚƸŤŧ��ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƻǏƊƱŮŧ�ƾŤǏŹʨţ�Ŧƹƥř�ͯƬ�ƺǇƱǀ�ͯƸʦţ�ƻƹƢŮƸţ�ųƁŤƽ



 39 Ê¿Zj·Y�¶�¨·Y���cZÌ�Z�ÓY�

 
�ūŤǀŤǏŧ�ͭƸŝ�ŪƬŤƕʪŤŧ�ƄŽŗ�ƻƊư�ͭƸŝ�ŪƹͺƎƽƸţŦǎƃƀŭ�ƃŤŨŮŽʬţǆ���ͭƹơ�ƻǏƊƱŮƸţ�ţƂǄ�ŪƱǎƄƙǆ�ŏ

ͯƸŤŮƸţ�ǇźǁƸţ� 
� ���Ŧǎƃƀŭ�ŪơǇƽŶƼ��ƃǇŲƢƹƸ�ƺƀžŮƊŭǆ�ůʭŲƸţ�ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ�ƄŨƴř�ƾǇƵŭ�ŤƼ�ũſŤơ

��ͭƹơūʭƼŤƢƼ����ƿǏŧ �ŪǏƉŤƉʨţ �ŪưʭƢƸţ �ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ŪơǇƽŶƼ �ſƀźŭ ��ųƁǇƽǁƸţ
ŪǁͺƽƼ�ŪƱǎƄƙ�ƷƖƬŚŧ�ŤǅŭŤƼʭơǆ�ūŤǀŤǏŨƸţ��� 

� ��ŪơǇƽŶƼ�ƃŤŨŮŽʬţ��ūŤǀŤǏŨƸŤŧ�ŜŨǁŮƸţ�ͭƹơ�ųƁǇƽǁƸţ�ũƃƀư�ͭƹơ�̔ŖŤǁŧ�ųƁǇƽǁƸţ�Ŗţſř�ƇŤǏư��
��ŪơǇƽŶƼ�ŏƻƹƢŮƸţ�ŪǏƹƽơ�ͯƬ�ţʽƃǆſ�ŦƢƹŭ�ʬ�ͯŮƸţ��ƃŤŨŮŽʬţ��ƻƸ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƈƭǀ�ͯǄ

��ƻŮǎ��ƾŤƴ�ţƁŝ��ͯšŤǅǁƸţ�ųƁǇƽǁƸţ�Ŗţſř�ƈǏƱŭ�ŪơǇƽŶƽƸţ�ǂƂǄ��ƻƹƢŮƸţ�ŪǏƹƽơ�ͯƬ�ŤǅŮǎśƃ
��ŏƃŤŨŮŽʬţ�ŪơǇƽŶƼ�ŤʽƖǎř�ŦƉŤǁǎǆ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ͯƬ�ƀǏŵ�ƷͺƎŧ�ƷƽƢǎ�ųƁǇƽǁƸţ
���ŤǅƹǄŤŶŭ�ƻŭ�ͯŮƸţ�ƶŤŽſʪţ�ūŤǀŤǏŧ�ƿƼ�ũƄǏŨƴ�ŪǏƽͺƸ�ŪźǏźƒƸţ�ŪǏƽƊŮƸŤŧ�ŚŨǁŮǎ�ǃǀř�ǌř

��ƃŤŨŮŽʬţ�ŪơǇƽŶƼ�ƾř�ͭƸŝ�ũƃŤƍʪţ�ƃƀŶŭǆ��Ŗţſř�ƻǏǏƱŮƸ�ƘƱƬ�ũƀŹţǆ�ũƄƼ�ũſŤơ�ƺƀžŮƊŭ
��ƀǎƀźŭ�ſƄŶƽŧ�ƷƼŤƴ�ƷͺƎŧ�ųƁǇƽǁƸţ�ƻǏƽƢŭūʭƼŤƢƼ����ųƁǇƽǁƸţ�ūʭƼŤƢƽƸţǆ����ŪƱšŤƭƸţ

��Ŗţſʨţ�ŦǎƄƱŮƸ�ƯƱźŮƸţ�ūŤǏƹƽơ�ƿƼ�ŪơǇƽŶƼ�ƺţƀžŮƉţ�ƻŮǎ�ŏ�ƳƸƁ�ƠƼǆ��ƷƼŤƴ�ƷͺƎŧ
ŦǎƃƀŮƸţ�ŖŤǁűř�ųƁǇƽǁƸ�ͯŢŨǁŮƸţ��

� ��ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŪơǇƽŶƼ����ƟţǇǀř�ƻǏǏƱŭ�ͯƬ��ūŤǏƼƅƃţǇžƸţǆ�ųƁŤƽǁƸţ�ƿƼ�ŪƭƹŮžƼ
��ƘŨƖƸ�ūŤǀŤǏŨƸţ�ǂƂǄ�ƺƀžŮƉţ��ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŪơǇƽŶƼ�ƺţƀžŮƉţ�ƻŮǎ�ŏ�ŪƹͺƎƽƹƸ

�ƢƽƸţ�ŪƱšŤƭƸţ�ūʭƼŤ��ƿƼ�ųƁǇƽǁƸţ�ƠǁƼǆoverfitting�ųƁǇƽǀ�ƷƖƬř�ƀǎƀźŮƸ�� 
 

�È�Â¼n»�½Â°e�½O�\nË�,®·}��»Á��cZ¿ZÌ^·Y�È¯�Z�»�ÈÌ¨Ì¯�µÂu�È»Z��|�YÂ«�|mÂe�Ó
��ª¬vf·Y �cZÌ¸¼���É~·Y �LY{ÏY�©�§��ZÌ«�Ö¸��Y0�{Z«�½Â°f·�Ê¨°Ë�Z¼]�Ç�Ì^¯�Èv�·Y�¾»

��Ä¬Ì¬ve�|Ë�¿ 
 

�

��Ö¸j¼·Y �È¬WZ¨·Y �cÔ»Z ¼·Y �ºÌ« �Ö¸� �µÂ�v¸· �Èv�·Y �¾» �ª¬vf·Y �È�Â¼n» �¹|zf�4e
 ¼·Y�¾Ì�ve�Z»�Ô��|Ë|ve�Ê§�Ç|�Z�¼¸·Á��È¬WZ¨·Y�c�,k}Â¼À·Y���È�Â¼n»�¹Y|zf�Y�ºfËÁ

�ÈÌ¸¼��Ê§��Æ�e�Êf·Y�cZÀÌ ·Y�Ê§�ÊWZÆÀ·Y�k}Â¼À·Y�LY{O�ºÌÌ¬f·��Z^fyÓY��º¸ f·Y 

Bias-Variance Trade-Off

��ƻƹƢŮƸţ �ͯƬŏͯƸʦţ����ƿǏŮǏƑŤžƸ�ŪŶǏŮǀ�ƃŤŨŮŽʬţǆ�ŦǎƃƀŮƸţ �ŚƚŽǆ�ųƁǇƽǁƸţ �ƀǏƱƢŭ�ƿǏŧ�ŪưʭƢƸţ�ƾǇƵŭ
��ƘǏƊŧ�ųƁǇƽǀ�ƺţƀžŮƉţ�ŪƸǆŤźƼ�ƀǁơ�ůƀźǎ�ŚƚŽ�ͭƸŝ�ƆǏźŮƸţ�ƄǏƎǎ��ƿǎŤŨŮƸţǆ�ƆǏźŮƸţ�ŤƽǄ�ƿǏŮƊƬŤǁŮƼ

��ͭǁƢƽŧ��ͯƱǏƱźƸţ�ƻƸŤƢƸţ�ɥũƀƱƢƼ�ŪƹͺƎƼ�ƷźƸŏƄŽŗ����ͭƹơ�ͯƸʦţ�ƻƹƢŮƸţ�ųƁǇƽǀ�ũƃƀư�ƺƀơ�ǇǄ�ţƂǄ
ţ�ŪưʭƢƸţ�ƄǎǇƒŭ��ƷǏŨƉ�ͭƹơ��ūŤǀŤǏŨƸţ�ɥŪǏƱǏƱźƸŏƶŤŲƽƸţ����ƄǎƀƱŮƸ�ͯƚžƸţ�ƃţƀźǀʬţ�ƺţƀžŮƉţ�Ťǀſƃř�ţƁŝ
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��ƄǏƥ�ŪưʭƢƸţŏŪǏƚžƸţ���ƾǇͺǎ�ƾř�ƿͺƽǎ�ʬ�ƻǏƱŮƊƽƸţ�ƘžƸţ�ƾʨ�ţƂǄ��ƄǏŨƴ�ƅŤǏźǀţ�ųƁǇƽǁƹƸ�ƾǇͺǏƊƬ

ŪǏƚŽ�ƄǏƥ�Ūưʭơ�ƄǎǇƒŮƸ�ͯƭͺǎ�Ťƽŧ�ŤĽǀƄƼ���
��ͯƬŏƷŧŤƱƽƸţ����ɥƪʭŮŽʬţ �ǇǄ �ƿǎŤŨŮƸţŪƼŖʭƽƸţ���fit���ƿǏŧ���ƷǏŨƉ �ͭƹơ ��ūŤǀŤǏŨƸţ �ūŤơǇƽŶƼ
ŏƶŤŲƽƸţ����ųƁǇƽǁƸţ�ƾǇͺǎ�ŤƼƀǁơŏŤŨ̔ƉŤǁƼ����ŪŨƊǁƸŤŧ�ţĽƀŵ�ƫƹŮžƼ�ŜŨǁŮƸţ�ŚƚŽ�ƾʨ��ƄǏŨƴ�ƿǎŤŨŭ�ǃƸ�ƾǇͺǎ

��ŦǎƃƀŮƸţ�ŪơǇƽŶƽƸƃŤŨŮŽʬţǆ��
��ƷͺƎŧŏƺŤơ����ƠƼǆ��ƿǎŤŨŮƸţǆ�ƆǏźŮƸţ�ƿƼ�ƿͺƽƼ�ƃƀư�Ʒưř�ŤǁǎƀƸ�ƾǇͺǎ�ƾř�ſǇǀŏƳƸƁ����ƄǏǎŤƢƽƸţ�ǂƂǄ�ƾŞƬ

��ƿǏŧ�ƷŲƼʨţ�ƾƅţǇŮƸţ�ſŤŶǎŝ�Ʒŵř�ƿƼ��ƿǎŤŨŮƸţ�ũſŤǎƅ�ƾǆſ�ƆǏźŮƸţ�ƷǏƹƱŭ�ƿͺƽǎ�ʬǆ�ŪƊƴŤƢƼ�ūţƄǏűŚŭ�ŤǅƸ
��ƆǏźŮƸţŏƿǎŤŨŮƸţǆ����ƷƖƬř �ͭƹơ �ƃǇŲƢƹƸ �ųƁŤƽǀ �ũƀơ �ƻǏǏƱŮŧ �ƺǇƱǀūʭƼŤƢƽƸţ����ƷǏŨƉ �ͭƹơ ��ųƁǇƽǁƹƸ

�ƽƸţŏƶŤŲ�����ƃŤŨŮŽʬţ�ŪơǇƽŶƼǆ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ��ƿǎřƆŵ�ͭƸŝ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻǏƊƱŮŧ�ŤĽǀŤǏŹř�ƺǇƱǀ
��ŪơǇƽŶƼ�ͭƹơ�ͯǁŨƼ �ųƁǇƽǀ �Ŗţſř �ƻǏǏƱŭ �ƀǁơƸţŏŦǎƃƀŮ����ŪơǇƽŶƼ�ɥǆř �ŦǎƃƀŮƸţ �ŪơǇƽŶƼ�ɥŖţǇƉ

ƃŤŨŮŽʬţŜŨǁŭ�ŚƚŽ�ͭƹơ�ǌǇŮźǎ�ųƁǇƽǁƸţ�ƾŤƴ�ţƁŝ��ƾŤͺƼʪţ�ƃƀư�ŤʽƖƭžǁƼ�ŜŨǁŮƸţ�ŚƚŽ�ƾǇͺǎ�ƾř�ƀǎƄǀ�ŏ��
��ŪơǇƽŶƼ�ɥƔƭžǁƼŏŦǎƃƀŮƸţ����ŪơǇƽŶƼ�ɥͯƸŤơ�ŜŨǁŭ�ŚƚŽ�ƿͺƸǆƃŤŨŮŽʬţ��ƶŤƱˀǎ�ŏƾŝ����ǃŧ�ųƁǇƽǁƸţ

��ͭƸŝ�ūŤǀŤǏŨƸţ�ūſř�ƳƸƂƸ�ŪŶǏŮǀǆ�ƄǏŨƴ�ƿǎŤŨŭ�ƀšţƆƸţ�ƘŨƖƸţ����ƐǏƒžŮƸţ�ƗƄƬ���(Overfitting)���
��ƷͺƎŧŏƺŤơ���ūŤǀŤǏŨƸţ�ƠŨŮŭ�ǃǁͺƽǎ�ƀƱƢƽƸţ�ųƁǇƽǁƸţ�ƾʨ�ƳƸƁǆ��ͭƹơř�ƿǎŤŨŭ�ŤǅƸ�ţĽƀǏƱƢŭ�ƄŲƴʨţ�ųƁŤƽǁƸţ

��ƠƼǆ��Ūưſ�ƄŲƴř�ƷͺƎŧ�ŤǅƢƼ�ƯƬţǇŮǎ�ͯŮƸţ�ũſƀźƽƸţŏƳƸƁ���ūŤǀŤǏŨƸţ�ƠŨŮŮǎ�ƀƱƢƽƸţ�ųƁǇƽǁƸţ�ƾʨ�ţʽƄƞǀ
��ƿơŏŦŲƴ����ūŤǀŤǏŨƸţ�ɥŪǏƱǏƱŹ�Ūưʭơ�Ƅǅƞˀǎ�ƾř�ŸŵƄƽƸţ�ƿƽƬŪǏŨǎƃƀŮƸţ���ţʽƆǏźŭ�Ʒưř�ͯƸŤŮƸŤŧǆ��ŏƳƸƂƸ����ʬ

ͭƹơř�ƿǎŤŨŭ�ŪƭƹƵŮŧ�ʬŝ�ŤʽǏŨƊǀ�Ʒưř�ƅŤǏźǀţ�ǌƁ�ųƁǇƽǀ�ƃŤǏŮŽţ�ƯǏƱźŭ�ƿͺƽǎ��
��ŪǏŹŤǀ�ƿƼ�ŏǈƄŽř���ŪǏŨǎƃƀŮƸţ�ūŤơǇƽŶƽƸţ�ƿƼ�Ʒƴ�ɥƄǏŨƴ�ŜŨǁŭ�ŚƚŽ�ͭƹơ�ǌǇŮźǎ�ųƁǇƽǁƸţ�ƾŤƴ�ţƁŝ
ŏŪǏŨǎƄŶŮƸţǆ�����ūŤǀŤǏŨƸţ�ƷǄŤŶŮǎ�ͯƸŤŮƸŤŧǆ�ƄǏŨƴ�ƆǏźŭ�ǃǎƀƸ�ųƁǇƽǁƸţ�ƾŝ�ƶŤƱǏƬŏƃŤƒŮŽŤŧ���ųƁǇƽǀ�ƾŤƴ�ţƁŝ

ŧ��ţĽƀƱƢƼ�ŦǎƃƀŮƸţ�ūŤǀŤǏŏŪǎŤƦƹƸ����ͭǁƢƽŧ��ŤʽƖƭžǁƼ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ɥŜŨǁŮƸţ�ŚƚŽ�ƾǇͺǏƊƬŏƄŽŗ����ǌſŜǎ
��ūŤǀŤǏŨƸţ�ƠƼ�ţĽƀǏŵ�ƯƬţǇŮǎ�ʬ�ͯƸŤŮƸŤŧǆ�ƀšţƆƸţ�ƆǏǅŶŮƸţ�ͭƸŝ�ĽũſŤơ�ųƁǇƽǁƸţŏŪǏŨǎƄŶŮƸţ����ͭƸŝ�ǌſŜǎ�ŤƽƼ

��ƷźƸţ�ſŤŶǎŝ�ǇǄ�ƪƀǅƸţ��ŪǏŨǎƄŶŮƸţ�ŪơǇƽŶƽƹƸ�ͭƹơř�ŜŨǁŭ�ŚƚŽŏƷŲƼʨţ��Ƹţ�ǇǄ�ţƂǄǆ�ƆǏźŮƸţ�ƿǏŧ�ƾƅţǇŮ
ƿǎŤŨŮƸţǆ.�

��ͭƹơ�ūŤǏƼƅƃţǇžƸţ�ƻƞƢƼ�ǌǇŮźŭ��ƿǎŤŨŮƸţǆ�ƆǏźŮƸţ�ƘŨƖƸ�ƮƄƙ�ũƀơ�ƲŤǁǄūʭƼŤƢƼ����ƀǏƱƢŭ�ƻƞǁŭ
��ƻƉŤŧ�ŪǏƹƽƢƸţ�ǂƂǄ�ͭƸŝ�ƃŤƎǎ�ŤƼ�ŤŨ̔ƸŤƥ��ųƁǇƽǁƸţ��ſţƀơŝ�ūʭƼŤƢƽƸţ���ŪƱšŤƭƸţŏ�����ŤʽǏƉŤƉř�ţʽŖƆŵ�ƀƢŭ�ͯŮƸţǆ

�ųƁǇƽǁƸţ�ƻǏǏƱŭ�ŪƹŹƄƼ�ƿƼ�

�Ìvf·Y����Y~Å��cZ¿ZÌ^·Y�cY�Ì¤f»�¾Ì]�ÈÌ¬Ì¬u�È«Ô��Ö¸��µÂ�v¸·�Ê·ÍY�º¸ f¸·�k}Â¼¿�ÂÅ
���¨e�¼·Y ��Ìvf·Y �k}Â¼¿ �Ê·ÂË �Ó ��º¸ f·Y �ÈÌ»��YÂy �¶yY{ �ÈX�Zz·Y �cZ�Y�f§ÓY �\^�]

��Z0�Ì�]�k}Â¼À·Y�¶ nËÁ�\Ë�|f·Y�cZ¿ZÌ^·�Y0�Ì^¯�Z0»Z¼fÅY���Ì^¯�P�y�Ö·S�Z0¼WY{�É{RËÁ�ÈËZ¤¸·
���Z^fyÓYÁ�\Ë�|f·Y�cZ¿ZÌ]�Ê§ 
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��\Ë�|e �cZ¿ZÌ] �¹Y|zf�Y �ºe �Y}S �ÈÌ�Â�Â¼·Y �È¨Ì�Â·Y ��Ë|¬e ��Ì¤e �Õ|» �¾ËZ^f·Y �t�ÂË
���È «Âf¼·Y�Äf¼Ì«�¾��ÊWYÂ����Ì¤f»�¥ÔfyY�Õ|»�¾��¾ËZ^f·Y��^ Ë�,�yM�ÖÀ ¼]��È¨¸fz»

ÅÓY�¾»��Ìj°·Y�Ê·Z ·Y�¾ËZ^f·Y�k}Â¼¿�Ê·ÂË��cZ¿ZÌ^·Y�Ö¸��º¼ Ë�ÓÁ�\Ë�|f·Y�cZ¿ZÌ^·�¹Z¼f
��cZ¿ZÌ^·Y�Ö¸��Y0|m�|Ìm�¶°�]�k}Z¼À·Y�Ã~Å�¶¼ e�,®·~·�ÈnÌf¿��¶^«�¾»�ZÅY�Ë�º·�Êf·Y

ÈÌ^Ë�|f·Y��ÈÌ^Ë�nf·Y�cZ¿ZÌ^·Y�Ê§��¨e�»�P�y�µ| »�ZÆË|·�¾°·Á�, 

��ũǇƚŽ�ǇǄ�ųƁǇƽǁƸţ�Ŧǎƃƀŭ�ƾř�ƿǏŹ�ͯƬŏŪǏƉŤƉř���ƄǏƥ�ūŤǀŤǏŨƸţ�ͭƹơ�ųƁǇƽǁƸţ�ƻǏƽƢŭ�ŪǏƭǏƴ�ƾŞƬ
��ŦŶǎ��ͯƸʦţ�ƻƹƢŮƹƸ�ųƁǇƽǀ�ǌř�ƻǏƽƒŭ�ƀƢŧ�ǃŭŤơţƄƼ�ŦŶǎ�ƃƀƱƸţ�ƈƭǁŧ�ƻǅƼ�ŦǀŤŵ�ͯǄ�ŪǏšƄƽƸţ

Ťǅŧ�ƮǇűǇƸţ�ƿͺƽǎ�ǃŭţŜŨǁŭ�ŴšŤŮǀ�ƾřǆ�ŤĽƱŹ�ƶŤƢƬ�ųƁǇƽǁƸţ�ƾř�ƿƼ�ƀƴŚŮƸţ.�
ơ �ƫǏǁƒŮƸţ �ŪǏƼƅƃţǇŽ �Ŧǎƃƀŭ �ƿͺƽǎ�ƿƼ �ũƀǎƄƬ �ŪơǇƽŶƼ �ƠƼ �ũſƀźƼ �ūŤǀŤǏŧ �ŪơǇƽŶƼ �ͭƹ

ūʭƼŤƢƽƸţ��ŪǁǏƢƽƸţ�ŪǏƼƅƃţǇžƸţ�Ƴƹŭ�ŪŶǏŮǀ��ūŤǀŤǏŨƸţ�ƠƼ�ŦƉŤǁŮŭ�ƃţƄư�ſǆƀŹ�Ưƹžŭ�ƾř�ƿͺƽǎ�ͯŮƸţ
��ͭƹơ�ƘƱƬ�ƀƽŮƢŭ�ʬūʭƼŤƢƽƸţ����ŦǎƃƀŮƸ�ũƄƬǇŮƽƸţŏųƁǇƽǁƸţ�����ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƟǇǀ�ͭƹơ�Ť̔Ɩǎř�ƿͺƸǆ

��ƿǎŤŨŭ�ͭƹơ�ǌǇŮźŭ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŬǀŤƴ�ţƁŝ��ūŤǀŤǏŨƸţ�ŬǀŤƴ�ǆř�ƘǏƊŧŏũƀŹǇƼ����ųƁǇƽǁƸţ�ǌſŜǎ�ƀƱƬ
��ͭƸŝoverfitting�����ŪǏšƄƽƸţ�ƄǏƥ�ūŤǀŤǏŨƸţ�ͭƹơ�ũƆǏźŮƼ�ŴšŤŮǀ�ųŤŮǀŝǆŏƳƸƂƸ����ƺţƀžŮƉţ�ƻŮǎƮƄƙ����ƷŲƼ

��ƷǏƹƱŮƸ�ƶſŤŨŮƽƸţ�ƯƱźŮƸţoverfittingɥ�����ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ��ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ǇǄ�ƶſŤŨŮƽƸţ
��ͭƸŝ �ŪǏƊǏšƄƸţ �ŦǎƃƀŮƸţ �ŪơǇƽŶƼ �ƻƊƱǎ �ťǇƹƉř��ŪǏŨǎƄŶŮƸţ �ūŤǀŤǏŨƸţǆ �ŦǎƃƀŮƸţ �ƿƼ �ƿǏŮơǇƽŶƼ

��ſƀƢŮƼ�ƯƱźŮƸţ�ͯǄ�ƶſŤŨŮƽƸţ�ƯƱźŮƹƸ�ŤʽơǇǏƍ�ƄŲƴʨţ�ŪƱǎƄƚƸţ���ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŖţƆŵʨţ��K-
fold Validationŏ����ŖţƆŵř�ͭƸŝ�ŪǏƊǏšƄƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻƊƱǎ�ǌƂƸţǆk�����ƻŶźƸţ�ŪǎǆŤƊŮƼk���ǇǄ

��ƀǎƀźŭ�ƻŮǎ�ŤƼ�ũſŤơǆ�ŏ�ƺƀžŮƊƽƸţ�ǂſƀźǎ�ƻưƃ�����ǆř����ǂƂǄ�ɥ�ŏŪƱǎƄƚƸţɥ��ƺţƀžŮƉţ�ƻŮǎ�ũƄƼ�Ʒƴ�
��ŪǏơƄƭƸţ�ūŤơǇƽŶƽƸţ�ƿƼ�ũƀŹţǆk���ŪǏơƄƭƸţ�ŪơǇƽŶƽƸţ�ƠǏƽŶŭ�ƻŮǎǆ��ƃŤŨŮŽţ��ƯƱźŭ�ŪơǇƽŶƽƴ

k-1����ŪơǇƽŶƼ�ƷǏͺƎŮƸ�ŤʽƢƼŪǏŨǎƃƀŭ��ŪǏƹͺƸţ�ũŖŤƭͺƸţ�ͭƹơ�ƶǇƒźƹƸ��ŏųƁǇƽǁƹƸ����ƘƉǇŮƼ�ťŤƊŹ�ƻŮǎ
ƱŭťƃŤŶŮƸţ�ƠǏƽŵ�ɥŚƚžƸţ�Ƅǎƀ��

��Ç{| f»�Èv�·Y�¾»�ª¬vf·Y�ÈÌÀ¬e�Ê§LY�mÏY K-fold Validation,����L�m�¶¯���Á�ºfË
��Ç�»Á�ÈÌ^Ë�ne�È�Â¼n»�Ê§��^�·Z]�Ç|uYÁ�Ç�»�cZ¿ZÌ^·Y�¾»Ç|uYÁ��Ê§��È�Â¼n»��\Ë�|f·Y���

Y~Å��Ë���Ìvf·Y �¾» ��Ì^¯ �¶°�] �¶¸¬,¾ËZ^f·YÁ����È�Â¼n» �¾» �¶Ìj» �¶¯ �½O �¾¼�Ë �Ä¿Ï
�ZÀË|·�d¿Z¯�Y}S��ÈÌ^Ë�nf·YÁ�\Ë�|f·Y�È�Â¼n»�Ê§��ÂÆ�¸·�È��§�ÄË|·�ÈÌ¸�ÏY�cZ¿ZÌ^·Y

��µZy{S �cZ¿ZÌ],Ç{Á|v»����ª¬vf·Y �½T§��Èv�·Y �¾»��©��·Y �¶�§O �|uO �ÂÅ �LY�mÏY �{| f»
��k}Â¼À·Y�LY{O�ºÌÌ¬f· 
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��ŪŢƬǆ�ŪǏƱǏƱźƸţ�ŪŢƭƸţ�ƿƼ�ūŤơǇƽŶƼ�Ơŧƃř�ͭƸŝ�ųŤŮźǀ�ŏƫǏǁƒŮƸţ�ųƁǇƽǁƸ�ƻǏǏƱŮƸţ�ƄǏǎŤƢƼ�ťŤƊźƸ
��ŏ�ŪǏƱǏƱźƸţ�ŪŨŵǇƽƸţ�ŏ�ƿǎǆŤǁƢƸţ�ƠƼ�ŜŨǁŮƸţ�ŪŨŵǇƽƸţ����ŪǏŨƹƊƸţǆ�ŪǏƱǏƱźƸţ�ŪǏŨƹƊƸţ�ŏ�ŪŢƙŤžƸţŪŢƙŤžƸţ��ŏ

��ͯƬ�ŤǅƹǏŲƽŭ�ƿͺƽǎ�ͯŮƸţǆ���ƲŤŨŭƃʬţ�ŪƬǇƭƒƼConfusion Matrix����ƶǆƀŵ���Ĺ����� 

x ��ŦŵǇƼ���ͯƱǏƱŹTP������ƠưǇŭ�ŏ��ƻƢǀ��ŪŢƭƹƸ�ŪǏƹƢƭƸţ�ŪƽǏƱƸţ�ŬǀŤƴ�ŤƼƀǁơ�ŏ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ

��ŸǏźƑ�ƠưǇŭ�ǌř���ƻƢǀ��ŤʽƖǎř�ųƁǇƽǁƸţ�
x ��ŦŵǇƼ�ͰƙŤŽ��(ࡼࡲ)�����ųƁǇƽǁƸţ�ƿͺƸ��ʬ��ŪŢƭƹƸ�ŪǏƹƢƭƸţ�ŪƽǏƱƸţ�ŬǀŤƴ�ŤƼƀǁơ�ŏ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ

�ͰƙŤŽ�ƠưǇŭ�ǌř���ƻƢǀ��ƠưǇŭ���
x ��ͬƭǁƼ��ͰƙŤŽ(ࡺࡲ)�����ƷǏŨƉ�ͭƹơ���ŪŢƭƹƸ �ŪǏƹƢƭƸţ �ŪƽǏƱƸţ �ƾǇƵŭ�ŤƼƀǁơ�ŏ�ƶŤŲƽƸţYes��ƿͺƸ�ŏ��

�ͰƙŤŽ�ƠưǇŭ�ǌř���ʬ��ƠưǇŭ�ųƁǇƽǁƸţ���
x ��ͬƭǁƼ��ͯƱǏƱŹ(ࡺࢀ)�����ƠưǇŭǆ ��ʬ� �ŪŢƭƹƸ �ŪǏƹƢƭƸţ �ŪƽǏƱƸţ �ƾǇƵŭ �ŤƼƀǁơ �ŏ �ƶŤŲƽƸţ �ƷǏŨƉ �ͭƹơ

��ŤʽźǏźƑ�ƠưǇŮƸţ�ƾŤƴ�ŏ�ǌř���ʬ��ųƁǇƽǁƸţ�
�ƶǆƀŵϮĹϭ���ƲŤŨŭƃʬţ�ŪƬǇƭƒƼ 

ŪŢƭƸţ���ŪƢưǇŮƽƸţ���
�ͬ ƭǁƼ��ŬŨŲƼ���

��ͬƭǁƼ�ͰƙŤŽ�
(FN) 

��ͯƱǏƱŹ�ŦŵǇƼ
(TP)�

�ŬŨŲƼ 

ŪŢƭƸţ
��

�ͯƱǏƱźƸţ
�

��ͬƭǁƼ�ͯ ƱǏƱŹ�
(TN) 

�ŦŵǇƼ���ͰƙŤŽ�
(FP) 

�ͬ ƭǁƼ�

��ŪƬǇƭƒƼ�ƿƼ�ǃǏƹơ�ƶǇƒźƸţ�ƻŮǎ�ǌƂƸţ�ŤʽơǇǏƍ�ƄŲƴʨţ�ƃŤǏƢƽƸţƲŤŨŭƃʬţ����ŤǅŮưſ�ǇǄ�accuracy�����ǆř
ŚƚŽ��ŤǅƊƵơ��Ƹţ��ŜŨǁŮ��prediction error�����

�ŪưƀƸţ ൌ
ܶܲ ܶܰ

ܶܲ ܰܨ ܲܨ ܶܰ 

�ŜŨǁŮƸţŚƚŽ� ൌ ͳ െ �ŪưƀƸţ 

�ƶŤŽſʪţ�ūŤǁǏƢƸ�ͯƸŤƽŵʪţ�ſƀƢƸţ�ͭƸŝ�ŪźǏźƒƸţ�ūţŜŨǁŮƸţ�ſƀơ�ŪŨƊǀ�ͯǄ�ŪưƀƸţ�
��ųƁǇƽǀ�ƻǏǏƱŭ�ŤǁǏƹơ�ƿǏƢŮǎ�ŤƼƀǁơŏŤƼ����ŚƚžƸţ�ūʬƀƢƼ�ƺƀžŮƊǀ�ŤƼ�ŤŨ̔ƸŤƥ�ŤǁǀŞƬŏŪưƀƸţǆ����ŤƼ�ƿͺƸǆ

��ŪǏưǇűǇƼ�ǈƀƼ�ǇǄ�ͯƉŤƉř�ƷͺƎŧ�ǃǏƹơ�ƆƴƄǀŏŤǁŵƁǇƽǀ����ŪƭƹŮžƼ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ͭƹơ�ƷƽƢǎ�ƫǏƴǆ
��ɥǂƂŽř�ŦŶǎ�ŪǎŤƦƹƸ�ƻǅƼ�ƃŤǏƢƼ�ŪưƀƸţ�ƾř�Ƴƍ�ʬ��ǃŮǀǆƄƼ�ǈƀƼǆ��ƻǏƽƢŮƸţ�ŪǏƹŧŤư�ŏƃŤŨŮơʬţ���ʬ�ŤǅǁͺƸ

�ųƁǇƽǁƸţ�Ŗţſʨ�ŪƹƼŤƴ�ũƃǇƑ�Ťƽ̔šţſ�ƺƀƱŭ�



 43 Ê¿Zj·Y�¶�¨·Y���cZÌ�Z�ÓY�

 
��ƶǇƱǀ�ŤƼƀǁơƾŝ����ųƁǇƽǁƸţŏƮǇűǇƼ��ǀ�ŤǁǀŞƬ��ŸǏźƑ�ƷͺƎŧ�ūŤǀŤǏŨƸţ�ͭƹơ�ƷƒŹ�ƀư�ųƁǇƽǁƸţ�ƾř�ͯǁƢ

��ƻƹƢŮƸţ�ŦƹƚƸ�ŤĽƱƬǆǆŏƳƸƂƸ��ƔƢŧ�ɥ�ŪǏƹƢƭƸţ�ƻǏƱƸţ�ƿƼ�ŪŨǎƄư�ŤǅŮƼƀư�ͯŮƸţ�ūţŜŨǁŮƸţ�ƾŞƬŏūʬŤźƸţ�
�Ūưſ�ͭƸŝ�ųƁǇƽǁƸţ�ǌſŜǎ�ƀưŏƷƖƬř����ƷͺƎŧ�ǌſŜǎ�ͯƸŤŮƸŤŧǆ�ŸǏźƑ�ƷͺƎŧ�ūŤǀŤǏŨƸţ�ƻǅƭǎ�ʬ�ƀư�ǃǁͺƸ

��ţƂǄ��ŪƭƹŮžƼ�ūŤǀŤǏŨƸţ�ƾǇƵŭ�ŤƼƀǁơ�ŠǏƉ��ͯƸŤŮƸŤŧǆ�ŪǏƬŤƴ�Ūŵƃƀŧ�ŤʽǎǇưǆ�ŤĽưǇűǇƼ�ƈǏƸ�ųƁǇƽǁƸţ�ƾř�ͯǁƢǎ
ǃƼţƀžŮƉţ�ƿƼ�ƀźǎ.�

��ƷǏŨƉ�ͭƹơŏƶŤŲƽƸţ����ŤǁǎƀƸ�������ŪŹŤƭŭǆ������Ťǅǀř�ͭƹơ�ŪǅƴŤƬ�Ʒƴ�ƫǁƒǎ�ųƁǇƽǀ�ŤǁǎƀƸǆ�ŪƸŤƱŭƄŧ
���ŪŹŤƭŭŏƳƸƂƸ����ųƁǇƽǁƸţ�Ūưſ���� �ǚ������ŏ���ƠƼǆ��ŪǎŤƦƹƸ�ƯǏưſ�ųƁǇƽǀ�ŤǁǎƀƸ�ŪưƀƸţ�ƃŤǏƢƼ�ͭƹơ�ʽŖŤǁŧǆ
ŏƳƸƁ����ƃŤƽŲƸŤŧ�ŜŨǁŮƹƸ�ųƁǇƽǁƸţ�ţƂǄ�ŤǁƼƀžŮƉţ�ţƁŝŏŪǏƹŨƱŮƊƽƸţ���ƿͺƽǎ�ųƁǇƽǁƸţ�ţƂǄ�ƾʨ��ƷƎƭǀ�ƪǇƊƬ

ƘƱƬ�ũƀŹţǆ�ŪŢƭŧ�ŚŨǁŮǎ�ƾř.�
��ŪƹƼŤƴ�ũƃǇƑ�ͭƹơ�ƶǇƒźƸţŏųƁǇƽǁƹƸ���ƿͺƽǎ�ƫǏƴǆ�ūŤǀŤǏŨƸţ �Ʋƃƀǎ�ƫǏƴ�ƶŤŲƽƸţ �ƷǏŨƉ�ͭƹơ

��ŜŨǁŮƸţŏŤǅŧ��Ɗǎ��ŤǁƽǅƬ�ɥƻǄŤ�ƯǏƽƢƸţ�����ǃǁǏƊźŭ�ͭƹơ�ƀơŤƊǎǆ�ųƁǇƽǁƹƸŏţƂƸ���ŤʽŵƁǇƽǀ�ƳǎƀƸ�ƾř�ƓƄŮƬţ
��Ūưſ �ƯƱźǎ��ŏǚ����ŸǏźƒŮƸ �ŕǃǁǏƊźŭ �Ƴǁͺƽǎ �ƫǏƵƬŏŚƚžƸţ�����˟ʬǆř �ǃƴƃƀǀ �ƾř �ŦŶǎ�ŏƷŲƽƸŤŧǆ�
�ƿǏƊźŮƸŏųƁǇƽǁƸţ��ƠƼǆ��Ưƽơř�ǈǇŮƊƼ�ͭƹơ�ųƁǇƽǁƸţ�Ʒƽơ�ŪǏƭǏƴ�ɥƄƞǁƸţ�ͭƸŝ�ųŤŮźǀŏƳƸƁ��ƻŮǎ�ʬ

ƄƞǁƸţ�ſƄŶƽŧ�ƳƸƁ�ƯǏƱźŭ����ƃŤǏƢƼ�ͭƸŝŏŪưƀƸţ����ƷŲƼ�ƄǏǎŤƢƼ��ǈƄŽř�ƄǏǎŤƢƼ�ɥƄƞǁƸţ�ƻŮǎ�ͯƸŤŮƸŤŧǆ�ŪưƀƸţ��
�precision���ŖŤơƀŮƉʬţǆ��recall)����ǆF1-Score ƄǏǎŤƢƽƸţ�ǂƂǄ�ͭƹơ�ŪƹŲƼř�ͯǄ.�

��ūŤǏŧŤŶǎʪţ�ƠǏƽŵ�ƿǏŧ�ƿƼ�ŪǏŧŤŶǎʪţ�ūʬŤźƸŤŧ�ŜŨǁŮƸţ�ͭƹơ�ųƁǇƽǁƸţ�ũƃƀư�ͭƸŝ�ŖŤơƀŮƉʬţ�ƄǏƎǎ
��ŪǏŹŤǀ�ƿƼ��ŪǏƱǏƱźƸţŏǈƄŽř����ƾř�ƠưǇŮˀǎ�ͯŮƸţ�ūŤǁǏƢƸţ�ƿǏŧ�ŪǏƱǏƱźƸţ�ūŤǏŧŤŶǎʪţ�ŖƆŵ�ŪưƀƸţ�ƈǏƱŭ

��ŪưƀƸţ �ƾǇƵŭ �ʬ �ƀư ��ŪǏŧŤŶǎŝ �ƾǇƵŭǆŖŤơƀŮƉʬţ����ƻǏǏƱŮƸ �ƿǏŨƉŤǁƼ �ŤƽǄƀŹǆŏųƁǇƽǁƸţ���ƻŮǎ �ƳƸƂƸ
��Ūŵƃſ�ƺţƀžŮƉţF1ŏ����ŪưƀƸţ�ƿƽƖŮŭ�ͯŮƸţǆǆŖŤơƀŮƉʬţŏ���ūſţƅ�Ťƽƹƴ��ƫǁƒƽƸţ�Ūưſ�ǈƀƼ�ͭƸŝ�ƄǏƎŭǆ

��ŪŵƃſF1ŏ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƄǏǎŤƢƽƸţ�ǂƂǄ�ťŤƊŹ�ŪƱǎƄƙ��ƷƖƬř�ŤǁŵƁǇƽǀ�Ŗţſř�ƾŤƴ���
�

ŖŤơƀŮƉʬţൌ ܶܲ
 ܶܲܰܨ

ŪưƀƸţ ൌ ܶܲ
ܲܨ ܶܲ 

	ͳ�Ūŵƃſ� ൌ ʹ ൈ
ŪưƀƸţ כ �ŖŤơƀŮƉʬţ
ŪưƀƸţ �ŖŤơƀŮƉʬţ
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��ţƂǄ�ͯƬŏƻƊƱƸţ����ŬǏŨŲŭ�ūţǇƚŽ�ƺƀƱǀPythonɥ��ƷǏƦƎŮƸţ�ƺŤƞǀ�Windows��ſǇŵǆ�ƺƀƢƸ�ţʽƄƞǀ��
��ŪŢǏŧPython����ƷǏƦƎŮƸţ�ƺŤƞǀ�ɥŪǁƽƖƼWindowsŏ����ƷǎƆǁŭ�ƿͺƽǎ��ƷƱŮƊƼ�ƷͺƎŧ�ŤǅŮǏŨŲŭ�ŦŶǎ

��ƠưǇƼ�ƿƼ�ŬǏŨŲŮƸţ�ŪƼƆŹPython����ͯƽƉƄƸţwww.python.org��ƠưǇƽƸţ�ŸŮƬ�ƀƢŧ���ŏͯƽƉƄƸţ��
��ƃƅ�ͭƹơ�ǌǇŮźǎ�ǌƂƸţ�ƷƱǁŮƸţ�ƘǎƄƍ�ƿơ�Űźŧţ��ƷǎƆǁŭ�download��ƘŧţƄŧ�ŦǎǇƸţ�ƠưǇƼ�ͯƑǇǎ��

ŏŤʽǏƕţƄŮƬţ����ƿƼ�ƃţƀƑŝ�ůƀŹŚŧ�ŪǏƑǇŮƸţǆ�Ƴŧ�ƏŤžƸţ�ƷǏƦƎŮƸţ�ƺŤƞǀ�ƀǎƀźŭ�ǃǁͺƽǎ�ŰǏŹPython 
3.x��ǌƁ�ƃţƀƑʪŤŧ�ŪƑŤžƸţ�ƷǎƆǁŮƸţ�ŪźƭƑ�ͭƸŝ�ƶǇŽƀƸţ�ƀƢŧ���ŏŪƹƒƸţ����ƶǇŹ�ŪǏƉŤƉř�ŪƼƀƱƼ�ƀŵǇŭ

��ƷǏƦƎŮƸţ�Ūƽƞǀʨ�ͯƉŤƉř�ƷͺƎŧ�ŪƭƹŮžƽƸţ�ūţƃţƀƑʪţ�ƿƼ�ƀǎƀƢƸţ�ƻǏƽƒŭ�ƻŭ��ŤǅƹǎƆǁŭ�ƀǎƄŭ�ͯŮƸţ�ŪŢǏŨƸţ
ŤƽŮơţ ��ŪƭƹŮžƽƸţ��ƺŤƞǁƸţ �ƾŤƴ�ţƁŝ �ŤƼ �ͭƹơ�ţʽſ������ǆř �Ŭŧ����ŏŬŧ����ŪƭƹŮžƼ�ūŤƭƹƼ�ƀǎƀźŭ �Ƴǁͺƽǎ

��ͯŮƸţ�ũƀǎƀŶƸţ�ŪźƭƒƸţ�ɥ�ŤǅƹǎƆǁŮƸŏŸŮƭŭ����ūţƃţƀƑŝ�ͭƹơ�ƃǇŲƢƸţ�ŤǁǁͺƽǎŏǈƄŽř���ůƀŹř�ƳƸƁ�ɥŤƽŧ
��ƃţƀƑʪţ�ŬǏŨŲŭ�ƀǎƄŭ�Ŭǁƴ�ţƁŝ��ťǇƹƚƽƸţ�ƃţƀƑʪţǆ�ǍŨǎƄŶŭ�ƃţƀƑŝ������Ŭŧ������ŏ����ƮǇƬ�ƄƱǀŤƬ

ţ�ɥſǇŵǇƽƸţ�ƗŤŨŭƃʬţŪǏƸŤźƸţ�ŪźƭƒƸ��
��ƷǏƽźŭ�ƀƢŧPythonŏ����ŪƼƆŹ�ŬǏŨŲŭ �ƀƢǎ��ǃŮǏŨŲŭ �Ŭưǆ�ƾŤŹWindows�����ŪǎŤƦƹƸ �́ʭǅƉ�ţʽƄƼř

��ŴƼţƄŧ�ŬǏŨŲŭ�ƷŲƼ�ŤʽƼŤƽŭWindows��ŏǈƄŽʨţ����ƄƱǁƸţǆ�ŦƉŤǁƽƸţ�ƃŤǏžƸţ�ƀǎƀźŭ�ͭƸŝ�ƘƱƬ�ųŤŮźǀ
��ŖŤǁűř�ūţƃŤǏžƸţ�Ƅǅƞŭ�ŤƼƀǁơ��ŬǏŨŲŮƸţ�ƶŤƽƴʪ��ͯƸŤŮƸţ��ƃƆƸţ�ƮǇƬŏŬǏŨŲŮƸţ�����ŪǏƸŤŮƸţ�ũǇƚžƸţ�ɥƟƄƊŮŭ�ʬ

��ɥŪŹţƄƸţ�Ʒŵř�ƿƼ�ǃǀʨŏƷŨƱŮƊƽƸţ����ƃƅ�ƃŤǏŮŽţ�ƳǏƹơAdd Python 3.9.6 to PATH��ƄǏƦŮƽƸ��
ŏŪŢǏŨƸţ����ƄƼţǆř�ƂǏƭǁŭ�ƿͺƽǎPython��ŤŨƼ��ƄƼţǆř�ƄƚƉ�ͭƹơ�ŪƸǇǅƊŧǆ�ũƄƍWindowsɥ���ƷŨƱŮƊƽƸţ�

��ƀǎƀźŭ�ƀƢŧAdd Python 3.9.6 to PATHŏñ�����ťǇƹƚƽƸţ�ŬǏŨŲŮƸţ�ſƀŹ�ŏƠŨƚƸŤŧ���ƿͺƽƽƸţ�ƿƼ
��ƠưǇƼ�ƀǎƀźŭ�ŤʽƖǎřŏŬǏŨŲŮƸţ����ƷǏƸƀƸţ�ɥŬŨŲƽƸţC����ƏţƄưʨţ�ƲƄźƼ�ͭƹơC����ƠƼǆ��ŤʽǏƕţƄŮƬţŏƳƸƁ����ƿƼ

ƿƼ�ƿͺƽŮŭ�ͭŮŹ�ƺƀžŮƊƽƸţ�ƷǏƸſ�ǇǄ�ŤƼ�ŪƬƄƢƼ�ƷƖƬʨţ����ūŤƭƹƼ�ͭƹơ�ƃǇŲƢƸţPython.exe����ŪŮŨŲƽƸţ
��ŬǏŨŲŮƸ�ūŤƽǏƹƢŮƸţ�ƠŨŭţ��ŪŵŤźƸţ�ƀǁơPython��ƳƼŤƞǀ�ͭƹơ�ŷŤŶǁŧ� 

��ƾŤŮƱǎƄƙ�ƲŤǁǄƷǏƦƎŮƸ��ƾǇŲǎŤŧ� 
1� ��ƺţƀžŮƉţIDLE��ƾǇŲǎŤŨŧ�ƏŤžƸţ��ƷǏƦƎŭ�ͯƬ�ŦƥƄŭ�Ŭǁƴ�ţƁŝ��Python����ƮǇƬ�ƄƱǁƸţ�Ƴǁͺƽǎ�ŏ

��ŦŮͺƼ�ŸƚƉ�ͭƹơ��řƀŧţ��ƃƆƸţWindows����ŦŮƴţǆIDLE��ŪơƄƊŧ�ƶǇŽƀƹƸ��Űźŧ��ƠŧƄƼ�ͯƬ��
��ͭƸŝread-evaluate-print-loop�ũƃǇƒƸţ�ƷŲƼ�ũƃǇƑ�ǈƄŮƉ�ŏ�ŴƼŤǀƄŨƸţ�ƷǏƦƎŭ�ƀƢŧ���
ǂŤǀſř��
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�

IDLE����ŪƹƼŤƵŮƼ�ƄǎǇƚŭ�ŪŢǏŧ�ǇǄ�Integrated Development Environment����Ūǅŵţǆ�ƃƄźƼ�ƄƬǇŭ
ͯƼǇƉƃ�ƺƀžŮƊƼ����ƧƸPython��ŪƦƸ�ƻƹƢŭ�ɥƿǏšƀŮŨƽƹƸ�ŤŨ̔ƉŤǁƼǆ�ŤĽƚǏƊŧ�ǃƹǏƦƎŭ�ǆƀŨǎ��Python��ƄƬǇǎ��

IDLE����ŪŢǏŧREPLŏ����ƺƀžŮƊƽƸţ�ūʭŽƀƼ�ŦƊźǎǆ�ƻǏƱǎǆ�řƄƱǎ�ǃǀř�ǌřŏ�����ŪŶǏŮǁƸţ�ƠŨƚǎ�ƻűŏ��
�ͯƸŤŮƸţ�ƶŤŽſʪţ�ƃŤƞŮǀţ�ͯƬ���ŪƱƹŹ��ŪƸŤƉƃ�Ƅǅƞŭǆ���

2� ��ƺţƀžŮƉŤŧWindows Prompt�� ��ƷǏƦƎŮƸ�ǈƄŽř�ŪƱǎƄƙ�ƲŤǁǄPython����ŴƼţƄŧ�ƷǏƦƎŭ�ͯǄǆ

Python����ƄƼţǆř�ƄƚƉ�ƿƼWindows��ͯŹŤŮƭƼ�ͭƹơ�ƘƦƕţ�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ��Win + R���

��ƷŽſř�ƻű�ŏ�ūţƃŤƢƍʪţ�ƠŧƄƼ�ŸŮƭƸcmd��ŪƬŤƕŝ��ƀǎƀźŮŧ�Ŭƽư�ţƁŝ��ŸŮƭǎ�ǌƂƸţ�ƠŧƄƽƸţ�ͯƬ��

Python 3.x����ͭƸŝPATH��ŬǏŨŲŭ�ƀǁơ��Python����ŪƬŤƕŝ�Ŭƽŭ�ƀƱƬ�ŏPython����ŬŨŲƽƸţ

��ŪŢǏŧ�ƄǏƦŮƼ�ͭƸŝWindows��Ūƽƹƴ�ƶŤŽſŞŧ�ƾʦţ��python��������ƃǇǅƝ�ƀƢŧ��Python���ŏ
�ǂŤǀſř�ũƃǇƒƸţ�ƷŲƼ�ũƃǇƑ�ǈƄŮƉǆ�ŷŤŶǁŧ�ŤǅƹǏƦƎŭ�ƻŮǏƉ�� 

 

�� 
�

��ƺţƀžŮƉŤŧ�ŬǏŨŲŮƸţ�ƾř�ͭƸŝ�������ƃŤƢƍʪţ�ƄǏƎǎPython����ƾřǆ�ŤʽźŵŤǀ�ƾŤƴPython����ɥūřƀŧ�ƀư
ƷƽƢƸţ��

�
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��ŦŶǎƺţƀžŮƉţ�ƳǏƹơ pip ūŤŨŮͺƼ�ũƃţſʪ pip. pip ͯǄ����ƺƆźƸţ�ƷǎƆǁŭ�ƳƸ�ŸǏŮŭ�ŪǏƉŤƉř�ũţſř
��ͭƸŝ �ŪƬŤƕʪŤŧ ��ŤǅƬƂŹǆ �ŤǅŲǎƀźŭǆ �ŤǅŵŤŮźŭ �ͯŮƸţŏƳƸƁ����ūŤǏƢŨŮƸţ �ƿƼ �ƯƱźŮƹƸ �ǃƼţƀžŮƉţ �ƿͺƽǎ

ūţƃţƀƑʪţ�ƿǏŧ�ƯƬţǇŮƸţǆ�ŪŨƉŤǁƽƸţ.�
��ƺţƀžŮƉŤŧ�ŪŨŮͺƼ�ŬǏŨŲŭ�ƻŮǎpip�ɥ��ƄƼţǆř�ƄƚƉ�Windows��ƷǏŨƉ�ͭƹơ��ŏƶŤŲƽƸţ���Ťǁǀř�ƓƄŮƬţ

��ŪŨŮͺƼ�ŬǏŨŲŭ�ƀǎƄǀNumPy�ŪŨŮͺƽƸţ�ǂƂǄ�ŬǏŨŲŭ�ŪǏƭǏƴ�ŪǏƸŤŮƸţ�ūţǇƚžƸţ�ŸƕǇŭ�����
� ��ͯŹŤŮƭƼ�ͭƹơ�˟ʬǆř�ƘƦƕţWin + R��ƷŽſř�ƻű�ūţƃŤƢƍʪţ�ƠŧƄƼ�ŸŮƭƸ��cmd��ƠŧƄƽƸţ�ͯƬ��

ƄƼţǆʨţ�ƄƚƉ�ͯƬ�ͯƸŤŮƸţ�ƄƼʨţ�ƷŽſř�ƻű��ŸŮƭǎ�ǌƂƸţ���
> pip install numpy 

 

� ��ƄƼţǆř�ƄƚƉ�ƷǏƦƎŮŧ�ƻư�ŏ�ŪŨŮͺƽƸţ�ŬǏŨŲŭ�ƿƼ�ƀƴŚŮƹƸPython���ͯƸŤŮƸţ�ƄƼʨţ�ŦŮƴţǆ���
>>> import numpy 

� �ͭƹơ�ŪŨŮͺƽƸţ�ŬǏŨŲŭ�ƻŮǎ�ƻƸ�ţƁŝ��ŸǏźƑ�ƷͺƎŧ�ŪŨŮͺƽƸţ�ŬǏŨŲŭ�ƻŭ�ţƁŝ�ŪƸŤƉƃ�ǌř�ƓƄơ�ƻŮǎ�ƿƸ
ǂʭơř�ƄƼʨţ�ƂǏƭǁŭ�ƯǎƄƙ�ƿơ�ŪƸŤƉƄƸţ�ǂƂǄ�ǈƄŮƊƬ�ŏ�Ƴŧ�ƏŤžƸţ�ƄŭǇǏŨƽͺƸţ�ƅŤǅŵ� 

Traceback (most recent call last): 
   File "<stdin>", line 1, in <module> 
ImportError: No module named numpy 

Jupyter Notebook
��ƀƢǎJupyter Notebook����ƷͺƎŧ�ŤǅƽǎƀƱŭǆ�ͯƸʦţ�ƻƹƢŮƸţ�ƠǎƃŤƎƼ�ƄǎǇƚŮƸ�Ʈƀƒǎ�ʬ�ƷͺƎŧ�ŪǎǇư�ũţſř

ŏͯƹơŤƭŭ����ūŤƽǏƹƢŮƸţ�ƂǏƭǁŭ�ͭƸŝ�ŪƬŤƕʪŤŧ�ǇǎƀǏƬ�ǆř�ŤĽŭǇƑ�ǆř�ũƃǇƑ�ǆř�Ťʽƒǀ�ƿƽƖŮŭ�ƾř�ƿͺƽǎ�ͯŮƸţǆ
��ƠƽŶǎ��ŪǏŶƼƄŨƸţNotebook����ƐǁƸţǆ�ŪǏźǏƕǇŮƸţ�ƺǇƉƄƸţ�ƠƼ�ūŤŵƄžƽƸţǆ�ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƿǏŧ

Ƹţ �ūʬſŤƢƽƸţǆ�ǌſƄƊƸţ��ͭǁƢƽŧ��ƀŹţǆ�ƀǁŮƊƼ�ɥǈƄŽʨţ�ƘšŤƉǇƸţǆ�ŪǏƕŤǎƄŏƄŽŗ����ƀƢǎNotebook��
��ƪŤƑǆʨţ�ŪƬŤƕŝǆ�ūŤŵƄžƽƸţ�ƓƄơǆ�ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƂǏƭǁŭ�ǃƸʭŽ�ƿƼ�Ƴǁͺƽǎ�ţĽƀŹţǆ�ţĽƀǁŮƊƼ
ŪƴƃŤƎƽƸţǆ�ƃţƄƵŮƹƸ�ŪǏƹŧŤưǆ�ƻǅƭƹƸ�ŪǏƹŧŤưǆ�ŤʽŹǇƕǆ�ƄŲƴř�Ƴƹƽơ�ƷƢŶƸ�ŪǏƚǏƚžŮƸţ�ƺǇƉƄƸţǆ�ƤǏƒƸţǆ����
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�ŬǏŨŲŮƸJupyter Notebookŏ��ƳǎƀƸ�ƾǇͺǎ�ƾř�ŦŶǎPython���Ŭǁƴ�ţƁŝ�ͭŮŹ��ŤĽƱŨƊƼ�ŤĽŮŨŲƼ

��ƺţƀžŮƉʬ �ƘƚžŭJupyter ūŤƦƹƸ����ŪŶƼƄŨƸţŏǈƄŽʨţ����ŪǏƉŤƉʨţ �ũƆǏƴƄƸţ �ͯǄ �ƾǇŲǎŤŧ �ƾŞƬƧƸ 

Jupyter��ŬǏŨŲŮƸ��Jupyterŏ����ƄƼţǆř�ƄƚƉ�ɥͯƸŤŮƸţ�ƄƼʨţ�ŪŧŤŮƴ�ǈǇƉ�ƳǏƹơ�ŤƼWindows�� 

> pip install jupyter 

��ƷǏƦƎŮƸJupyterŏ��ǃǏƬ�ͯƸŤŮƸţ�ƄƼʨţ�ŦŮƴţǆ�ƄƼţǆʨţ�ƄƚƉ�ŸŮƬţ�� 

> jupyter notebook 

��ƄƼʨţ�ƂǏƭǁŭ�ƀƢŧŏǂʭơř����ƺţƀžŮƉŤŧ�Ƴŧ�ƏŤžƸţ�ͯƕţƄŮƬʬţ�ŦǎǇƸţ�ŸƭƒŮƼ�ƷǏƦƎŭ�ƻŮǏƉJupyter���
��ƷǏƦƎŭ�ƀǁơJupyter Notebookŏ����ƄƚƉ�ƷǏƸſ�ͭƸŝ�ǃŨŮǀţŏƄƼţǆʨţ����ǇǄ�ƷǏƸƀƸţ�ţƂǄ�ŸŨƒǎ�ŰǏŹ

��ͭƹơ�ƃǇƭƸţ�ͭƹơ�Ƅǅƞǎ�ǌƂƸţ�ͯƊǏšƄƸţ�ƷǏƸƀƸţJupyter Notebook����ƶǇƑǇƸţ�ƯŹ�ƳǎƀƸ�ƾǇͺǏƉǆ
��ūŤƞŹʭƽƸţ �ƄŮƬſ�ƄƼř �ƷǏƦƎŮŧ�ƻư ��ƘƱƬ�ǃǏƬ �ũſǇŵǇƽƸţ �ŪǏơƄƭƸţ �ŪƸſʨţǆ�ūŤƭƹƽƸţ �ͭƸŝJupyter 

Notebook��ǂŤǀſř�ŪźƭƒƸţ�ƷŲƼ�ŪźƭƑ�ǈƄŮƉǆ� 

�

��ƠƼǆŏƳƸƁ����ŬƊǏƸ �ŪźƭƒƸţ �ǂƂǄ �ƾŞƬNotebook����ƿƼ �ƀǏŹǇƸţ �ŦŮͺƽƸţ �ŸƚƉ �ͯǄǆ �ƀƢŧ

Jupyter� �ƄŭŤƬſ �ũƃţſʪ �ƻƽƒƽƸţ� �ūŤƞŹʭƼ��Jupyter� ���ƷǏƸƀƴ �ŤǅƼţƀžŮƉţǆ �Ƴŧ �ŪƑŤžƸţ
��ŖŤƎǀŝǆ�ƄǎƄźŭǆ�ƪŤƎƵŮƉʬNotebook���ũƆǅŵřǆ�ŪƸǇƽźƽƸţ�ƄŭǇǏŨƽͺƸţ�ũƆǅŵř�ƀƽŮƢŭ��Ƴŧ�ŪƑŤžƸţ

ƿƼ�ŦŮͺƽƸţ�ŸƚƉ Jupyter����ͭƹơŏƓƄƢŮƊƽƸţ��ƺǇƱǎǆ Jupyter��ƺſŤŽ�ſţƀơŞŧ Python ��ͯƹźƼ

�Ƴŧ�ƏŤžƸţ�ŦǎǇƸţ�ŸƭƒŮƽŧ�ūŤƱǏŨƚŮƸţ�ǂƂǄ�ƷǏƑǇŮƸ.�
��ŖŤƎǀʪNotebook��ŏƀǎƀŵ��ŖŤƎǀŝ�ƀǎƄŭ�ŰǏŹ�ƷǏƸƀƸţ�ͭƸŝ�ƷƱŮǀţ��ƶǆţ��Notebook��ƳƸ����ƄƱǀţǆ

��ſƀŹǆ�ŦŮͺƽƸţ�ŸƚƉ�ƿǏƽǎ�ͭƹơř��ƀǎƀŵ��ŪƸƀƊǁƽƸţ�ŪƽšŤƱƸţ�ƃƅ�ͭƹơPython 3����
�

�

��ƀƢŧŏƳƸƁ��ǂŤǀſř�ŸƕǇƼ�ǇǄ�Ťƽƴ�ũƀǎƀŵ�ŦǎǇŨŭ�ŪƼʭơ�ɥƶǆʨţ�ƳŭŤƞŹʭƼ�ƄŮƬſ�ŸŮƬ�ƻŮǏƉ��
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�

��ŦŮͺƼ�ŸƚƉ�ͭƸŝ�ūƀơ�ţƁŝJupyter����ƫƹƼ�ǈƄŮƊƬ�ŏUntitled.ipynb����Ť̔ƒǀ�ǈƄŮƉǆ�ƀǎƀŶƸţ
ƷǏƦƎŮƸţ�ƀǏư�ƳŭŤƞŹʭƼ�ƄŮƬſ�ƾř�ƲƄŨžǎ�ƄƖŽř����

��ŦŮƴţ��ͯͺǏƉʭƴ�ƶŤŲƽŧ�ŪǏƹŽ�ƂǏƭǁŭ�ŪǏƭǏƴ�ƄŨŮžǀprint ('Hello World!')��ɥ��ͭƹơ�ƄƱǀţǆ�ŪǏƹŽ�
��ƃƆƸţɥ��ūţǆſʨţ�ƘǎƄƍ��ŏǂʭơř����ͭƹơ�ƘƦƕţ�ǆřCtrl + Enter�ţƂǄ�ͭƹơ�ŪŶǏŮǁƸţ�ƾǇƵŮƉ��
ǇźǁƸţ��

�

Colab
Colaboratory����ǆř�ŏColab����ƿƼ�ͯŲźŧ�ŴŮǁƼ�ƿơ�ũƃŤŨơ�ŏGoogle����ŸƽƊǎ��ŪǏŧŤźƉ�ŪƼƀŽ�

� �ſǇƴ �ƂǏƭǁŭǆ �ŪŧŤŮͺŧ �ƿǎƃǇƚƽƹƸPython� ���ƶʭŽ �ƿƼ
��ƀƢǎ��ƻǅźƭƒŮƼGoogle Colab����ƻƹƢŮƸţ �ƺŤǅƽƸ�ŪƢšţƃ �ũţſř

��ūŤŨŮͺƼ �ƺţƀžŮƉŤŧ �ųƁŤƽǁƸţ �ƄǎǇƚŭ �ͭƹơ �ƀơŤƊǎǆ �ƯǏƽƢƸţ
� �ƷŲƼ �ũſƀƢŮƼKeras� �� �ǆPytorch� �� �ǆOpenCv� ��ǆ
Tensorflow���ƀǎƆƽƸţǆColab���ͭƸŝ�ƀǁŮƊǎ�ūŤƞŹʭƼ�ƄŮƬſ�ƿơ�ũƃŤŨơJupyter���ͭƸŝ�ųŤŮźǎ�ʬǆ

��ƿƼ�ŪŨƉǇźƸţ�ſƃţǇƼ�ͭƸŝ�ŤʽǏǀŤŶƼ�˟ʬǇƑǆ�ƄƬǇǎ�Ơšţƃ�ͯǀŤŶƼ�ƃţƀƑŝ�ǃǎƀƸǆ�ŬǏŨŲŭGoogle����ƷŲƼGPU��
��ǆTPU� 

Colab

��ƄŨŮƢǎColab����ƄǏƭƎŭ�ūţƃŤǅƼ�ƿǏƊźŭ�ƿƼ�ţʽŖƀŧ�Ŗͯƍ�ƷͺƸ�ŤʽǏƸŤŲƼPython���ūŤŨŮͺƼ�ƠƼ�ƷƽƢƸţ�ͭƸŝ
��ƷŲƼ �ŏ �ƯǏƽƢƸţ �ƻƹƢŮƸţPyTorch����ǆKeras����ǆTensorFlow����ǆOpenCV��ŖŤƎǀŝ �Ƴǁͺƽǎ ��

��ͯƬ�ūŤƞŹʭƽƸţ�ƄŭŤƬſ�ŪƴƃŤƎƼǆ�ƜƭŹǆ�ƷǏƽźŭǆColab��ŬǏŨŲŭǆ�ŏGoogle Drive����Ƴŧ�ƏŤžƸţ
�ƽźŭǆ �ŏ �ƲŤǁǄ �ǃǁǎƆžŮŧ �Ŭƽư �ŤƼ �Ʒƴ�ƺţƀžŮƉţǆ��ƿƼ �ũƄƍŤŨƼ �ūŤƞŹʭƽƸţ �ƄŭŤƬſ �ƷǏGitHub����ŏ

��ūŤƭƹƼ�ƷǏƽźŭǆKaggle��ƀư�ƄŽŗ�Ŗͯƍ�ǌŚŧ�ƺŤǏƱƸţǆ�ŪƴƃŤƎƽƸţǆ�ŏƳŧ�ŪƑŤžƸţ�ūŤƞŹʭƽƸţ�ƄŭŤƬſǆ�ŏ
�ǃŧ�ƺŤǏƱƸţ�ͯƬ�ŦƥƄŭ���

��ͯƬ�ŪƢšţƃ�ǈƄŽř�ũƆǏƼGoogle Colab����ƿǎſƀƢŮƼ�ƿǎƃǇƚƼ�ƠƼ�ƷƽƢŭ�Ŭǁƴ�ţƁŝ��ƾǆŤƢŮƸţ�ũƆǏƼ�ͯǄ
��ƺţƀžŮƉţ�ƾŞƬ�ŏŤƼ�ƟǆƄƎƼ�ͯƬƲǇŨŭǇǀ��Google Colab����ͯƬ�ƾǆŤƢŮƸţ�ƷŲƼ�ŤʽƼŤƽŭ��ŤʽƢšţƃ�ţʽƄƼř�ƀƢǎ
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��ƀǁŮƊƼGoogle Docs��ƄŮƬſ�ƺţƀžŮƉŤŧ�ſƀƢŮƼ�ŴƼƄŨƼ�ƠƼ�ŪŶƼƄŨƸţ�Ƴǁͺƽǎ�ŏ��ūŤƞŹʭƼ��Colab���

ƿǎƄŽŗ�ƿǎƃǇƚƼ�ƠƼ�ƷƽŮͺƽƸţ�Ƴƹƽơ�ŪƴƃŤƎƼ�ŤʽƖǎř�Ƴǁͺƽǎ�ŏ�ƳƸƁ�ͭƸŝ�ŪƬŤƕʪŤŧ����
��ƺţƀžŮƉʬ�ŪƭƹŮžƽƸţ�ťŤŨƉʨţ�ſƄƉ�ƿͺƽǎ�ŏ�ƃŤƒŮŽŤŧColab��ǇźǁƸţ�ͭƹơ��ͯƸŤŮƸţ��

x ŤĽƱŨƊƼ�ŪŮŨŲƼ�ūŤŨŮͺƼ� 
x ŪŧŤźƊƸţ�ͯƬ�ŪǀƆžƼ� 
x ƸţƾǆŤƢŮ�� 
x ��ƺţƀžŮƉţGPU����ǆTPU��ͯǀŤŶƼ�� 
��ƠƼǆŏƳƸƁ����ƺţƀžŮƉţ�ƳǏƹơ�ŦŶǎ�ƾŤǄǇǎƃŤǁǏƉ�ƲŤǁǄJupyter Notebookɥ��ƲƅŤǅŵ:�

1� ��ŦǁŶŭGoogle Colab����ŪǎƄƉ�ͭƹơ�ƛŤƭźƸţ�ͯƬ�ŦƥƄŭǆ�ŪǏƑǇƒžƸŤŧ�ƻŮǅŭ�Ŭǁƴ�ţƁŝ
ƲſţǇƴţ��

2� ��ƠƼ�Ʈƀƒǎ�ʬ�ƷͺƎŧ�ǌǇư�ƅŤǅŵ�ƳǎƀƸ�ƾŤƴ�ţƁŝŪǏǀŤͺƼţ��GPU����ǆTPU��

Google Colab

��ſţƀơŝ�ŪǏƹƽơ�ƀƢŭColab��ũƆǅŵʨţ�ƿƼ�ƟǇǀ�ǌř�ͭƹơ�ŪǏƸŤŮƸţ�ūţǇƚžƸŤŧ�ŤǅƸŤƽƴŝ�ƿͺƽǎǆ�ŤʽǏŨƊǀ�ŪƹǅƉ:�

1� ��ŪźƭƑ�ũƃŤǎƆŧ�ƻưGoogle Colab���
http://colab.research.google.com 

��Ƨŧ�ŪƑŤžƸţ�ŦǏŹƄŮƸţ�ŪźƭƑ�ͭƸŝ�ǂʭơř�ƠưǇƽƸţ�ƷǏƽźŭ�ƳƹƱǁǏƉGoogle Colaboratory 
2� ��ƷǏŶƊŭ�ƃƆƸţ�ƮǇƬ�ƄƱǀţ�Ƹţ��ǌǇƹƢƸţ�ŖƆŶƸţ�ͯƬ�ƶǇŽƀ�ƿƽǎʨţ���

3� ��ťŤƊŹ�ƺţƀžŮƉŤŧ�ƶǇŽƀƸţ�ƷǏŶƊŮŧ�ƻưGmail����ťŤƊŹ�ƳǎƀƸ�ƿͺǎ�ƻƸ�ţƁŝ��Ƴŧ�ƏŤžƸţ
Gmail���ťŤƊŹ�ŖŤƎǀŞŧ�ƻƱƬ�ŏ�� 
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4� ��ƺţƀžŮƉʬ�ţʽƆǄŤŵ�ƾǇƵŭ�ŏ�ƶǇŽƀƸţ�ƷǏŶƊŭ�ƿƼ�ŖŤǅŮǀʬţ�ſƄŶƽŧGoogle Colab�� 
5� �ƫƹƼ�ƮǇƬ�ƄƱǁƸţ �ƶʭŽ�ƿƼ���  ��ƄŮƬſ �ŖŤƎǀŝ �ŪƸǇǅƊŧ �Ƴǁͺƽǎ �ŏƀǎƀŵ�ūŤƞŹʭƼ�ƄŮƬſ��

��ƿƼ�ƀǎƀŵ�ūŤƞŹʭƼColab����ŪźƭƒƸţ�ǂƂǄ�ͯƬ 

 

��ƿƼ�ƀǎƀƢƸţ�ƾʨ��ŪǎŤƦƹƸ�ŪŨƢƑ�ŪƽǅƼ�ūʭͺƎƽƸţ�ƷźƸ�ŤǄſţƀơŝǆ�ŪƱǏƽơ�ŪǏŨƒơ�ŪͺŨƍ�ƄǎǇƚŭ�ƀƢǎ
��ƀǎƄǀ�ͯŮƸţ�ƪţƀǄʨţ�ƯǏƱźŭ�Ʒŵř�ƿƼ�ǃƽǏƞǁŭǆ�ƻƞǁƼ�ƯƬƀŭ�ŖŤƎǀʪ�ŤʽƢƼ�ŤǅƢǏƽŶŭ�ͭƸŝ�ųŤŮźŭ�ƠƚƱƸţ

���ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƶʭŽ�ƿƼ�ŤǅƱǏƱźŭŏƳƸƂƸ���ƿǏͺƽŮƸ�Ʒƽơ�ƃŤƙŝ�ͭƸŝ�ūŤǀŤǏŨƸţ�ŖŤƽƹơ�ǆř�ƾǇŲŹŤŨƸţ�ųŤŮźǎ
�ƿǎƃǇƚƽƸţǆ�ƿǏŲŹŤŨƸţ�Ƅƙʨţ�ǂƂǄ�ƀơŤƊŭ��ůŤźŧʨţǆ�ťƃŤŶŮƹƸ�ũſǇŵ�ƷƖƬřǆ�ƟƄƉřǆ�ƷǅƉř�ƶǇƹŹ

��ƄŲƴʨţ�ƺŤǅƽƸţ�ͭƹơ�ƆǏƴƄŮƸţ�ͭƹơŏŪǏƽǄř�����ŪǏƉŤƉʨţ�ūŤǏƹƽƢƸţ�ɥŬưǇƸţ�ƿƼ�ƀǎƆƽƸţ�ƃŤƽŲŮƉţ�ƿƼ�˟ʬƀŧ
��ŪƚǏƊŧ�ƫšŤƝǆ�ƠƼ�ũƀƱƢƽƸţ�ƺŤǅƽƸţ�ƿơ�ŤƼ�ƀŹ�ͭƸŝ�ũſƄŶƼ�ũƄƵƬ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ūŤƒǁƼǆ�Ƅƙř�ƄƬǇŭ

ƄŨƴʨţ�ūʭͺƎƽƸţ�ƷźƸ�ũţſŚƴ�ƿǎƃǇƚƽƸţǆ�ƿǏŲŹŤŨƸţ�ƷŨư�ƿƼ�ŤǅƼţƀžŮƉţ�ƿͺƽǎ�� 

PyTorch

PyTorch����ͭƹơ �ƀƽŮƢŭ �ͯƸŗ �ƻƹƢŭ �ŪŢǏŧ �ͯǄTorch����ŪǏƸŤŲƼ �ͯǄǆ
��ƄǎǇƚŭ �ƻŭ ��ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ƻǏƽƒŮƸPyTorch����ƄŨŮžƼ �ŪƚƉţǇŧ

��ͯơŤǁƚƑʬţ �ŖŤƴƂƸţ �ůŤźŧřͯƬ��Facebook��ƄǎŤǁǎ �ͯƬ �ǂƃţƀƑŝ �ƻŭǆ �ŏ
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�������ƻƹƢŮƸţǆ�ƄŭǇǏŨƽͺƸţ�Ūǎśƃ�ͯƬ�ͯƉŤƉř�ƷͺƎŧ�ƺƀžŮƊǎǆ�ŏƃƀƒƽƸţ�ŪŹǇŮƭƼǆ�ŪǏǀŤŶƼ�ŪŨŮͺƽƴ

��ƂǏƭǁŭ�ƀƢǎ��ŪŧŤźƊƸţ�ͭƸŝ�ũƀǁŮƊƽƸţ�ŴƼţƄŨƸţ�ƄǎǇƚŭ�ƻơƀǎǆ�ŏŪǏƢǏŨƚƸţ�ŪƦƹƸţ�ŪŶƸŤƢƼ�ūŤƱǏŨƚŭǆ�ƯǏƽƢƸţ
��ͯƬ�ŪǏŨƒơ�ŪͺŨƍPyTorch��ơſ�ƠƼ��ǈƄŽʨţ�ūŤŢǏŨƸţ�ƿƼ�ŪƸǇǅƉ�ƄŲƴřǆ�ƷǅƉř�ŪŶƸŤƢƽƸţ�ũƀŹǆ�ƻ

��ũƀƱƢƽƸţ �ŪƱǏƽƢƸţ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �Ŧǎƃƀŭ �ƿͺƽǎ �ŏūŤƼǇƉƄƸţ �ŪŶƸŤƢƼ �ũƀŹǆǆ �ŪǎƆƴƄƽƸţ
ũƄǏŨƴ�ūŤǀŤǏŧ�ūŤơǇƽŶƽŧ�� 

·YZËY�¼ 
�

� º¸ f·YÙÈ·ÂÆ�ç 
� �Ë��ÁÙ½�»Ùç 
� LZ�yÓYÙtÌv�eÙÈ·ÂÆ�ÙçÙ

 

[ÂÌ ·Y 
�

� cYÁ{OÙ{ÂmÁÙ¹|�ÙÁÙº��·YÙº�{Ù·YtÌ�ÂfÙÙ¶j»ÙtensorboardÙ

TensorFlow

TensorFlow���ƻƹƢŮƸţ �ūŤŢǏŧ�Ƅǅƍř�ƿƼ�ũƀŹţǆ�ͯǄ
��ƻƹƢŮƸţǆ �ͯƸʦţƯǏƽƢƸţ����ƾǆƃǇƚƽƸţ �ŤǅƼƀžŮƊǎ �ͯŮƸţ

��Ʈʭƙŝ �ƻŭ ��ƾǇŲŹŤŨƸţǆTensorFlow����ũƄƼ �ƶǆʨ
��ƯǎƄƬ �ŪƚƉţǇŧGoogle Brain����ƺŤơ �ͯƬ�����

��ŪǎƆƴƄƽƸţ �ŪŶƸŤƢƽƸţ �ūţƀŹǆ �ͭƹơ �ǃƹǏƦƎŭ �ƿͺƽǎǆ
���ūŤƼǇƉƄƸţ�ŪŶƸŤƢƼ�ūţƀŹǆ�ƳƸƁ�ͯƬ�Ťƽŧ�ŏŪƒƒžŮƽƸţ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ūŤơƄƊƼǆGPU��ǆ��

�TPU��ƄƬǇŮǎ ���TensorFlow����Ūƽƞǀř �ͭƹơLinux����ǆmacOS����ǆWindows 64����Ŭŧ
��ƳƸƁ�ͯƬ�Ťƽŧ�ŏŪƸǇƽźƽƸţ�ŪŨƉǇźƸţ�ūŤƒǁƼǆAndroid����ǆiOSƸţ�ƄƎǀ�ƿͺƽǎ����ͭƹơ�ŪŧƃƀƽƸţ�ųƁŤƽǁ

TensorFlow����ţƂǄ��ŪƱǏưƀƸţ�ƻͺźŮƸţ�ūţƀŹǆ�ͭŮŹǆ�ūŤźƭƒŮƽƸţǆ�ŦŮͺƽƸţ�ŸƚƉ�ũƆǅŵř�ͭƹơ
��ƷƢŶǎ �ƷƼŤƎƸţ �ƻơƀƸţTensorFlow���Ūǎśƃ �ͭƹơ �ƷƽƢŭ �Ŭǁƴ �ŖţǇƉ ��ƮʭƚǀʭƸ �ţʽƆǄŤŵǆ �ţĽƀǎƄƬ

��ƾŞƬ�ŏ�ŪǏǁƼƆƸţ�ƷƉʭƊƸţ�ųƁŤƽǀ�ǆř�ŪǏƢǏŨƚƸţ�ŪƦƹƸţ�ŪŶƸŤƢƼ�ǆř�ƄŭǇǏŨƽͺƸţTensorFlow����ƿơ�ũƃŤŨơ
ƼŖţſʨţ�ŪǏƸŤơǆ�ŪǎǇư�ͯƸŗ�ƻƹƢŭ�Ūƒǁ�� 
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·YÙZËY�¼ 
�

� tÌ�Âf·YÁÙÈ^�Âv·YÙ¾»Ù¶°·Ù,ÙÈÌ]Z�v·YÙÈÌ¿ZÌ^·YÙ¹Â��¸·Ù�Zf¼»Ùº�{ç 
� Ù ÙdÌ^je Ù¾°¼ËTensorFlowÙ ÙÙº°vf·Y ÙcY|uÁ ÙÖfuÁ ÙcZv¨�f¼·YÁ Ù\f°¼·Y Ùt�� ÙÇ�ÆmO ÙÖ¸�

È¬Ì«|·YÙçÙ
 

Ù[ÂÌ ·Y 
�

� ÙÙÈn»�]ÙcZÆmYÁÙ\^�]Ù�|vÀ»Ùº¸ f·YÙÖÀvÀ»cZ¬Ì^�f·YÙAPIÙáº¸ f·YÙÈ]Â �âÙÕÂf�¼·YÙÈ�¨zÀ»ç 
� ÙÊ§ÙP�z·YÙ¶WZ��Ù� ]ÙºÆ§Ù½Â°ËÙ|«TensorFlowÙÈËZ¤¸·ÙZ0^ �ÙY0�»OÙçÙ

Keras

 Keras���ŖŤƽƹơ �ƿͺƽŭ �ŪŶƼƄŧ �Ūǅŵţǆ �ͯǄ
�ŪƒǁƼ �ͭƸŝ �ŪƸǇǅƊŧ �ƶǇƑǇƸţ �ƿƼ �ūŤǀŤǏŨƸţ

� �ƯǏƽƢƸţ �ƻƹƢŮƸţTensorFlow��
��ūŤƱǏŨƚŭ�ŪŶƼƄŧ�Ūǅŵţǆ�Ťǅǀŝ��ŤǅƼţƀžŮƉţǆAPI�ƃƀƒƽƸţ�ŪŹǇŮƭƼ�ƯǏƽơ�ƻƹƢŭ�Ʒƽơ�ŪŹŤƊƼǆ��

��ŪƦƹŧ �ŪŧǇŮͺƼPython����ͭƹơ�ƷƽƢŭTensorFlow����ƻơſ��ͯƉŤƉʨţ�ƺŤƞǁƸţ �ͯƬ�ƾʦţ�ŤǅŶƼſ�ƻŭǆ
Keras��ţ�ŤĽƱŧŤƉ��ƿƼ�ƀǎƀƢƸ�backend���ƃţƀƑʪţ�Ʈʭƙŝ�ƠƼ�ƿͺƸǆ�ŏ���������ǇǏǀǇǎ�ͯƬ�������ǇǅƬ�ŏ

��Ƨŧ�ŤʽǎƄƒŹ�ƘŨŭƄƼTensorFlow��ƻǏƽƒŭ�ƻŭ��Keras����ŤǄƃŤŨŮơŤŧ�ŏAPI���ŖţƄŵʪ�ŏǈǇŮƊƽƸţ�ŪǏƸŤơ
��ƠǎƄƊŭ�ǇǄ�ƪƀǅƸţ��ǈƄŽʨţ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ūţƃŤǏŽ�ƿƼ�Ʒưř�ţʽƆǏƼƄŭ�ŦƹƚŮŭ�ŪƹǅƉǆ�ŪƢǎƄƉ�ťƃŤŶŭ

��ƻƹƢŮƸţ�ųƁŤƽǀ�ƂǏƭǁŭ��ƄǎǇƚŭ�ŪǏƹƽơ�ƶʭŽ�ƿƼ�ŏŪƱǏƽƢƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ŤƽǏƉ�ʬǆ�ŏͯƸʦţŪơƄƉ��
ǏƸŤƢƸţ�ƃţƄƵŮƸţŪ��ūţƅţƄƙ�ƷǏƦƎŭ�ƿͺƽǎ���Keras����ŪŶƸŤƢƼ�ũƀŹǆ�ǆř�ŪǎƆƴƄƽƸţ�ŪŶƸŤƢƽƸţ�ũƀŹǆ�ͭƹơ

��ũƆǅŵřǆ�ŦǎǇƸţ�ūŤźƭƒŮƼ�ƳƸƁ�ͯƬ�Ťƽŧ�ŏũſƀƢŮƼ�ūŤƒǁƼ�ͭƹơ�ŤǄƄƎǀǆ�ūŤƼǇƉƄƸţAndroid����ǆ
iOS����ƀƢŭ��ŪƸǇƽźƽƸţKeras����Śƚŧř��ƿƼTensorFlow����ǆPyTorch���ŪƚǏƊŧ�ŪǏǁŨŧ�ƆǏƽŮŭ�ŤǅǁͺƸǆ

��ƀƢǎ ��ƄǎǇƚŮƹƸ �ŪƹŧŤưǆ �ƺţƀžŮƉʬţ �ŪƹǅƉǆ �ũƆŵǇƼǆ �ũŖţƄƱƹƸ �ŪǏƹŧŤư �ƄŲƴř �ͯǄǆKeras����ŪƼŖʭƼ �ƄŲƴř
ƺǇǅƭƽƸţǆ�ƘǏƊŨƸţ�ǃƽǏƽƒŮƸ�ţʽƄƞǀ�ƿǏšƀŮŨƽƹƸ�ǃŧ�ͭƑǇǎǆ�ũƄǏƦƒƸţ�ūŤǀŤǏŨƸţ�ūŤơǇƽŶƽƸ��

�

�
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·YZËY�¼ 
�

� APIÙÙÙÊ·Z�ÕÂf�¼·YÙç 
� º¸ f·YÙÈ¸Æ�Ùç 
� k}Z¼À·YÙkZf¿SÙÈ·ÂÆ�ç 
� ¹Y|zf�ÓYÙ¶Æ�ç 
� ÙÓkZfvËÙªÌ¼ ·YÙº¸ f·YÙÊ§ÙÈËÂ«ÙÈÌ¨¸yÙÖ·SÙçÙ

 

[ÂÌ ·Y 
�

� ÙçÇ�Ì¤�·YÙcZ¿ZÌ^·YÙÈ�Â¼n¼·Ù\�ZÀ» 
� Ù�»ÙLÊ�]Ùå½ZÌuÓYÙ� ]ÙÊ§GPUçÙ

�

��È�Ì�]�k}Z¼¿�[�ne�ÁO�Z0W|f^»�dÀ¯�Y}S,È¸°�¼¸·����½T§Keras����¶�§ÏY��ZÌz·Y�ÂÅ
��L|^·Y�¶Æ�ÏY�¾»�Ä¿Ï��®·,ZÆ]����Y0|m�¶Æ�·Y�¾¼§ÓO����LÊ��ÉO�È§� »�Ö·S�kZfve

�ÈÌ^���È°^��ºÌ¸ f·�ªÌ¼ ·Y�º¸ f·Y�¾���È¬Ì¼���½O�¾»�º£�·Y�Ö¸�PyTorch��
�0È¿�Z¬»��{|�·Y�Y~Å�Ê§�Ç|Ìm�lWZf¿�d¬¬u�/]Tensorflow�½O�ÓS�,��Keras���¶�§O 

� ��ƄǏƎŭ��ŦƉŤǁŮƸ�ŤǅǁǎƆžŭǆ�ŤǅƱǏƊǁŭ�ƻŮǎ�ŤƼ�ũſŤơ�ͯŮƸţ�ūŤƼǇƹƢƽƸţ�ƿƼ�ũƆǏƽƼ�ŖţƆŵř�ͭƸŝ�ūŤǀŤǏŨƸţ
��ţʽſƀźƼ�ŤʽƕƄƥ 

� ��ŪƽƉ�ǃŶŮƽƸţ�ͯƬ�ƶŤŽſŝ�Ʒƴ�ƷŲƽǎǆ�ŏŪƽƉ�ǃŶŮƼ�ŪƚƉţǇŧ�ŤʽŨƸŤƥ�ūŤǀŤǏŧ�ŪƚƱǀ�Ʒƴ�ƷǏŲƽŭ�ƻŮǎ 
� ��ŤƽǅǏƹƴ�ǆř�ŪǎƄƎŨƸţ�ũŖţƄƱƹƸ�ŪƹŧŤư�ǆř�ŤʽǏƸŗ�ũŖǆƄƱƼ�Ťǅǀř�ͭƹơ�ūŤǀŤǏŨƸţ�ƫǏǁƒŭ�ƿͺƽǎ 
� �Ƹţ�ƀƢǎ��ūŤǀŤǏŧ�ƺƀžŮƊǎ�ǌƂƸţǆ�ŏ�ŤʽƼţƀžŮƉţ�ͯƸʦţ�ƻƹƢŮƸţ�ƟǆƄƬ�ƄŲƴř�ƀŹř�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮ

�ŪƱǏưſ�ūţŜŨǁŭ�ŖţƄŵŝ�ͭƹơ�ųƁŤƽǁƸţ�ũƀơŤƊƽƸ�ŪƭǁƒƽƸţ�ŦǎƃƀŮƸţ�� 
� �Ƭ��ǆř�ūŤƼʭơ�ǆř�ƪţƀǄř�Ťǅǀř�ͭƹơ�ŤǅǏƸŝ�ƃŤƎǎ�ŤƼ�ŤʽŨƸŤƥǆ�ŤĽƱŨƊƼ�ūŤŢƭƸţ�ƫǎƄƢŭ�ƻŮǎ�ŏƫǏǁƒŮƸţ�ͯ

��ūŤŢƬ 
� �ƀŶŭ �ŪǏšŤƒŹŝ �ŪǏƹƽơ �ǇǄ �ƃţƀźǀʬţ����ŪƢŧŤŮƸţ �ūţƄǏƦŮƽƸţ �ƿǏŧ �ŪǏšŤƒŹŝ �ŪƸʬſ �ūţƁ �Ūưʭơ

��ƄƽŮƊƼ�ƻưƄŧ�ŚŨǁŮŭ�ŏŪǏƼƅƃţǇžƴǆ�ŏŪƹƱŮƊƽƸţǆ 
� ��ūŤǀŤǏŨƹƸ�ƫǏǁƒŭ�ſǇŵǆ�ƺƀơ�ŪƸŤŹ�ͯƬ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ͯƸʦţ�ƻƹƢŮƸţ�ůƀźǎ�
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1� ��ŪǏƽƊŮŧ�ƻư�ƮƄƚƸţ���ŕŤǅǁƼ�ƷͺƸ�ťǇǏƢƸţǆ�ŤǎţƆƽƸţǆ�ūŤƬʭŮŽʬţ�ƫƑǆǆ�ŏͯƸʦţ�ƻƹƢŮƹƸ�ŪƭƹŮžƽƸţ 
2� �ŕͯƸʦţ�ƻƹƢŮƸţ�ͯƬ�ƻǏƽƢŮƸŤŧ�ſǇƒƱƽƸţ�ŤƼ 
3� ��ƿǏŧ�ƮƄƭƸţ�ǇǄ�ŤƼ�ūʭƼŤƢƽƸţ���ūʭƼŤƢƽƸţǆ���ŕŪƱšŤƭƸţ 
4� �ŕͯƸʦţ�ƻƹƢŮƸţ�ŪǏƼƅƃţǇŽ�ƻǏƹƢŮƸ�ūŤǀŤǏŨƸţ�ƻǏƊƱŭ�ƻŮǎ�ţƁŤƽƸ 
5� ��Ūưſ�ƯƱŹ�ǌƂƸţ�ųƁǇƽǁƸţ�ƾǇͺǎ�ƾř�ƿͺƽǎ�ƷǄ����ŪơǇƽŶƼ�ͯƬ�ǚ��Ūưƀŧ�ƿͺƸǆ�ŦǎƃƀŮƸţ����ǚ

�ƚơŝ�ŕʬ�ƺř�˟ʬǇŨƱƼ�ŤʽŵƁǇƽǀ�ƃŤŨŮŽʬţ�ŪơǇƽŶƼ�ͯƬ�ͯ���ŨŨƉ�ĽŤ�� 
6� ��ƯƱźǎ�ŪǎŤƦƹƸ�ƿǏŮǀƅţǇŮƼ�ƄǏƥǆ�ƿǏŮƭƹŮžƼ�ƿǏŮŢƬ�ūţƁ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ͯƬ�ŤʽŵƁǇƽǀ�ƾř�ƓƄŮƭǁƸ

��ͭƸŝ�Ʒƒŭ�Ūưſ����ͭƹơ�ʽŖŤǁŧ�ţĽƀŵ�ŪǏƸŤơ�ũŖŤƭͺŧ�ƠŮƽŮǎ�ųƁǇƽǁƸţ�ţƂǄ�ƾř�ƶǇƱƸţ�Ťǁǁͺƽǎ�ƷǅƬ�ŏ�ǚ
�ƘƱƬ�ŪưƀƸţ�ƃŤǏƢƼ��ŦŨƊƸţ�ŷƄƍţ�ŕ 

7� �ŕŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƺţƀžŮƉţ�ƻŮǎ�ţƁŤƽƸ 
8� �ŦŨƊǎ�ǌƂƸţ�ŤƼ �ƀšţƆƸţ�ƘŨƖƸţ��Overfitting�ŕ 
9� �ŕͯƸŤƢƸţ�ƆǏźŮƸţǆ�ͯƸŤƢƸţ�ƿǎŤŨŮƸţ�ƄǏƎǎ�ţƁŤƼ�ͭƸŝ 
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� ¾Ì�vf·Y�� 

� P�z·Y�È·Y{� 

� Ê§�ÈÌ^���È°^��~Ì¨Àe��keras�� 

��¥Y|ÅYºÌ¸ f·Y��     

 ¥0br�&�6'�0^�&� ¦Qv8�&� ¥�'�&�� 



 57 ·Y�¶�¨h·Zj·Y���ÈË~¤f·Y�ÈÌ»Z»Y�ÈÌ^� ·Y�cZ°^�·Y�

 

Y�

��ţƂǄ�ͯƬŏƷƒƭƸţ����ūŤͺŨƎƸţ�ŪǏǁŧ�ƺƀƱǀŏŪǏŨƒƢƸţ����ŤǎʭžƸţ�ƷƽƢŭ�ƫǏƴ�ƷǏƒƭŮƸŤŧ�ƫƒǀǆŏŪǏŨƒƢƸţ����ƻű
�ƻǏǄŤƭƽƸţ�ǂƂǄ��ƶŤŶƽƸţ�ţƂǄ�ɥũſǇŵǇƽƸţ�ƻǏǄŤƭƽƸţǆ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ɥŦǎƃƀŮƸţ�ŪǏƹƽơ�ƫƒǀ

��ƇŤƉř�ŪŧŤŲƽŧ�ƹƸ��ƶǇƒƭŪƼſŤƱƸţ����

Artificial Neural Networks

ŪǏơŤǁƚƑʬţ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ��ƃŤƒŮŽŤŧ �ǆř �ŏANN�ͯƸʦţ �ƻƹƢŮƸţ �ųƁŤƽǀ �ƿƼ �ŪơǇƽŶƼ �ͯǄ �ŏ
��ͭǁƢƽŧ��ūŤǏǎƀŲƹƸ�ǌƆƴƄƽƸţ�ǍŨƒƢƸţ�ƅŤǅŶƸţ�ūŤƉţƃſ�ƿƼ�ƺŤơ�ƷͺƎŧ�ũŤŹǇŮƊƽƸţŏƄŽŗ���ųƁǇƽǀ�Ťǅǀŝ

�ŪǏơŤǁƚƑţ�ŪǏŨƒơ�ŪͺŨƍ�Ʒƴ�ƾǇƵŮŭ��ƾŤƊǀʪţ�ƣŤƼſ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�Ʒƽơ�ŪǏƭǏƴ�ͯƴŤźǎ�ǍŧŤƊŹ
��ũƀơ�ƿƼ�ūŤǀǇŨƒơ��ɥŪƽƞǁƼ�ŪƹƒŮƼ���ūŤƱŨƙ���ͭƸŝ�ƷšŤƉƃ�ŪƱŨƙ�Ʒƴ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƷƉƄŭ��

ŪǏƸŤŮƸţ�ŪƱŨƚƸţ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ����

��Êf·Y �ÈÌ^� ·Y �ZËÔz·Y �¾» �È°^� �ÇZ¯Zv¼· �È·ÁZv» �ÊÅ �ÈÌ�ZÀ��ÓY �ÈÌ^� ·Y �È°^�·Y
��©��]�cY�Y�¬·Y �}ZzeYÁ�º¸ f·Y �¾»��eÂÌ^¼°·Y �Ç�ÆmO �¾°¼fe�Öfu�½Z�¿ÑY �¡Z»{�¶°�e

��ÈË��] 
��ŪͺŨƎƸţ�ǌǇŮźŭ�ǆř�ũƀŹţǆ�ŪǏƭžƼ�ŪƱŨƙǆ�ųţƄŽŝ�ŪƱŨƙǆ�ƶŤŽſŝ�ŪƱŨƙ�ͭƹơ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ

��ŪǏŨƒƢƸţ �ŤǎʭžƸţ �ǂƂǄ�ƷƉƄŭ��ŪƹŽƀƽƸţ �ŪǏŨƒƢƸţ �ŤǎʭžƸţ �ƿƼ�ͭƸǆʨţ�ŪƱŨƚƸţ �ƾǇƵŮŭ��ŪƚŧţƄŮƼ�ƄŲƴř
��ųţƄŽŝ�ŏͯƸǆʨţ�ƶŤŽſʪţ�ƿƼ�˟ʬƀŧ�ŏƶŤŽſʪţ�ŪƱŨƙ�ƀƢŧ�ŪƱŨƙ�Ʒƴ�ͭƱƹŮŭ��Ưƽơř�ūŤƱŨƙ�ͭƸŝ�ūŤǀŤǏŨƸţ

ŪƱŧŤƊƸţ�ŪƱŨƚƸţ��ųƁǇƽǁƹƸ�ųţƄŽŝ�ŪƱŨƙ�ƄŽŗ�ŴŮǁǎ�ŏţ̔ƄǏŽř��ƷŽƀƽƴ.�
��ƶŤŽſŝ�ƷͺƸ�ŤǄśŤƎǀŝ�ŦŶǎ�ͯŮƸţ�ūŤŵƄžƽƸţ�ƄƍŤŨƼ�ƷͺƎŧ�ŦǎƃƀŮƸţ�ŪƹŲƼř�ſƀźŭݔ��ŪƱŨƙ�ƶǆŤźŭ��

��ƲǇƹƉ�ƾŞƬ �ŏƳƸƁ �ƠƼǆ ��ŪƹűŤƽƼ �Ŧǎƃƀŭ �ūŤǁǏƢƸ �ƿǏƢƼ �ŴŭŤǀ �ƿƼ �ŪŨǎƄư �ŪƽǏư �ťŤƊŹ�ūŤŵƄžƽƸţ
ŏ�ŦǎƃƀŮƸţ�ūŤǁǏƢŧ�ƄƍŤŨƼ�ƷͺƎŧ�ƄűŚŮǎ�ʬ�ŪǏƹŽţƀƸţ�ūŤƱŨƚƸţ����ſƀźŭ�ͯŮƸţ�ͯǄ�ŦǎƃƀŮƸţ�ŪǏƼƅƃţǇŽǆ

�ŪŶǏŮǀǆ��ŪŧǇƥƄƽƸţ�ūŤŵƄžƽƸţ�ųŤŮǀʪ�ŪƑŤžƸţ�ƻǅŭţƃţƄư�ƁŤžŭţ�ƶʭŽ�ƿƼ�ūŤƱŨƚƸţ�ǂƂǄ�Ʒƽơ�ŪǏƭǏƴ
�ƿƼ�ŤǅǏƹơ�ƶǇƒźƸţ�ƻŭ�ͯŮƸţ�ŪŧǇƥƄƽƸţ�ūŤŵƄžƽƸţ�ͭƹơ�ʽŖŤǁŧ�ŏŪǏƹŽţƀƸţ�ūŤƱŨƚƸţ�ŪƭǏƝǆ�ƾŞƬ�ŏƳƸƂƸ

ƿƼǆ �ŏſǇƉř �Ʈǆƀǁƒƴ�ƷƽƢŭǆ �ŷǇƕǇŧ �ũſƀźƼ �ƄǏƥ �ŏŦǎƃƀŮƸţ �ūŤǁǏơ����ūŤƱŨƚƸţ �ǂƂǄ �ͭƽƊŭ �ƻű
ŧƱŨƚƸŤūŤ��ŪǏƭžƽƸţ.�

��È¬^�·�¾°¼Ë�LÊ��Ö·S�µZy{ÑY�¶ËÂve�Ê§�ÈÌ¨z¼·Y�cZ¬^�·Y�È¼Æ»�¶j¼fe�cZm�z¼·Y��
��Ö¸��Ç�|¬·Y�ZÆË|·�ª¼�O�È°^��Ö·S�¶¬fÀ¿�,ÈÌ¨z¼·Y�cZ¬^�·Y�{|��Ç{ZË���»��Ä»Y|zf�Y

��È¸v�·Y�ZÆeY�Ì�¿�¾»�Y0|Ì¬ e��j¯O�¶¯Z�»�¶u 

�ƄŭǇǏŨƽͺƸţ�ŖŤƽƹơ�ƃǇƙ�ƾř�ƂǁƼ�ǌƄƎŨƸţ�ƣŤƼƀƸţ�ƿơ�ƄǏŲͺƸţ�ƾǇǏƴţƃſʪţ�ťŤƒơʨţ�ŖŤƽƹơ�ƻƹƢŭ�ƀƱƸ
��ŪƭƹŮžƼ�ŖţƆŵř�ƾř�ŤǄǇƽƹƢŭ�ͯŮƸţ�ŖŤǏƍʨţ�ƀŹř�ƾŤƴ��ŪǏƹƑʨţ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ũƄƼ�ƶǆʨ
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��ƿƼ�ŪƭƹŮžƼ�ŦǀţǇŵ�ŪŶƸŤƢƼ�ƿơ�ŪƸǆŜƊƼ�ƣŤƼƀƸţ�ƿƼŏūŤƼǇƹƢƽƸţ��ͯƼƄǄ�ƷͺƎŧ�ŪŨŭƄƼ�ŖţƆŵʨţ�ǂƂǄǆ��

ŏţƂͺǄǆ����ͭƸŝ�ūʭŽƀƽƸţ�ƷŽƀŭŏƣŤƼƀƸţ����ƄƬǇǎ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƿƼ�ǈǇŮƊƼ�ƷƴǆŏũƄǏƒŨƸţ���ƻŮǎ�ƻű
��ƶǆŤźŭ�ͯŮƸţ�ŪǏƸʦţ�ͯǄ�ǂƂǄ��ͯƸŤŮƸţ�ͭƹơʨţ�ǈǇŮƊƽƸţ�ͭƸŝ�ūŤƼǇƹƢƽƸţ�ƷƱǀANN��ŤǄƃţƄƵŭ���

��{| f· �È WY� �ÈÌ�ZÀ��ÓY�ÈÌ^� ·Y �cZ°^�·Y �| e,ZÆeZ»Y|zf�Y����¾�vfe�ZÆ¿O �ÊÀ Ë �Z¼»
»�º¸ f·Y�µÔy�¾»��È¬uÔ·Y��Á� ·Y�Ê§�cZ»Â¸ ¼·Y�¾»�|Ë�¼·Y�[Z�f¯YÁ�cZ¿ZÌ^·Y�¾ 

��ƿƼ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƿͺƽŮŭ�ͯͺƸŏƻƹƢŮƸţ����ƿƼ�ƷšŤǄ�ƃƀư�ŤǅǎƀƸ�ƾǇͺǎ�ƾř�ŦŶǎ
ŏūŤǀŤǏŨƸţ���ŪǏƭǏƴ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƻǏƹƢŭ�ƀǎƄŭ�ŤƼƀǁơ��ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ͭƽƊǎ�ŤƼ�ǇǄǆ

��ƘƱƸţ �ƿǏŧ �ƆǏǏƽŮƸţŏŦƹͺƸţǆ���ŤǅǏƹơ �ūŤƼʭơ�Ơƕǆ�ƻŭ �ͯŮƸţ �ƃǇƒƸţ �ƪʬŗ �ͯƽǏƹƢŮƸţ �ŴƼŤǀƄŨƸţ �ƄƬǇǎ
��ƿƼ�ƄǏŨƴ�ƃƀư�ͭƹơ�ǃŨǎƃƀŭ�ƀǁơ��ƻƹƢŮƸţ�ɥŪͺŨƎƸţ�řƀŨŭ�ͯͺƸ�ťʭͺƹƸŏūŤǀŤǏŨƸţ���ūŤǀŤǏŨƸţ�ƫǏǁƒŭ�ƶǆŤźǎ

ţ��ǆř� �ǂţƄǎ �ǃǀř �ƀƱŮƢǎ �ŤƼ �ͭƹơ �ʽŖŤǁŧ �ŪƭƹŮžƼ �ūŤŢƬ �ͭƸŝ �ŪǏƹŨƱŮƊƽƸŏǃƢƽƊǎ���ŪơǇƽŶƼ �ͭƹơ �ţʽſŤƽŮơţ
��ũƄŮƬ�ƶʭŽ���ūŤǀŤǏŨƸţŏŦǎƃƀŮƸţ����ŤƽƸ��ūŤƼʭƢƸţ��ŪǎƄƎŨƸţ�ƪŤƑǆʨţ�ƠƼ�ƅŤǅŶƸţ�ųţƄŽŝ�ŪǀƃŤƱƼ�ƻŮŭ

��ŬǀŤƴ�ţƁŝ��ǃŭƀǄŤƎƼ�ŦŶǎŏŪƱŧŤƚŮƼ����ƄǏƥ�ƾŤƴ�ţƁŝ��ƀǏŵ�ƷͺƎŧ�ƷƽƢǎ�ųƁǇƽǁƸţ �ƾŞƬŏŸǏźƑ����ǃǀŞƬ
ƊǎƺƀžŮ���ʬţ��ƃŤƎŮǀ�Ƹţ�ͯ ƭƹž��backpropagation��ƻƹƢŮƸţ�ƘŨƖƸ� 

perceptron 
�ŪǏŨƒƢƸţ �ŤǎʭžƸţ����ƿƼ�ƟǇǀ�ƘƊŧř �ͭƹơ�Ưƹƚˀǎ ��ŪǏơŤǁƚƑţ�ŪǏŨƒơ�ŪͺŨƍ�ǌř�ͯƬ�ͯƉŤƉř�Ƅƒǁơ�ͯǄ

ƻƉţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ŪŵƂƽǀ��ƾǆƄŮŨǏƉƄǏŧ��Perceptron���ƄǏŨƴ�ſƀơ�ͭƹơ�ǌǇŮźǎ�ƾř�ƿͺƽǎ�ǌƂƸţǆ�ŏ
��ƷͺƎƸţ�ŸƕǇǎ��ƀŹţǆ�ųƄžƽŧ�ūʭŽƀƽƸţ�ƿƼ�Ĺ�����ŤĽƚƚžƼƸ��ƺƀžŮƊǎ��ƾǆƄŮŨǏƉƄǏŨPerceptron��

��ƻƹƢŮƸţƪţƄƍʭƸ�ƠƕŤžƸţ����ǆř�ƫǏǁƒŮƸ�ūŤǀŤǏŨƸţ�ŪƱŨƚƸţ�ǌſŤŹř�ƄƢƎŮƊƽƸţ�ƫǁƒǎ��ūŤŵƄžƽƸţ�ƠưǇŭ
��ƻƉƃ�ƯǎƄƙ�ƿơƃţƄƱƸţ�ſǆƀŹ���decision boundary���ſƀźƼ�ƘŽ�ƺţƀžŮƉŤŧ�  

�
��Ʒͺƍ��Ĺ�����ƾǆƄŮŨǏƉƄǏŧ�

��ƷƽƢǎ ��ƾǆƄŮŨƉƄǏŧ �Ʒƽơ �ŪǏƭǏƴ�ͭƹơ �ũƄƞǀ �ͯƱƹǀ �ŤǀǇơſPerceptron����ƔƢŧ �ƗŤƱŮƸţ �ƯǎƄƙ �ƿơ
��ƻƉŤŧ �ƪƄƢǎ �ŤƼ �ƠƼ �Ŧǁŵ �ͭƸŝ �ŤŨ̔ǁŵ �ŪǎſƀƢƸţ �ūʭŽƀƽƸţ��ƾţƅǆʨţ�weights����ūţƆǏźŮƸţǆ����ǆţ

�ƷǏƢƭŮƸţ�ŪƸţſ 
�ūŤŵƄžƽƸţ 

��ƆǏźŮƸţBias 

�ūʭŽƀƽƸţ 
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�ūţƅŤǏźǀʬţ�bias����ƟǇƽŶƼ�ƻƉŤŧ�ŪƬǆƄƢƽƸţ��ŪƹŧŤƱƽƸţ�ƾţƅǆʨŤŧ�ūʭŽƀƽƸţ�ǂƂǄ�ťƄƖŧ�ƺǇƱǎ�ƻű

��ţƂǄ �ŪƬŤƕŝ �ƻŮǎ �ƻű ���ƾţƅǆʨţŴŭŤǁƸţ����ƂŽŚŭ ��ƆǏźŮƸţ �ƠƼ�ŪƸţſ��ƘǏƎǁŮƸţ�Activation Function���
��ƟǇƽŶƼƾţƅǆʬţ���Ʒƹźǀ�ŤǀǇơſ����������ţʽƄǏźƼ�ƄƼʨţ�ƾŤƴ��ͯšŤǅǁƸţ�ŴŭŤǁƸţ�ƠŵƄŭǆ�ūʭŽƀƽƴ�ƅŤǏźǀʬţǆ

Perceptron����ƷͺƎƸţ��ƾǆƄŮŨǏƉƄǏŧ�ƾǇƵŮǎ��ǃƹƽơ�ŪƱǎƄƙ�ƿǏƊźŮƸ�ŏ�Ĺ����ŪǏƊǏšƃ�ŖţƆŵř�ŪƢŧƃř�ƿƼ��
�ƆǏźŮƸţǆ�ƾţƅǆʨţǆ�ƶŤŽſʪţ�ƻǏư����ƅŤǏźǀʬţ�����ƾƅǇƸţ�ͯƸŤƽŵŝǆ�ŪƸţſǆ��ƘǏƎǁŮƸţ��ŪǏƹŽ�ŤǁǎƀƸ�ƾř�ƓƄŮƬţ��

ŪǏŨƒơ����ūʭŽƀƼ�Ūűʭűǆݔଵ�ŏݔଶ��ŏݔଷ����ƾţƅǆʨţ�ͯƬ�ŪŧǆƄƖƼݓଵ�ŏݓଶ��ŏݓଷ��ͯƸţǇŮƸţ�ͭƹơ� 

�

��ƲŤǁǅƬ�ŏƾţƅǆʨţǆ�ūʭŽƀƽƹƸ�ŪǎſƀƢƸţ�ŪƽǏƱƸţ�ͭƸŝ�ƄƞǁƸŤŧ�ŏ�ŪƚǏƊŧ�ũƄƵƭƸţŪƸţſ���ŪǏŨƒƢƸţ�ŪǏƹžƸţ�ƷŽţſ
ţ��ūŤŵƄžƼ�ŴŮǁŭ��ǂƂǄ�ͯǄ�ŤƼ�ƶţŜƊƸţ�ƾʦ�ŪƸţƀƸţŕ����ǂƂǄŪƸţƀƸţ����ƷƽƢŭͯŭʬŤƴ��

ݕ ൌ ଵݓଵݔ  ଶݓଶݔ   ଷݓଷݔ
��ǂƂǄŪƸţƀƸţ����ͭƽƊŭ�ʬţ�ƟǇƽŶƼ�ƅǆ�ţƾ���ƿͺƸ�ŏ�ƾʦţ�ͭŮŹ�ƀǏŵ�ţƂǄ��ūʭŽƀƽƸţǆ�ƾţƅǆʨţ�ƟǇƽŶƼ�Ťǅǀʨ�ŏ

��ƿƼ�ƶŤŲƽƸţ�ƷǏŨƉ�ͭƹơ�ŏƿǏƢƼ�ƮŤƚǀ�ͯƬ�ūŤŵƄžƽƸţ�ƾǇƵŭ�ƾř�Ťǀſƃř�ţƁŝ�����ͭƸŝ����ƾř�ŦŶǎ�ţƁŤƽƬ�ŏ
��ͭƽƊǎ�ŤƼ�ƺţƀžŮƉŤŧ�ƳƸƂŧ�ƺŤǏƱƸţ�Ťǁǁͺƽǎ��ŕƷƢƭǀ�ŪƸţƀŧ���ƘǏƎǁŮƸţ����ƷǏƢƭŮƸţ�ŪƸţſ����ŪƸţſ����ͯǄ�ƘǏƎǁŮƸţ

ŪƸţſ��Ƭ��ŤĽǁǏƢƼ�ʚ͏ʞŤŽſŝ�ƶǇźŭ��ŏ�ŪƸŤźƸţ�ǂƂǄ�ͯƾţƅǆʬţ�ƟǇƽŶƼ�ŪơǇƽŶƼ�ͭƹơ�ʽŖŤǁŧ�ŏ�ſƀźƼ�ųţƄŽŝ�ͭƸŝ��
ƀơţǇƱƸţ�ƿƼ��

�

��ŤŨ̔ǎƄƱŭ�ǃŵŤŮźǀ�ŤƼ�Ʒƴ�ƾʦţ�ŤǁǎƀƸŖŤǁŨƸ��Perceptron��ǇǄ�ƆǏźŮƸţ��ƆǏźŮƸţ�ǇǄ�Ŗͯƍ�ƄŽŗ��ƷƼŤƢƼ���ͯ ƬŤƕŝ��
��ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ͯƬˀǎ��ūʭŽƀƽƹƸ �ͯƸŤƽŵʪţ �ƾƅǇƸţ �ƠƼ �Ŧǁŵ �ͭƸŝ �ŤŨ̔ǁŵ �ųţƄŽʪţ �ƻǏƞǁŮƸ �ƺƀžŮƊ

��ƆǏźŮƸţ�ƃţƀƱƼ�ŸƽƊǎ�ŏƳƸƁ�ͭƸŝ�ŪƬŤƕʪŤŧ��ŪǏŨƒƢƸţŪƸţƀƸ�����ƃŤƊǏƸţ�ǆř�ƿǏƽǏƸţ�ͭƸŝ�ƄǏǏƦŮƸŤŧ�ƘǏƎǁŮƸţ
��ŬŧŤŲƸţ�ƶʭŽ�ƿƼ�ƆǏźŮƸţ�ƻǅƭƸ�ŪƱǎƄƙ�ƷǅƉřc���ŪǏƚŽ�ŪƸţſ�ͯǄ���

�ūŤŵƄžƽƸţ 

�ūʭŽƀƽƸţ 

�ƷǏƢƭŮƸţ�ŪƸţſ 
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�ݕ ൌ �ݔ݉  �ܿ 

��ƾŤƴ�ţƁŝ��ƷƖƬř�ƷͺƎŧ�ūŤǀŤǏŨƸţ�ƠƼ�ŜŨǁŮƸţ�ŪƱŧŤƚƽƸ�ƄƚƊƸţ�ͯƬ�ƷƭƉʨǆ�ͭƹơʨ�ƄǎƄƽŮƸţ�ƳƸƁ�ƳƸ�ŸǏŮǎ
��ŬŧŤŲƸţc����ƷƑʨţ�ƶʭŽ�ƿƼ�ƘžƸţ�ƄƽǏƉ�ŏ�ſǇŵǇƼ�ƄǏƥ�����ŏ����ƫƢƕř�ƯŧŤƚŭ�ƳǎƀƸ�ƾǇͺǏƉǆ��

�ͯǁƢŭ�ŏ�ƃŤƒŮŽŤŧ��ƾţƅǆʨţ�ͯƬ�ūŤƬʭŮŽʬţ�ƿƼ�ƀǎƆƽƸţǆ�ƀǎƆƽƸţ�ƻƹƢŮŧ�ŸƽƊŭ�ūţƆǏźŮƸţ�ƾŞƬ�ŏ�ƻű�ƿƼǆ
ʬţ��ƾţƅǆʨţ �ͭƸŝ �ƶŤŽſʪţ �ŪŹŤƊƽƸ �ʽŖţƄű �ƄŲƴř �ʛĽʢǏŲƽŭ �ƫǏƖŭ �ūţƆǏźŮƸţ �ƾř �ŪǏƬŤƕʪţ �ūŤƬʭŮŽ

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŪǏŨƒƢƸţ�ŤǎʭžƹƸ�ŪǏšŤǅǁƸţ�ŪƸſŤƢƽƸţ�ťŤƊŹ�ƻŮǎ�ŏƳƸƂƸ��ųƁǇƽǁƸţ�ƿƼ�ũſŤƭŮƊƽƸţ��

ųƄžƽƸţ� ൌ ቀ�ƾƅǇƸţ כ ƷŽƀƽƸţቁ � �ƆǏźŮƸţ 

 

��ƺţƀžŮƉţ�ƻŮǎ�ŏ�ŤĽƱŧŤƉ�ŤǀƄƴƁ�ŤƽƴPerceptron����ͯƬ�ƄƵƭǀ�Ťǁơſ��ͯšŤǁŲƸţ�ƫǏǁƒŮƸţ�ͯƬ��ƾǆƄŮŨǏƉƄǏŧ
�ţƂǄ �ͯƬ ��ŪǏšŤǁŲƸţ �ūŤǀŤǏŨƸţ �ƫǏǁƒŭ �ͯƬ �ƷƽƢǎ �ƫǏƴ�ƷƖƬř �ƷͺƎŧ �ƻǅƭǀ �ƘǏƊŧ �ƶŤŲƼ �ƠƼǆ �ƘǏƊŧ

Ƹţ��ƾʭŽƀƼ�ŤǁǎƀƸ�ƾǆƄŮŨƉƄǏŨݔͳ����ǆݔଶ����ƾţƅǆʨţ�ͯƬ�ŤŧǆƄƖƼݓଵ����ǆݓଶ����Ť̔Ɩǎř�ŤǁǎƀƸǆ�ͯƸţǇŮƸţ �ͭƹơ
ƆǏźŭ��

 

��ŪǎƄšţſ �ƶŤͺƍŚŧ �ŪƹŲƽƼ �ūŤǀŤǏŨƸţ �ƿƼ �ƿǏŮƭƹŮžƼ �ƿǏŮơǇƽŶƽŧ �ͯƚǏƚžŭ �ƻƉƃ �ŖŤƎǀŞŧ �ŤʽƖǎř �ƻƱǁƸ
ŪƹǏƚŮƊƼǆ���

�ūŤŵƄžƽƸţ 

�ƆǏźŮƸţ 

�ƆǏźŮƸţ 
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�ƿͺƽǎ��ƷǏƚŮƊƽƸţǆ�ũƄšţƀƸţ�ƿǏŧ�ƆǏǏƽŭ�ƲŤǁǄ�ƾǇͺǎ�ŰǏźŧ�ūŤǀŤǏŨƸţ�ǂƂǄ�ƷƒƬ�ƾŤƴ�ŤǁƬƀǄ�ƾř�ƓƄŮƭǁƸ
ƸƾǆƄŮŨƉƄǏŨ����ƾřŭ��ŪŹŤƊƽƸţ�ƯƙŤǁƼ�ƃţƄư�ͯǄ�ſǆƀźƸţ�ƾǇƵŭ�ŰǏŹ�ŏͯšŤǁű�ƫǁƒƽƸ�ƃţƄư�ſǆƀŹ�ͰƎǁ

��Ťǁơſ�ŏƷƖƬř�ƷͺƎŧ�ţƂǄ�ƻǅƭƸ��ŪƭƹŮžƽƸţ�ūŤǀŤǏŨƸţ�ƗŤƱǀ�ƿǏŧ�Ʒƒƭǎ�ǌƂƸţ�ͯǀŤǏŨƸţ�ƻƉƄƸţ�ͭƹơƷƼŤƢŮǀ�
�ƠƼ��ŪƸţƀƸţ��ƶǇƱǀ�ƾř�Ťǁǁͺƽǎ��́ʭǏƹư��

ଵݓ �ൌ �ͲǤͷ 
ଶݓ �ൌ �ͲǤͷ 
ܾ� ൌ �Ͳ 

��ƾǇƵŮƉ�ŏ�ƳƸƂƸ�ŤĽƱƬǆŪƸţſ��perceptron��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

ͲǤͷݔଵ � �ͲǤͷݔଶ �ൌ �Ͳ 

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŤǅƚƚžƼ�ƾǇͺǏƉǆ��

�

��ƾř�ƓƄŮƬţŪƸţſ����ͯǄ�ŏŪƸŤźƸţ�ǂƂǄ�ͯƬ�ŏƘǏƎǁŮƸţŪƸţſ��ŪǎǇƚŽ���step function�������ŴŮǁŭ�ŪƚǏƊŧ�����ǆř����
��ƄǏƎŭŪƸţſ��perceptron����ƃţƀƱƽŧ�ƷǏƚŮƊƽƸţ�ƶŤͺƍř�ͭƸŝ�ƳƸƁ�ƀƢŧ�����ƃţƀƱƽŧ�ũƄšţƀƸţ �ƶŤͺƍřǆ����

ǈƄŽř�ūţƃŤŨƢŧ��



�YªÌ¼ ·Y�º¸ f·��¬Ì¼��ÈÌ^���È°^��LZÀ]�Öfu�cZÌ�Z�ÏY�¾»�È�]�·Y�È¤¸�½ÂjËZ^ 62  

 

൜ͳǡ ݂݅�ͲǤͷݔଵ  ͲǤͷݔଶ � Ͳ
Ͳǡ ݂݅�ͲǤͷݔଵ  ͲǤͷݔଶ ൏ Ͳ  

ŪƸţƀƸţ �ƾŞƬ �ŏ �ͯƸŤŮƸŤŧǆ��ͲǤͷݔଵ  �ͲǤͷݔଶ ൌ Ͳ��ɑ���ūʭǏƚŮƊƽƸţ �ƿǏŧ �Ʒƒƭǎ �ƃţƄư �ƀŹ �ͰƎǁŭ
ƄšţǆƀƸţǆ���

 
�ƫǁƒŭ�ͯŮƸţ�ƾţƅǆʨţ�ƿƼ�ŪơǇƽŶƼ�ͭƹơ�ƶǇƒźƸţ�ǇǄ�ŤǁƬƀǄ��ŤʽǏŨƊǀ�ŪƚǏƊŧ�ŪǏƹƽơ�ƾǆƄŮŨƉƄǏŧ�ƻƹƢŭ
��ŪǎƂƦŮŧ�ƺǇƱǀ�ŤƼ�ŤŨ̔ƸŤƥ�ŏ�ƾǆƄŮŨƉƄǏŧ�Ŧǎƃƀŭ�Ʒŵř�ƿƼ��Ťǁŧ�ŪƑŤžƸţ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ͯƬ�ŪƸŤŹ�Ʒƴ�Ūưƀŧ

ǈƄŭ�ũƄƼ�Ʒƴ�ͯƬ��ūţƄƼ�ũƀơ�Ťǁŧ�ŪƑŤžƸţ�ŦǎƃƀŮƸţ�ūŤǀŤǏŨŧ�ŪͺŨƎƸţ����ūŤǀŤǏŧ�ƿƼ�ŪƹƼŤƴ�ŪơǇƽŶƼ�ŪͺŨƎƸţ
��ƾŝ�ƶǇƱǀ�ŏ�ŦǎƃƀŮƸţũƃǆſ���epoch�����ͯǄ�ũƃǆƀƸţ��ūƄƼ�ƀưƷƼŤƢƼ��ŦǎƃƀŮƸţ�ƷŨư�ƺƀžŮƊƽƸţ�ŤǄſƀźǎ����
��ƐǏžƹŭ�ƿͺƽǎſǇͺƸţ�ǃǏŨƍ����ƻƹƢŭ�ŪǏƼƅƃţǇžƸPerceptron����ŪǏƼƅƃţǇžƸţ����Ƨƴ��ͯŭʬŤ��

��ƻŮǎƻƹƢŮƸţ����ƿǏŭǇƚžƸţ�ɥͯƱǏƱźƸţ��ť���ǆ���ų�ŏ�����ǃŶŮƼ�ƄǎƄƽŮŧ�ƺǇƱǀ�˟ʬǆřũƆǏƽƸţ݆ݔ����ƄŨơ�ŏŪͺŨƎƸţ�
�ƾţƅǆŚŧ�ͯƹŽţƀƸţ�ŴŮǁƽƸţ�ŴŭŤǀ�ͭƹơ�Ʒƒźǀݓ�ŴŭŤǁƸţ�ͭƹơ�Ʒƒźǀǆ�ŏ݆ݕ��ƀƢŧ��ŏƳƸƁ����ǂƂǄ�ƄǎƄƽŭ�ƻŮǎ

��ŪƽǏƱƸţŪƸţƀƹƸ��ǇƚžƸţŪǎ����ƠŵƄŁŭ�ͯŮƸţ�����ŬǀŤƴ�ţƁŝݔ  Ͳ����ʬŝǆ���ƾƅǇƸţ�ǃŶŮƼ�Űǎƀźŭ�ͭƸŝ�ųŤŮźǀ�ƾʦţ��
ŮƸţ�ͭƸŝ�ťƄưř�ǂŤŶŭţ�ɥƲƄźŮƹƸ�ŤǁǎƀƸ��ƯǎƄƙ�ƿơ�ŪǏƹƽƢƸţ�ǂƂǄ�ũƃţſŝ�ƻŮŭ��ūŤǀŤǏŨƹƸ�ŸǏźƒƸţ�ƫǏǁƒ

�ƾƅǇƸţ�ǃŶŮƼ�Űǎƀźŭ���ŤŮƸſ�ƾǇǀŤư�ŦŵǇƽŧɥ��ũǇƚžƸţ��ų����

��ƄǏŨƢŮƸţ�ſƀźǎ൫ ݀ െ ൯����ƫǏǁƒŮƸţ�ƾŤƴ�ţƁŝ��ʬ�ƺř�Ť̔źǏźƑ�ūŤŵƄžƽƸţ�ƫǏǁƒŭ�ƾŤƴ�ţƁŝ�ŤƼݕ
ŏŤʽźǏźƑ����ƪʭŽ��ĽţƄƭƑ�ƪʭŮŽʬţ�ţƂǄ�ƾǇͺǏƊƬŏƳƸƁ����ŤƽƼ�ŏŤŨ̔ƸŤƉ�ǆř�ŤŨ̔ŵǇƼ�ƪʭŮŽʬţ�ƾǇͺǏƉ

��ťƄƖǀ �ƻű ���ŸǏźƒƸţ �ƫǏǁƒŮƸţ �ƿƼ �ŪǎŤǅǁƸţ �ɥŤǁŧƄƱǎ �ŤƽƼ� �ƾţƅǆʨţ �ǃǏƬ �Ƅǅƞŭ �ŤʽǄŤŶŭţ �Ťǁźǁƽǎ
൫ ݀ െ  ǄƻƹƢŮƸţ�ƶƀƢƼ���learningͯ����ߙ����ŪƽǏư��ŸǏźƒƸţ�ƫǏǁƒŮƸţ�ƿƼ�ŤǁŧƄƱǎ�ŤƽƼ�ŏݔ��൯ɥݕ

rate���ɥƻͺźŮŭǆ�ŤǁǎƀƸƄŨƴ��ǆř�ƄƦƑ�ƻǅƽƸţ�ƿƼ��ũǇƚžƸţ�����ŸǏźƑ�ƷͺƎŧ�ŪƽǏƱƸţ�ǂƂǄ�ƿǏǏƢŭ�ţĽƀŵ
��ƧƸ�ũƄǏŨͺƸţ�ŪƽǏƱƸţ�ƾř�ƿƼ�ƻƥƄƸţ�ͭƹơߙ��ǂŤŶŭʬţ�ɥũǇƚŽ�ƁŤžŭŤŧ�ŤǁƸ�ŸƽƊŭŏŸǏźƒƸţ��ƶţƆǎ�ʬ�ǃǀř�ʬŝ

�ɥ�ͯƽƸŤƢƸţ�ǆř�ͯƹźƽƸţ�ƿǏƊźŮƸţ�ƶʭŽ�ƿƼ�ŪƸǇǅƊŧ�ŤǁǏƸŝ�ƶǇƑǇƸţ�ŤǁǀŤͺƼŞŧŏƷŧŤƱƽƸţ��ŪǏƽƴ�ŤǁƸ�ŸƽƊŭ
��ƿƼ�ũƄǏƦƑߙ��ŤŶŭʬţ�ɥũƄǏƦƑ�ūţǇƚŽ�ƁŤžŭŤŧ��ƷŲƼʨţ�ƀźƸţ �ƅǆŤŶŮǀ�ʬ�Ťǁǀř �ƿƽƖŭǆ�ŸǏźƒƸţ�ǂ

��ƠƼǆ��ͯƽƸŤƢƸţ �ǆř �ͯƹźƽƸţŏƳƸƁ����ťƃŤƱŮǎ �ͭŮŹ�́ʭǎǇƙ�ŤĽŮưǆ�ũƄǏƦƒƸţ �ūţǇƚžƸţ �ǂƂǄ�ƮƄƦŮƊŭ�ƀư
���ŤǁƽƹƢŭŏţ̔ƄǏŽř����ŬưǇƸţ�ɥƯŧŤƊƸţ�ƾƅǇƸţ�ǃŶŮƼ�ƫǏƖǀݐ����ŏݓሺݐሻ���Ǉźǀ�ƶŤƱŮǀʬţ�ŪǏƹƽơ�Ʒƽͺǎ�ǌƂƸţǆ�ŏ

��ţƂǄ�ūƀŵǆ�ţƁŝ��ŸǏźƒƸţ�ƫǏǁƒŮƸţƯǎƄƚƸţ��ƢŮƸţ��ƔƢŧ�ţʽƄǏźƼ�ͯƽǏƹŏŖͯƎƸţ��ƯƹƱŭ�ʭƬ���
��ƷͺƎŧ �ŦǎƃƀŮƸţ �ūŤǁǏơ �ƠǏƽŵ �ƫǏǁƒŭ �ƻŮǎ �ͭŮŹ �ƾǆƄŮŨǏƉƄǏŧ �ƻƹƢŭ �ŪǏƹƽơ �ƃţƄƽŮƉŤŧ �ŸƽƊˀǎ
��ƾŤƽƕ�ƻŮǎ��ūţƃǆƀƸţ�ƿƼ��ƺƀžŮƊƽƸţ�ƷŨư�ƿƼ�ſƀźƼ��ŤĽƱŨƊƼ�ſƀźƼ�ſƀơ�ͭƸŝ�ƶǇƑǇƸţ�ǆř�ŸǏźƑ

��ŬǀŤƴ�ţƁŝ�ŖŤǅǀʪţͭ��ߙǁƢƽŧ��ŤʽǏƚŽ�ƷƒƭƹƸ�ŪƹŧŤư�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŬǀŤƴǆ�ŪǏƬŤƴ�Ūŵƃƀŧ�ũƄǏƦƑ�ŏƄŽŗ�
ūŤƕţƄŮƬʬţ �ƠƼ����ƾţƅǆʨţ �ƠƼ �ťƃŤƱŮǎ �ƪǇƉ �ƾǆƄŮŨǏƉƄǏŧ �ɥƻƹƢŮƸţ �ƾř �ƃŤǅƝŝ �ƿͺƽǎ �ŏŪŨƉŤǁƽƸţ
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��ƾţƅǆʨţ�ƄǎƀƱŭ�ͭƸŝ�ǌſŜǏƉ�ŪͺŨƎƸţ�ƻƹƢŭ�ƾř�ǌř��ǃŧ�ŪƑŤžƸţ�ŪǏƼƅƃţǇžƸţ�ƃţƄƵŭ�ƶʭŽ�ƿƼ�ŪźǏźƒƸţ

ūŤŵƄžƽƸţ�ƀǁơ�ŪźǏźƒƸţ�ƻǏƱƸţ�ųŤŮǀŝ�ƿƼ�ŪͺŨƎƸţ�ƿͺƽŭ�ͯŮƸţ� 

�·YÈÌ»��YÂz��ϭ͘ϯ�ÂyYÈÌ»����º¸ e���½Á�f^Ì��Ì]�

1� ��ǃŶŮƼ�řƀŧţƾƅǇƸţݓ����ũƄǏƦƑ�ŪǏšţǇƎơ�ƻǏƱŧ� 
2� ��ťƃŤƱŮǎ�ͭŮŹƸţƾǆƄŮŨǏƉƄǏŨ�� 

ř����ŪƽƉ�ǃŶŮƼ �Ʒƴ�ͭƹơ�ŪƱƹŹ�ƷƽƢŧ �ƻưݔ����ŪǏƹƢƭƸţ �ŪŢƭƸţ �ŪǏƽƊŮŧ �ƻưǆ݀����ͯƬ
ŪơǇƽŶƼ��ŦǎƃƀŮƸţ� 

ť����ƂŽݔ��ųţƄŽʪţ�ŪƽǏư�ťŤƊŹǆ�ŪͺŨƎƸţ�ƄŨơ�ŤǄƄǎƄƽŮŧ�ƻưǆ� 
ݕ ൌ ݂൫ݓሺݐሻǤ  ൯ݔ

ų��ƾţƅǆʨţ�ŰǎƀźŮŧ�ƻưݓ���� 
�ݐሺݓ�ǣݓ  ͳሻ ൌ ሻݐሺݓ�  ൫ߙ ݀ �െ  ǡݔ൯ݕ

�ͯƬ�ƫǏƢƕ�ƃŤǏŮŽţ�ŤǁǎƀƸ�ǆř�ŤʽǏƚŽ�ƷƒƭƹƸ�ŪƹŧŤư�ƄǏƥ�ŤǁŭŤǀŤǏŧ�ŬǀŤƴ�ţƁŝ�ůƀźǎ�ţƁŤƼ�ŏǇǄ�ƶţŜƊƸţߙ��ŕ
�ſƀơ�ŖŤƖƱǀţ�ƀƢŧ�ƫưǇŮǀ�ũſŤơ��ʬ�ŏ�ŪƸŤźƸţ�ǂƂǄ�ͯƬ�ŕͭƽƊƼ�ƄǏƥ�Ʒŵř�ͭƸŝ�ŦǎƃƀŮƸţ�ƄƽŮƊǏƉ�ƷǄ

ţ�ūŤƭǏǁƒŮƸţ�ſƀơ�ƄǏƦŮǎ�ƻƸ�ţƁŝ�ǆř�ŏūţƄŮƭƸţ�ƿƼ�ƿǏƢƼ��ƄǏƎǎ�ŤƽƼ��ūţƄŮƭƸţ�ƿƼ�ƄǏŨƴ�ſƀơ�ͯƬ�ŪŢƙŤžƸ
�ŤʽǏƚŽ�ŤǅƹƒƬ�ƿͺƽǎ�ʬ�ūŤǀŤǏŨƸţ�ƾř�ͭƸŝ�� 

��ŪǏƼƅƃţǇŽ�ŤǁƉƃſ�ƾř�ƀƢŧ�ƾʦţPerceptron����Ƃƭǁǀ�Ťǁơſ�ŏƸţ��ͯƬ�ŪǏƼƅƃţǇžPython����ƯǏŨƚŮƸţ�ţƂǄ�
��ŪƭǏƝǇŧ�ƳƭǎƄƢŮƸ�ƘƱƬ�ǇǄperceptron���ţƁŝ�ƳƸƂƸ�ŏ�ūŤŨŮͺƽƸţ�ͯƬ�ũſǇŵǇƽƸţ�ŪǏƽǏƹƢŮƸţ�ŪǏƹƽƢƸţǆ

��ͯƬ �ƘƱƬ �Ƅƙʨţǆ �ūŤŨŮͺƽƸţ �ƺţƀžŮƉţ �ƻŮǎ �ǃǀʨ �ŏƯƹƱŭ �ʭƬ �ƳƸ �ŪŨƊǁƸŤŧ �ŖͯƎƸţ �ƔƢŧ �ŪŨƢƑ�ūƀŧ
��ŪŵŤŹ�ƲŤǁǄ�ƈǏƸǆ�ƷŨƱŮƊƽƸţŪŶƼƄŨƸ��˟ʬǆř�ͯƸŤŮƸţ�ƆƼƄƸţ�ƷŽſř���ƄƑŤǁƢƸţ�ǂƂǄ��

# import the necessary packages 
import numpy as np 
 
class Perceptron: 
  def __init__(self, N, alpha=0.1): 
    # initialize the weight matrix and store the learning rate 
    self.W = np.random.randn(N + 1) / np.sqrt(N) 
    self.alpha = alpha 

��ƄƚƊƸţ�ſƀźǎ�����ŪŢƬ�ͰƎǁˀƼPerceptron��ƷŨƱǎ�ǌƂƸţǆ�ŏƷƼŤƢƼ��ťǇƹƚƼ����ƻűƷƼŤƢƼ��ǌƃŤǏŮŽţ��

� N����ūŤǅŶŮƼ�ͯƬ�ũƀƽơʨţ�ſƀơũƆǏƼ��ƶŤŽſʪţ�� 
� alpha�����ŪǏƼƅƃţǇžƸ �ŤǁǎƀƸ �ƻƹƢŮƸţ �ƶƀƢƼPerceptron��ͭƹơ �ŪƽǏƱƸţ �ǂƂǄ �ƘŨƕţ ������

ŤʽǏƕţƄŮƬţ���
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��ƄƚƊƸţ�ͯƬ�����ƾƅǇƸţ�ŪƬǇƭƒƼ�ƿƼ�ūŤǁǏơ�ƂŽř�ƻŭ�ŏܹ�����ͯƉǆŤƥ��ͯƢǏŨƚƸţ�ƠǎƅǇŮƸţ�ƿƼ�ŪǏšţǇƎơ�ƻǏƱŧ
��ƘƉǇŮƽŧ��ƿǎŤŨŭǆ�ƄƭƑũƀŹǇƸţ��ūʭŽƀƼ�ͭƹơ�ƾƅǇƸţ�ŪƬǇƭƒƼ�ǌǇŮźŭ��N +1����ƿƼ�ƷͺƸ�ũƀŹţǆ�ŏ
��ūʭŽƀƼN�����ƆǏźŮƹƸ�ƀŹţǆ�ƶŤŽſŝ�ͭƸŝ�ŪƬŤƕʪŤŧ�ŏ�ũƆǏƽƸţ�ǃŶŮƼ�ͭƹơŪƽƊƱŧ�ƻư��W����ƃƂŶƸţ�ͭƹơ

ƟƄƉř�ťƃŤƱŭ�ͭƸŝ�ǌſŜŭ�ƾƅǇƸţ�ŪƬǇƭƒƼ�ƇŤǏƱƸ�ŪƢšŤƍ�ŪǏǁƱŭ�ͯǄǆ�ŏ�ūʭŽƀƽƸţ�ſƀƢƸ�ͯƢǏŧƄŮƸţ��
�ſƀźǀ�Ťǁơſ�ŏ�ƳƸƁ�ƀƢŧŪƸţƀƸţ��ǇƚžƸţǎŪ��

  def step(self, x): 
    return 1 if x > 0 else 0 

��ŦǎƃƀŮƸPerceptron��ſƀźǀ�ŏŪƸţſ����ͭƽƊŭfit�ŪŨŮͺƼǆ�ͯƸʦţ�ƻƹƢŮƸţ�ͯƬ�ŪƱŧŤƉ�ũƄŨŽ�ƳǎƀƸ�ŬǀŤƴ�ţƁŝ��
scikit-Learn����ǂƂǄ�ŪǏƽƊŭ�ƾř�ƻƹƢŭ�ŬǀŚƬ�ŏŪƸţƀƸţ��ƻǏƹƢŮƹƸ���ƠšŤƍ�ƄƼř�ƻƉʬţ�ţƂǅŧ��

  def fit(self, X, y, epochs=10): 
    X = np.c_[X, np.ones((X.shape[0]))] 
 

��ŪƱǎƄƙ �ŦƹƚŮŭfit��ƿǏƹƼŤƢƼ����ŪƽǏư ��ǌƃŤǏŮŽţ �ƷƼŤƢƽŧ �ŪơǇŨŮƼ �ŏƿŮǏƼţƆƸŝX����ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ͯǄ
��ƄǏƦŮƽƸţǆ�Ťǁŧ�ŪƑŤžƸţy����ŤǁǎƀƸ�ŏţ̔ƄǏŽř���ŤǁŮͺŨƍ�ǃŧ�ŚŨǁŮŭ�ƾř�ŦŶǎ�ŤƼ�ǌř��ūŤŵƄžƽƸţ�ŪŢƬ�ūŤǏƽƊŭ�ǇǄ

ƷƼŤƢƼ����ƺǇƱǏƉ�ͯŮƸţ�ūţƃǆƀƸţ�ſƀơ�ͯǄǆ�ŏ�ŪǏŨǎƃƀŮƸţ�ũƃǆƀƸţPerceptron��ŤǅƽǏƹƢŮŧ��ƄƚƊƸţ�ƯŨƚǎ��
ƆǏźŮƸţ�ſǇͺƸţ�ƿƼ�ƄǏŽʨţ����ŸƽƊǎ�ŤƽƼ�ŏ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ͯƬ�ūţƀŹǇƸţ�ƿƼ�ſǇƽơ�ƶŤŽſŝ�ƯǎƄƙ�ƿơ

�ŪǏƹƽơ�ƠŵţƄǀ�Ťǁơſ�ŏƾʦţ��ƾƅǇƸţ�ŪƬǇƭƒƼ�ƷŽţſ�ũƄƍŤŨƼ�ŦǎƃƀŮƹƸ�ƷŧŤư�ƷƼŤƢƽƴ�ƆǏźŮƸţ�ͭƸŝ�ƄƞǁƸŤŧ�ŤǁƸ
ŪǏƹƢƭƸţ�ŦǎƃƀŮƸţ���

    # loop over the desired number of epochs 
    for epoch in np.arange(0, epochs): 
      # loop over each individual data point 
      for (x, target) in zip(X, y): 
        # take the dot product between the input features 
        # and the weight matrix, then pass this value 
        # through the step function to obtain the prediction 
        p = self.step(np.dot(x, self.W)) 
        # only perform a weight update if our prediction 
        # does not match the target 
        if p != target: 
          # determine the error 
          error = p - target 
          # update the weight matrix 
          self.W += -self.alpha * error * x 
 
 

��ͯƬ�ŪƱƹźƹƸ�ųţƄŽʪţ�ŤʽƖǎř�ƺƀžŮƊǀ�ŏ�ũƄŮƬ�ƷͺƸ��ūţƄŮƭƸţ�ƿƼ�ſƀƢƸ�ŤǅƹƦƎǀǆ�ŪƱƹŹ�ƺƀžŮƊǀ�ŏ�˟ʬǆř
��ŪƹƒƭǁƼ�ūŤǀŤǏŧ�ŪƚƱǀ�Ʒƴݔ��ƐšŤƒŽ�ƿǏŧ�ͯƹŽţƀƸţ�ťƄƖƸţ�ťƄƕ�ƷƑŤŹ�ƂŽř�ƻŮǎ�ŏ�ƳƸƁ�ƀƢŧ��

��ƶŤŽſʪţݔ����ƾƅǇƸţ �ŪƬǇƭƒƼǆܹ����ƶʭŽ �ƿƼ �ųţƄŽʪţ �ƄǎƄƽŮƸŪǎǇƚžƸţ �ŪƸţƀƸţ����ŪƚƉţǇŧ �ŜŨǁŮƹƸǆ
ƾǆƄŮŨǏƉƄǏŧ�����ƄƼʨţ�ƾŤƴ�ţƁŝ��ƪƀǅƸţ�ƠƼ�ƯŧŤƚŮŭ�ʬ�ŤǁŭŤƢưǇŭ�ŬǀŤƴ�ţƁŝ�ƘƱƬ�ƾƅǇƸţ�ŰǎƀźŮŧ�ƺǇƱǁƉ

�ŪŨƸŤƉ�ǆř�ŪŨŵǇƼ��ŪƼʭƢƸţ�ťŤƊźŧ�ŚƚžƸţ�ſƀźǀ�ŏ�ƳƸƂƴ���
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�ƫǏǁƒŮƸţ�Ǉźǀ�ũǇƚŽ�ƂžŮǀ�ŰǏŹ�ŏſǇͺƸţ�ƿƼ�ƄǏŽʨţ�ƄƚƊƸţ�ͯƬ�ƾƅǇƸţ�ŪƬǇƭƒƼ�Űǎƀźŭ�ƻŮǎ

��ƿͺƽǎ �ŏ �ūţƃǆƀƸţ �ƿƼ �ſƀơ �ƶʭŽ ��ŸǏźƒƸţ��ƧƸPerceptron����ūŤǀŤǏŨƸţ �ͯƬ �ƗŤƽǀʨţ �ƻƹƢŮǎ �ƾř
�ŸǏźƑ�ƷͺƎŧ�ŤǁǎƀƸ�ƶŤŽſʪţ�ūŤǁǏơ�ƫǏǁƒŭ�ƿƼ�ƿͺƽŮǀ�ͭŮŹ�ƾƅǇƸţ�ŪƬǇƭƒƼ�ƻǏư�ƄǏƦǎǆ�ŪǏƉŤƉʨţ�

ŪƸţƀƸţ����ŜŨǁŮƸţ�ͯǄ�ŤǄƀǎƀźŭ�ͭƸŝ�ųŤŮźǀ�ͯŮƸţ�ũƄǏŽʨţpredict��ŤǅƼţƀžŮƉţ�ƻŮǎ�ŏƻƉʬţ�ͯŹǇǎ�Ťƽƴǆ�ŏ
ƶŤŽſʪţ�ūŤǀŤǏŧ�ūŤơǇƽŶƽƸ�ūŤŢƭƸţ�ūŤǏƽƊŮŧ�ŜŨǁŮƹƸ���

  def predict(self, X, addBias=True): 
    X = np.atleast_2d(X) 
    if addBias: 
      X = np.c_[X, np.ones((X.shape[0]))] 
    return self.step(np.dot(X, self.W)) 
 

��ŜŨǁŮƸţ�ŪƱǎƄƙ�ŦƹƚŮŭpredict����ƶŤŽſʪţ�ūŤǀŤǏŧ�ƿƼ�ŪơǇƽŶƼ�Ťǁŧ�ŪƑŤžƸţX�����ŤǅƭǏǁƒŭ�ŦŶǎ�ͯŮƸţ
ƆǏźŮƸţ�ſǇƽơ�ŪƬŤƕŝ�ŦŶǎ�ƾŤƴ�ţƁŝ�ŤƼ�ŪƬƄƢƽƸ�ſǇͺƸţ�ͭƹơ�ƐźƬ�ŖţƄŵŝ�ŤʽƖǎř�ƻŮǎ���

��ƂǏƭǁŭ�ƻŭ�ƾř�ƀƢŧ�ƾʦţPerceptron����ͭƹơ�ǃƱǏŨƚŭ�ƶǆŤźǀ�Ťǁơſ�ŏŤǁŧ�ƏŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ
ŪǏŮŨƸţ���AND����ǆOR����ǆXORƷƽƢǎ�ƫǏƴ�ǈƄǀǆ����

ŤǄƄŨŮžǀ����ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ͯƬ�˟ʬǆřORͯƸŤŮƸţ�ƆƼƄƸţ�ƷŽſř�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ�����

# construct the OR dataset 
X = np.array([[0, 0], [0, 1], [1, 0], [1, 1]]) 
y = np.array([[0], [1], [1], [1]]) 
# define our perceptron and train it 
print("[INFO] training perceptron...") 
p = Perceptron(X.shape[1], alpha=0.1) 
p.fit(X, y, epochs=20) 
 

��ƾţƄƚƊƸţ�ſƀźǎ�����ǆ�����ūŤǀŤǏŨƸţ�ŪơǇƽŶƼOR��ƺǇƱǎ���ƾţƄƚƊƸţ�������ǆ�����ƻƹƢŭ�ƶƀƢƽŧ�ŤǁŨǎƃƀŮŧâ 
�ߙ ൌ ͲǤͳ����ͯƬ����ŪǏŨǎƃƀŭ�ũƃǆſ���

��Ŧǎƃƀŭ�ƀƢŧPerceptron���ƻƹƢŭ�ƀư�ǃǀř�ƿƼ�ƀƴŚŮƹƸ�ūŤǀŤǏŨƸţ�ͭƹơ�ǃƽǏǏƱŭ�ͭƸŝ�ųŤŮźǀ�ŏŤǁŧ�ƏŤžƸţ
��ƷƢƭƸŤŧŪƸţſ��OR��

# now that our perceptron is trained we can evaluate it 
print("[INFO] testing perceptron...") 
# now that our network is trained, loop over the data points 
for (x, target) in zip(X, y): 
  # make a prediction on the data point and display the result 
  pred = p.predict(x) 
  print("[INFO] data={}, ground-truth={}, pred={}".format( 
    x, target[0], pred)) 
 

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ͯšŤǅǁƸţ�ſǇͺƸţ���

import numpy as np 
class Perceptron: 
  def __init__(self, N, alpha=0.1): 
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    self.W = np.random.randn(N + 1) / np.sqrt(N) 
    self.alpha = alpha 
 
  def step(self, x): 
    return 1 if x > 0 else 0 
 
  def fit(self, X, y, epochs=10): 
    X = np.c_[X, np.ones((X.shape[0]))] 
    for epoch in np.arange(0, epochs): 
      for (x, target) in zip(X, y): 
        p = self.step(np.dot(x, self.W)) 
        if p != target: 
          error = p - target 
          self.W += -self.alpha * error * x 
  def predict(self, X, addBias=True): 
    X = np.atleast_2d(X) 
    if addBias: 
      X = np.c_[X, np.ones((X.shape[0]))] 
    return self.step(np.dot(X, self.W)) 
 
X = np.array([[0, 0], [0, 1], [1, 0], [1, 1]]) 
y = np.array([[0], [1], [1], [1]]) 
# define our perceptron and train it 
print("[INFO] training perceptron...") 
p = Perceptron(X.shape[1], alpha=0.1) 
p.fit(X, y, epochs=20) 
 
print("[INFO] testing perceptron...") 
 
for (x, target) in zip(X, y): 
  pred = p.predict(x) 
  print("[INFO] data={}, ground-truth={}, pred={}".format( 
    x, target[0], pred)) 
 
 

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ūŤŵƄžƽƸţ�ƓƄơ�ƻŮǎ�ǂʭơř�ſǇͺƸţ�ƂǏƭǁŭ�ƀƢŧ���

[INFO] training perceptron... 
[INFO] testing perceptron... 
[INFO] data=[0 0], ground-truth=0, pred=0 
[INFO] data=[0 1], ground-truth=1, pred=1 
[INFO] data=[1 0], ground-truth=1, pred=1 
[INFO] data=[1 1], ground-truth=1, pred=1 
 

��ƾŤƴ�ŏ�ŸƖŮǎ�ŤƽƴPerceptron����ŪǏƹƽơ�ƻƹƢŭ�ͭƹơ�ţʽƃſŤư�ŤǁǎƀƸOR��ƷǏƦƎŮƸţ�ƷƼŤơ��OR����ƧƸݔ ൌ
�Ͳ���ǆݔଵ ൌ �Ͳ��ŪǅŧŤƎŮƼ�ǈƄŽʨţ�ūŤŨƴƄƽƸţ�ƠǏƽŵǆ�ŏ�ƄƭƑ�ǇǄ���

��ͭƸŝ�ƷƱŮǁǀ�Ťǁơſ�ƾʦţŪƸţſ��AND��ͯƸŤŮƸţ�ſǇͺƸţ�ƷŽſř�ŏ��

X = np.array([[0, 0], [0, 1], [1, 0], [1, 1]]) 
y = np.array([[0], [0], [0], [1]]) 
# define our perceptron and train it 
print("[INFO] training perceptron...") 
p = Perceptron(X.shape[1], alpha=0.1) 
p.fit(X, y, epochs=20) 
# now that our perceptron is trained we can evaluate it 
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print("[INFO] testing perceptron...") 
# now that our network is trained, loop over the data points 
for (x, target) in zip(X, y): 
  # make a prediction on the data point and display the result 
  # to our console 
  pred = p.predict(x) 
  print("[INFO] data={}, ground-truth={}, pred={}".format( 
    x, target[0], pred)) 
 

��ūŤƽǏƹƢŮƸţ�ƃǇƚƉ�ƾř�ƜŹʬ��ƿǎƄƚƊƸţ�ͯǄ�ŤǁǄ�ŤǄƄǏǏƦŭ�ƻŭ�ͯŮƸţ�ũƀǏŹǇƸţ�ŪǏŶƼƄŨƸţ�����ǆ�����ŰǏŹ�ŏ
ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ŤǀſƀŹ AND ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƿƼ�˟ʬƀŧ�� OR���

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ųţƄŽʪţ�ƓƄơ�ƻŮǎ�ŏ�ƯŧŤƊƸţ�ſǇͺƸţ�ƂǏƭǁŭ�ƀƢŧ��

[INFO] training perceptron... 
[INFO] testing perceptron... 
[INFO] data=[0 0], ground-truth=0, pred=0 
[INFO] data=[0 1], ground-truth=0, pred=0 
[INFO] data=[1 0], ground-truth=0, pred=0 
[INFO] data=[1 1], ground-truth=1, pred=1 
 

��ƾŤƴ�ǈƄŽř�ũƄƼ�ǃǀř�ƜŹǇƸ�ƀưǆPerceptron����ŪŵƂƽǀ�ͭƹơ�ţʽƃſŤư�ŤǁǎƀƸŪƸţſ��AND�����ŸǏźƑ�ƷͺƎŧ
��ƷǏƦƎŮƸţ�ƷƼŤơ�ƾǇͺǎAND����ƿƼ�Ʒƴ�ƾǇͺǎ�ŤƼƀǁơ�ƘƱƬ�ŤʽźƸŤƑݔ ൌ �ͳ����ǆݔଵ ൌ �ͳ����ţ̔ƄƭƑ�ƾǇͺǎǆ

��ūŤŨǏƴƄŭ�ƠǏƽŶƸAND��ǈƄŽʨţ���
��ŪƭǏƝǆ�ͭƹơ�ũƄƞǀ�ͯƱƹǀ�Ťǁơſ�ŏ�ţʽƄǏŽřXOR����ƺţƀžŮƉŤŧ�ŪǏƚžƸţ�ƄǏƥperceptron��ƷŽſř���ſǇͺƸţ�

ƷƭƉʨţ�ͯƬ���

X = np.array([[0, 0], [0, 1], [1, 0], [1, 1]]) 
y = np.array([[0], [1], [1], [0]]) 
# define our perceptron and train it 
print("[INFO] training perceptron...") 
p = Perceptron(X.shape[1], alpha=0.1) 
p.fit(X, y, epochs=20) 
# now that our perceptron is trained we can evaluate it 
print("[INFO] testing perceptron...") 
# now that our network is trained, loop over the data points 
for (x, target) in zip(X, y): 
  # make a prediction on the data point and display the result 
  pred = p.predict(x) 
  print("[INFO] data={}, ground-truth={}, pred={}".format( 
    x, target[0], pred)) 
 

ųţƄŽʪţ�ͭƹơ�ƶǇƒźƸţ�ƻŭ�ŏǂʭơř�ſǇͺƸţ�ƂǏƭǁŭ�ƶʭŽ�ƿƼ��

[INFO] training perceptron... 
[INFO] testing perceptron... 
[INFO] data=[0 0], ground-truth=0, pred=1 
[INFO] data=[0 1], ground-truth=1, pred=1 
[INFO] data=[1 0], ground-truth=1, pred=0 
[INFO] data=[1 1], ground-truth=0, pred=0 
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ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ũƄƽƸţ�ǂƂǄ�ųţƄŽʪţ�ƾŤƴ��ǈƄŽř�ũƄƼ�ǂʭơř�ſǇͺƸţ�ƷǏƦƎŮŧ�ƻƱǁƸ���

[INFO] training perceptron... 
[INFO] testing perceptron... 
[INFO] data=[0 0], ground-truth=0, pred=0 
[INFO] data=[0 1], ground-truth=1, pred=0 
[INFO] data=[1 0], ground-truth=1, pred=0 
[INFO] data=[1 1], ground-truth=0, pred=1 
 

��ŏ�ŪƭƹŮžƼ�ŪŢǏǅŭ�ƮƄƙ�ǆř�ŪƭƹŮžƼ�ƻƹƢŭ�ūʬƀƢƽŧ�ŪŧƄŶŮƸţ�ǂƂǄ�ŤǅǏƬ�ǌƄŶŭ�ͯŮƸţ�ūţƄƽƸţ�ſƀơ�ƻǅǎ�ʬ
��ŪŵƂƽǀ�ţĽƀŧř�Ƴǁͺƽǎ�ʬ�ŰǏŹŪƸţſ XOR ��ƺţƀžŮƉŤŧPerceptron��ŪƱŨƚƸţ�ǌſŤŹř.�

��ūţƁ�ūŤƱŨƚƸţ�ƿƼ�ƀǎƆƽƸţ�ǇǄ�ǃŵŤŮźǀ�ŤƼ�ŏƳƸƁ�ƿƼ�˟ʬƀŧƶţǆſ��ŪǏƚžƸţ�ƄǏƥ�ƘǏƎǁŮƸţ���

Perceptron���¾°¼Ë�Ó�Êf·Y�cZ¿ZÌ^·Y�¶�§�Y0|]O�ÄÀ°¼Ë�ÓÁ�Ê�y�¦À�»�{�n»�ÂÅ
��Z0Ì�y�ZÆ¸�§,Z0�ËO���¦ÌÀ�f·Y�¶¯Z�¼·��¬§�ÈÌ»��YÂz·Y�Ã~Å�¹|zf�4eÈÌWZÀj·Y�� 

 
�ǇǄ�ŤƽƴŏƃǇƴƂƼ���ƾŞƬƀǏǏƱŮƸţ���ƫǏǁƒŭ�ͭƹơ�ũƃƀƱƸţ�ƺƀơ�ǇǄ�ƾǆƄŮŨǏƉƄǏŧ�ŪǏŨƒƢƸţ�ūŤͺŨƎƹƸ�ͯƊǏšƄƸţ

��ɥŪǏƭžƼ�ŪƱŨƙ�ƺţƀžŮƉţ�ƀƢǎ��ŤʽǏƚŽ�ŤǅƹƒƬ�ƿͺƽǎ�ʬ�ͯŮƸţ�ūŤǀŤǏŨƸţŪǏƹͺǏǄ���ťǆƄǄ�ŪŧŤŲƽŧ�ŪͺŨƎƸţ
��ţƂǄ �ƿƼƀǏǏƱŮƸţ��ͭǁƢƽŧ ���ŏƄŽŗ����ţƂǄ �ƷźƸƀǏǏƱŮƸţ�ūŤƱŨƙ �ƿǏŧ �ŪǏƭžƽƸţ �ŪƱŨƚƸţ �ƺţƀžŮƉţ �ƿͺƽǎ �ŏ

��ǂƂǄ�ͭƹơ �ŪƹŲƼʨţ �ƿƼǆ ��ųţƄŽʪţǆ �ƶŤŽſʪţŏūŤͺŨƎƸţ����ƻƹƢŮƸţ �ƇŤƉř �ŤʽƖǎř �ƄŨŮƢŭ �ͯŮƸţǆ�ŏƯǏƽƢƸţ�
��ſƀƢŮƼ�ƾǆƄŮŨǏƉƄǏŧ�ūŤͺŨƍūŤƱŨƚƸţ���MultilLayer Perceptron���ǆř�ŏƃŤƒŮŽŤŧ�� MLP���ŏ��

ŪǏƼŤƼř�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�Ť̔Ɩǎř�ͭƽƊŭ�ͯŮƸţǆ��ŪǎƂƦŮƸţ���Feedforward Neural Network����
�ŪơǇƽŶƼ�ƠƼ�ŤǅƱƬţǇŮƸ�ţʽƄƞǀ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥŤʽƼţƀžŮƉţ�ūŤͺŨƎƸţ�ƄŲƴř�ƿƼ�ũƀŹţǆ�ūŤͺŨƎƸţ�ǂƂǄ�ƀƢŭ

ǇǎƀǏƬ�ǆř�Ɛǀ�ǆř�ũƃǇƑ�ūŤǀŤǏŨƸţ�ŬǀŤƴ�ŖţǇƉ�ǃƸŤŽſʪ�ƀŹ�ƀŵǇǎ�ʬ�ǃǀʨ��ūʭͺƎƽƸţ�ƿƼ�ŪơǇǁŮƼ��

�
�Ƹţ��ƷͺƎ��Ĺ�����ƿǏŮǏƭžƼ�ƿǏŮƱŨƙ�ūţƁ�ŪǏŨƒơ�ŪͺŨƍ�

�ūŤŵƄžƽƸţ 

�ŪƱŨƚƸţ����ŪǏƭžƽƸţ�ŪǏǀŤŲƸţ  

ū
ʭŽ

ƀƽ
Ƹţ 

�ŪƱŨƚƸţ����ŪǏƭžƽƸţ�ͭ Ƹǆʬţ  
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��ͯƬMLPŏ���ƿƼ�ƟǇǁƸţ�ţƂǄ�ɥ�ųţƄŽʪţ�ͭƸŝ�ƶŤŽſʪţ�ŪƱŨƙ�ƿƼ�ͯƼŤƼʨţ�ǂŤŶŭʬţ�ɥūŤǀŤǏŨƸţ�ƯƬƀŮŭ

ŏūŤͺŨƎƸţ����ͭƸŝ�ŪƱŨƙ�ƿƼ�ƶŤƱŮǀʬŤŧŏǈƄŽř����ƟǇƽŶƼ�ťŤƊŹ�ƻŮǎ�ƾţƅǆʬţ���ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ŪơǇƽŶƽƸ
��ƯǏŨƚŭ�ƯǎƄƙ�ƿơ�ǈƄŽř�ŪƱŨƙ�ͭƸŝ�ŤǅƹƱǀǆ�ŪƱŧŤƊƸţ�ŪƱŨƚƸţ�ͯƬŪƸţſ���ŪǏƽƊŭ�ŦŨƉ��ŪǏƚŽ�ƄǏƥ�ƘǏƎǁŭ

��ŪǎƂƦŮƸţ�ŪǏƼŤƼʬţ���Feed forward�����ƃŤŨŮơţ�ǃƸʭŽ�ƿƼ�ƻŮǎ�ũƀŭƄƼ�ŪǎƂƦŭ�ƶŤƒŭţ�ſǇŵǆ�ƺƀơ�ǇǄ
Žſʪţ�ƿƼ�ƘƱƬ�ƷƱŮǁŭ�ƻǏƱƸţ��ųƁǇƽǁƹƸ�ūʭŽƀƽƴ�ǈƄŽř�ũƄƼ�ųƁǇƽǁƸţ�ūŤŵƄžƼ��ūŤƱŨƚƸţ�ͭƸŝ�ƶŤ

��ͭƸŝ�ƻű�ŪǏƭžƽƸţŏųţƄŽʪţ����ūŤƱŨƚƸţ�ͭƸŝ�ŤǅơŤŵƃŝ�ƻŮǎ�ƻǏư�ƀŵǇŭ�ʬǆŏŪƱŧŤƊƸţ����ƿƼ�ƔǏƱǁƸţ�ͭƹơǆ
ŏƳƸƁ����ͭǁƢƽŧ���ǈƄŽř�ũƄƼ�ƻǏƱƸţ�ƟŤŵƃŞŧ�ũſǇƢƸţ�ŪͺŨƍ�ŸƽƊŭŏƄŽŗɥ���Ƹţ��ŪͺŨƎŪǏŨƒƢƸţ��ŪǏƼŤƼř��ŏŪǎƂƦŮƸţ��

��ŤʽƖǎř�ͯǄ�ŪͺŨƎƸţ�ǂƂǄ��ūŤƱŨƚƸţ�ƿƼ�ŪƹƊƹƉ�ƄŨơ�ƺŤƼʨţ�ͭƸŝ�Ťƽ̔šţſ�ŪͺŨƎƸţ�ɥƘǏƎǁŮƸţ�ūŤǏƹƽơ�ƯƬƀŮŭ
��ŪͺŨƍ��ŪƹƒŮƼ�ƷƼŤͺƸŤŧ���Fully Connected�ŏ����ŪƚŧţƄŮƼ�ŪͺŨƎƹƸ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƿƼ�ŪǏƹŽ�Ʒƴ�ƾʨ

ŤŵƄžƼ�ƘǏƎǁŭ�ƷƱǁŭǆ�ŪƱŧŤƊƸţ�ŪƱŨƚƸţ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƠǏƽŵ�ƿƼ�ūʭŽƀƼ�ƷŨƱŮƊŭ�ŪƱǎƄƚŧ��Ťǅŭ
��ƷͺƎƸţ�ŸƕǇǎ��ŪǏƸŤŮƸţ�ŪƱŨƚƸţ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƠǏƽŵ�ͭƸŝ�Ĺ����ƿǏŮƱŨƙ�ƠƼ�ŪǏŨƒơ�ŪͺŨƎƸ�ŤĽƚƚžƼ

ƿǏŮǏƭžƼ���
��ūʭŽƀƽƸţ�ƿƼ�ŪơǇƽŶƼ�ŪŶƸŤƢƽŧ�ŪͺŨƎƸţ�ƺǇƱŭ�ŤƼƀǁơŏŪǏŵƃŤžƸţ���ͭƸŝ�ūʭŽƀƽƸţ�ƻǏƹƊŭ�ƻŮǎ

��ŪǏƸŤŮƸţ�ŪƱŨƚƸţ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƷƢŶǎ�ţƂǄ��ƶŤŽſʪţ�ŪƱŨƙ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƶʭŽ�ƿƼ�ŪͺŨƎƸţ
�ͭƸŝ�ƷƒŮƸ�ŪͺŨƎƸţ�ƄŨơ�ūŤƚǏƎǁŮƸţ�ǂƂǄ�ƯƬƀŮŭǆ��ūʭŽƀƽƸţ�ǂƂǅƸ�ŪŧŤŶŮƉţ�ƘǏƎǁŭ�ūţƃŤƍŝ�ŴŮǁŭ

ŧŤŶŮƉţ�ǇǄ�ŪƱŨƚƸţ�ǂƂǄ�ɥŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƘǏƎǁŭ��ųţƄŽʪţ�ŪƱŨƙ��ūŤŵƄžƽƸţǆ�ūʭŽƀƽƹƸ�ŪͺŨƎƸţ�Ū
��ͭƽƊŭ�ųţƄŽʪţ�ŪƱŨƙ�ʬǆ�ƶŤŽſʪţ�ŪƱŨƙ�ŬƊǏƸ�ͯŮƸţ�ŪͺŨƎƹƸ�ŪǏƹŽţƀƸţ�ūŤƱŨƚƸţ��ŪǏšŤǅǁƸţ��ūŤƱŨƚƸţ

�ŪǏƭžƽƸţ���
��Ưƽơ�ŏ�ƳƸƂƸ��ŪŶŭŤǁƸţ �ŪƱŨƚƸţ �ͭƸŝ �ŪƬŤƕʪŤŧ �ŪǏƭžƽƸţ �ūŤƱŨƚƸţ �ſƀơ�ǌǆŤƊǎ�ŪǏŨƒƢƸţ �ŪͺŨƎƸţ

��ƷͺƎƸţ�ͯƬ�ŪͺŨƎƸţ�ƾǇƵŮŭ�Ĺ���ŤƱŨƚƸţ�ſƀơ��ūŤƱŨƙ�ůʭű�ƿƼ��ŪͺŨƎƸţ�Ưƽơ�ͯƬ�ƄƞǁƹƸ�ŪŧǇƹƚƽƸţ�ū
��ŤǎʭžƸţ�ƿƼ�ūŤƱŨƙ�ůʭű�ͭƹơ�ǌǇŮźŭ�ͯŮƸţ�ŪͺŨƎƸţ�ƾř�ŬŨű�ƀƱƬ�ŏƳƸƁ�ƠƼǆ��ŷǇŮƭƼ�ƶţŜƉ�ǇǄ

��ǌř�ŦǎƄƱŭ�Ťǅǁͺƽǎ��ũƀŹţǆ�ųţƄŽŝ�ŪƱŨƙǆ�ƾŤŮǏƭžƼ�ƾŤŮƱŨƙ�ǌř��ŪǏŨƒƢƸţ�ŪƸţſ����ŪŧǇƹƚƽƸţ�ŪưƀƸţ�ͭƸŝ
ʬ�ŪŧǇƹƚƽƸţ�ŪǏƭžƽƸţ�ūŤƱŨƚƸţ�ſƀƢƸ�ͭǀſʨţ�ƀźƸţ�ŤǁǄ�ſƀźǀ�ŏ�ƳƸƂƸ��ŪͺŨƎƸţ�ƃŤŨŮơŪƱǏƽơ����ƿǏŮƱŨƙ

��ƷͺƎƸţ�ͯƬ�ŪͺŨƎƸţ�ƫƑǆ�ƻŮǎ�ŏƫǎƄƢŮƸţ�ţƂǄ�ŦŵǇƽŧ�Ĺ�����ŏ�ƳƸƁ�ƠƼǆ��ŪƱǏƽơ�ŪͺŨƍ�Ťǅǀř�ͭƹơ
��ūŤͺŨƎƸţ�ƔƢŧ�ǌǇŮźŭ�ŏ�ƺǇǏƸţ��ƿǏŮǏƭžƼ�ƿǏŮƱŨƙ�ƿƼ�ƄŲƴř�ͭƹơ�ŪƱǏƽƢƸţ�ūŤͺŨƎƸţ�ƻƞƢƼ�ǌǇŮźŭ

ūŤƱŨƚƸţ�ūŤŢƼ�ͭŮŹ�ǆř�ūţƄƎơ�ͭƹơ�ŪƱǏƽƢƸţ��

�ÈÌ^���È°^��¶¯�½Â°fe�f·Y�ÈÌ»Z»YÈË~¤���cZ¬^�·Y�¾»�[Â¸�¼·Y�{| ·YÁ�cÔy|¼·Y�¾»
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��Ê§�ÈÌ^� ·Y�ZËÔz·Y�\Ë�|e�ºfËMLP����º¸ e�ÈÌ»��YÂy�¹Y|zf�Z]���Z�f¿ÓY�Ê¨¸z·Y����¶¼ e

MLPs����È]Zj¼]cZ]�¬»��Ì¼·Z��È���universal approximators���ÖÀ ¼] ��,�yM����ºÆÀ°¼Ë
Z0Ì�y�ZÆ¸�§�¾°¼Ë�Ó�Êf·Y�cÔ°�¼·Y�¶u�ºÆÀ°¼ËÁ�Ç�¼f�»�È·Y{�ÉO�\Ë�¬e�� 

�

ÈÌ^� ·Y �cZ°^�·Y �½O �d^i �|¬·��ÈË~¤f·Y �ÈÌ»Z»Y����¾°¼Ë ��¬§ �Ç|uYÁ �ÈÌ¨z» �È¬^�]
�ÉO�\Ë�¬f·�ZÆ»Y|zf�YÈ·Y{�Ç�¼f�»�� 

 
��ƻǏư�ƿƼ�ŪơǇƽŶƼ�ͭƹơ�ƃǇŲƢƸţ�ǇǄ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ƻƹƢŭ�ŪǏƹƽơ�ƿƼ�ƪƀǅƸţƾţƅǆʬţ����ŴŭŤǀ�ƷƢŶŭ�ͯŮƸţ

��ŪǏŨƒƢƸţ�ŪͺŨƎƸţŤƱŧŤƚƼ����ɥūʭͺƎƽƸţ�ƿƼ�ƀǎƀƢƸţ�ƲŤǁǄ��ŪǏƹƢƭƸţ�ŪƬƀǅŮƊƽƸţ�ƻǏƱƸţ�ƠƼ�ƾŤͺƼʪţ�ƃƀư
��ŪͺŨƍ�Ŧǎƃƀŭǆ�ƻǏƽƒŭPerceptron�ūŤƱŨƚƸţ�ſƀƢŮƼ: 

� �ƀɓƀźŭ����ŪǏƭžƽƸţ�ūŤƱŨƚƸţ�ſƀơ�ŤǅƼţƀžŮƉţ�ťǇƹƚƽƸţ���ŪͺŨƎƸţ�ͯƬ.�
� ��ƃţƄư�ŪǏƭžƼ�ŪƱŨƙ�Ʒƴ�ͯƬ�ũſƀƢŮƼ�ŪǏŨƒơ�ŤǎʭŽ�ƺţƀžŮƉţ.������ͯƬ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ſƀơ�ƀƢǎ

�ƻŮǎ �ƻƸ �ţƁŝ ��ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ƻǏƽƒŭ�ͯƬ �ūţƃţƄƱƸţ �ƻǄř �ƀŹř �ŪǏƭžƽƸţ ��ūŤƱŨƚƸţ� �ŪƱŨƚƸţ
�ūŤǀŤǏŨƸţ�ŪŵƂƽǀ�ͭƹơ�ũƃſŤư�ŪͺŨƎƸţ�ƾǇƵŭ�ƿƹƬ�ŏŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƿƼ�ĿƪŤƴ�ſƀơ�ƺţƀžŮƉţ

��ƾǇͺǏƉǆ �ũƀƱƢƽƸţƯŧŤƚŮƸţ��žƸţ �ƿƼ �ţĽƀŵ �ƄǏŨƴ�ſƀơ �ƺţƀžŮƉţ �ƻŭ �ţƁŝ ��ŤĽƭǏƢƕ �ŴŭŤǁƸţ��Ťǎʭ
��ͭƸŝ�ŪͺŨƎƸţ�ǌſŜŭ�ƀư�ŏ�ƳƸƁ�ƿƼ�řǇƉʨţǆ�ŏ�ţĽƀŵ�ʛĽʢǎǇƙ�ŦǎƃƀŮƸţ�Ŭưǆ�ƾǇͺǎ�ƀƱƬ�ŏŪǏŨƒƢƸţ

ƀšţƆƸţ�ƘŨƖƸţ��ůǆƀŹ�ƀǁơ����ƀšţƆƸţ�ƘŨƖƸţ(Overfitting)���ųƁǇƽǀ�Ơƕǆ�ͯƬ�ŪͺŨƎƸţ�řƀŨŭ�ŏ
ūŤǄǇƎŮƹƸ����ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƠƼ�ţĽƀǏŵ�ƺŖʭŮǎ�ųƁǇƽǁƸţ�ƾř�ͯǄ�ŪŶǏŮǁƸţǆ��ūŤǀŤǏŨƸţ�ɥŪǏšţǇƎƢƸţ
��ǃǁͺƸǆ�ŏ��ƯƱźŮƸţ�ƺţƀžŮƉţ�ŦŶǎ��ŪǏšƄƽƸţ�ƄǏƥǆ�ũƀǎƀŶƸţ�ūŤǀŤǏŨƸţ�ͭƹơ�ƫǏƢƕ�ƷͺƎŧ�ƻƽƢǎ

ţƂǄ�ƃŤŨŮŽʬ�ŪźƒƸţ�ƿƼ��
� ��ŦǁŶŮǎ�ƷŲƼř�ͯƽƸŤơ�ƷŹ�ͭƹơ�ƃǇŲƢƸţ�ŤǏǀƀƸţ�ſǆƀźƸţ�����ŪǏƹźƽƸţ��ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ǌǇŮźŭ�ƀư

��ŬǀŤƴ�ţƁŝ��ƷŲƼʨţ�ƷźƸţ�ųŤŮǀʪ�ŤǅƽǏư�ſŤŶǎŝ�ŦŶǎ�ͯŮƸţǆ�ŏ�ƾţƅǆʨţ�ūŤŢƼ�ͭƹơ�ŪǏŵƁǇƽǁƸţ
�ͭƹơ �ƃǇŲƢƸţ �ƾŞƬ �ŏ ��ͯƚžƸţ �ƃţƀźǀʬţ �ƷŲƼ� �ŪǏƚŽ �ųƁŤƽǀ �ƿơ �ũƃŤŨơ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ
��ūʭŽƀƽƹƸ�ŪƸţƀƴ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŴŭŤǀ�ƿͺƸ��ŦƢƒƸţ�ƄƼʨŤŧ�ƈǏƸ�ͭƹŲƽƸţ�ƾţƅǆʨţ�ŪơǇƽŶƼ
��ŪƸţƀƴ�ŚƚžƸţ�ƻƉƄŧ�Ŭƽư�ţƁŝ��ƿǏƊźŮƸţ�ŪǏƹƽơ�ƀƱƢǎ�ţƂǄ��ŪǎŤƦƹƸ�ͯƚŽ�ƄǏƥ�ƾǇͺǎ�ŤƼ�ŤŨ̔ƸŤƥ

ř�ƷƽŮźƽƸţ�ƿƽƬ�ŏ�ƾţƅǆʩƸ��ŪǏƹźƽƸţ�ŤǏǀƀƸţ�ſǆƀźƸţ�ƿƼ�ƀǎƀƢƸţ�ǃŧ�ĿǇŮƊƼ�ƄǏƥ�ŤʽźƚƉ�ǈƄŭ�ƾ
ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�� 

 
�ͯ ƱƬʨţ�ƃǇźƽƸţ�ͭƹơ��ƀŹţǆ�ƾƅǆ�ŪƽǏư�ƘƱƬ�ƓƄƢŭ�Ťǅǀʨ�ŪǎŤƦƹƸ�ŪƚǏƊŧ�ũƃǇƒƸţ�ǂƂǄ�����



 71 ·Y�¶�¨h·Zj·Y���ÈË~¤f·Y�ÈÌ»Z»Y�ÈÌ^� ·Y�cZ°^�·Y�

 
� �ŪƸǇƱƢƼ�ŪǏǁƼƅ�ũƄŮƬ�ͯƬ�ƷŲƼʨţ�ƷźƸţ�ͭƸŝ�ťƃŤƱŮƸţ.�
� ��ƃŤŨŮŽʬ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŪźƑ�ƿƼ�ƯƱźŮƸţ�ƀšţƆƸţ�ƘŨƖƸţ���

ŪƸţſ��ƘǏƎǁŮƸţ����ƿƼ�ƓƄƦƸţ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥţĽƀŵ�ŪƽǅƼƶţǆſ����ƿƼ�ƻưƃ�ͭƹơ�ƶǇƒźƸţ�ǇǄ�ƘǏƎǁŮƸţ
��ƿǏŧ�ŴŭŤǀ�ųŤŮǀʪ�ŪǏŧŤƊźƸţ�ūŤǏƹƽƢƸţ�ƿƼ�ŪƹƊƹƉ�ťŤƊŹǆ�ƶŤŽſʪţ�����ǆ�����ǆřĹ�����ͭƸŝ��ŪƭǏƝǆ��

��ŪǏŨƒơ�ŪǏƹŽ�Ʒƴ�ɥƘǏƎǁŮƸţŏŪǏơŤǁƚƑţ����ƀźƸţ �ͭƸŝ �ŪƽƹŮƊƽƸţ �ūţƃŤƍʪţ�ŬƹƑǆ�ţƁŝŏͭǀſʨţ��ǀŞƬ��Ťǅ
ʬţ�ūţƃŤƍŝ�ƷƉƄŭƄŽţ���ͯƸŤŮƸţ�ǈǇŮƊƽƸţ�ͭƸŝ�ųŏŪƙŤƊŨŧ����ƃƄƱŭŪƸţſ��ƘǏƎǁŮƸţ���ƘǏƎǁŭ�ŦŶǎ�ƾŤƴ�ţƁŝ�ŤƼ
ŪǏŨƒƢƸţ�ŪǏƹžƸţ��ʬ�ƺţ���
��ƻƹƢŮƸţ�ͯƬŏƯǏƽƢƸţ����ƾǆƀŧ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţŪƸţſ���ŕ�ƘǏƊŧ�ͯƚŽ�ƃţƀźǀţ�ųƁǇƽǀ�ſƄŶƼ�ͯǄ�ƘǏƎǁŮƸţ

��ǂƂǄ�ƾʨƶţǆƀƸţ���Ťǅǁͺƽǎ�ŤƽƼ�ŏŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ūʭŽƀƼ�ƀǁơ�ŪǏƚŽ�ƄǏƥ�ūŤŧŤƊŹ�ƠưţǇƸţ�ɥǌſŜŭ
���ţĽƀǏƱƢŭ�ƄŲƴř�ƺŤǅƼ�ƂǏƭǁŭǆ�ƻƹƢŮƸţ�ƿƼŏƳƸƂƸ����Ʒƴ�ťǇǏơǆ�ŤǎţƆƼ�ƷǏƹźŭǆ�ŪƭƹŮžƽƸţ�ƟţǇǀʨţ�ŪƉţƃſ�ƀƢŭ

ŪƸţſ����ŦƉŤǁƽƸţ�ƟǇǁƸţ�ƀǎƀźŮƸ�ŪǎƃǆƄƕ�ƘǏƎǁŭŪƸţƀƸ����ŪưƀƸţǆ�ŪǏƚžƸţ�ƺƀơ�ƄƬǇŭ�ƾř�ƿͺƽǎ�ͯŮƸţ�ƘǏƎǁŮƸţ
Ǉƽǀ�ͯƬ���ƿǏƢƼ�ŪǏŨƒơ�ŪͺŨƍ�ųƁŏŤʽƖǎř��ŪƹͺƎƼ�ŦŨƊŧ ��ƃţƀźǀʬţ�ͯƍʭŭ�ͯ ưŤƱŮƍʬţ���Vanishing 

gradient���ſţƀơŝ �ƀƢǎ�ŏŤĽƱŹʬ�Ťǅǁơ�ůƀźŮǁƉ�ͯŮƸţ �ŏŪƸţſ����Ťƽ̔ǅƼ�ţʽƄƼř �ŪͺŨƎƹƸ �ŪźǏźƒƸţ�ƘǏƎǁŮƸţ
ŪǎŤƦƹƸ���

��ƾǇƵŭ�ƾř�ƿͺƽǎ�ʬŪƸţſ����ǌř�ŪƱǏƽƢƸţ�ūŤͺŨƎƸţ�ɥŪƼƀžŮƊƽƸţ�ƘǏƎǁŮƸţŪƸţſŏ����ƾǇͺǎ�ƾř�ŦŶǎ�ƿͺƸǆ
��ŪƽǅƽƸţ�ūŤƽƊƸţ�ƿƼ��ŪǁǏƢƼ�ƐšŤƒŽ�ŤǅƸŪƸţƀƸ����ŪͺŨƎƸţ�ƻƹƢŮŭ��ŪƱŮƎƼ�ƾǇƵŭ�ƾř�ŦŶǎ�ǃǀř�ƘǏƎǁŮƸţ
���ųţƄŽʪţ �ŪƱŨƙ �ɥŪŧǇƊźƽƸţ �ŖŤƚŽʨţ �ƿƼŭ��ǌſŜŪƸţſ����ŪƱŮƎƼ �ƘǏƎǁŭƿǏƊźŮƸ����ƃŤƎŮǀʬţ��ͯƭƹžƸţ

�propagating backwards���źƸ��ƾţƅǆʨţ�ƿǏƊźŭ�ƻű�ƾţƅǆʨŤŧ�ƯƹƢŮǎ�ŤƽǏƬ�ŚƚžƸţ�ūŤŵƃƀŭ�ťŤƊ
��ƺţƀžŮƉŤŧͯưŤƱŮƍʬţ�ƃţƀźǀʬţ���ŖŤƚŽʨţ�ƷǏƹƱŮƸ�ǈƄŽř�ƿǏƊźŭ�ŪǏǁƱŭ�ǌř�ǆř���

���Á{�¶j¼fËÈ·Y{���ÈÌ^���ÈÌ¸y�Ö·S�ÇZ� ¼·Y�µZy{ÑY�ºÌ«�¾»�È�Â¼n»�kY�yS�Ê§��Ì�Àf·Y
�È¬^��ÁO��� 

 
��ƺƀƱŭŪƸţſ����ŖŤǁűř�ŪƱŨƙ�Ʒƴ�ɥŪǏƬŤƕŝ�ũǇƚŽ�ƘǏƎǁŮƸţ��ƃŤƎŮǀʬţ�ͯ ƼŤƼʨţ���forward propagation��ŏ��

��ƾǆƀŧ�ƷƽƢŭ�ŪǏŨƒơ�ŪͺŨƍ�ŤǁǎƀƸ�ƾř�ƓƄŮƭǁƸ��ťŤƊźƸţ�ƯźŮƊǎ�ƄƼʨţ�ƿͺƸ�ƶţǆſ���ǂƂǄ�ɥ�ƘǏƎǁŮƸţ
ŏŪƸŤźƸţ����ƘƱƬ�ūţƆǏźŮƸţǆ�ƾţƅǆʨţ�ƺţƀžŮƉŤŧ�ūʭŽƀƽƸţ�ͭƹơ�ͯƚŽ�ƷǎǇźŮŧ�ŪǏŨƒơ�ŪǏƹŽ�Ʒƴ�ƺǇƱŭ

�ūŤƱŨƚƸţ�ƠǏƽŵ�ƾʨ�ŪǏŨƒƢƸţ�ƳŮͺŨƍ�ɥũſƀƢŮƼ�ŪǏƭžƼ�ūŤƱŨƙ�ƺţƀžŮƉţ�ƻǅƽƸţ�ƿƼ�ƀƢǎ�ƻƸ�ƳƸƂƸ
Ťŧ�ƪƄƒŮŭ��ƿǏŧ�ƠƽŶƸţ�ƾʨ�ŤǅƊƭǀ�ŪƱǎƄƚƸƿǏŮƸţſ����ǇǄ�ƿǏŮǏƚžƸţ�ŪƸţſ���ũǇƱŧ�ŪͺŨƎƸţ�ƠŮƽŮŭ�ƿƸǆ�ŪǏƚŽ

ͯƚžƸţ�ƃţƀźǀʬţ�ƿƼ�ƄŨƴř��
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��ƶŤŽſŝ�ǃŶŮƼ�ƳǎƀƸ�ƾř�ƓƄŮƬţx���ƾƅǇƸţ�ūŤƬǇƭƒƽŧ�ŪƹŲƽƼ�ŪǏƭžƼ�ūŤƱŨƙ�ůʭűǆଵܹ�ŏଶܹ��ǆ

ଷܹ��ǌř�ƾǆƀŧ��ŪƸţſ��ŏƘǏƎǁŭ����ŴŭŤǁƸţ�ͭƹơ�ŪǏŨƒƢƸţ�ƳŮͺŨƍ�ǌǇŮźŭy=�� ଵܹ ଶܹ ଷܹ����ǌǆŤƊǎ�ǌƂƸţ
y=ܹݔ����ƾǇͺǎ�ŰǏźŧܹ ൌ ଵܹ ଶܹ ଷܹ�����ŪƬǇƭƒƽƸţ�ŪƭơŤƖƼ�ǈǇƉ�ƈǏƸ�ţƂǄǆŏƾʦţ����ƶŤŽſŝ�ƠƼ�ŪƸţſ�

ŮƸţƘǏƎǁ����ƷǎǇźŭ�Ʒƴ�ƀƢŧ�ŪǏƚžƸţ�ƄǏƥŏͯƚŽ��ůƀźǎ�ţƂǄ�ƀƢǎ�ƻƸ���

ݕ ൌ ଵ݂ ቀ ଵܹ ଶ݂൫ ଶܹ ଷ݂ሺ ଷܹݔሻ൯ቁ 

��ŪǏƚžƸţ�ƄǏƥ�ŪƱŨƚƸţ�ŴšŤŮǀ�ƮǇƬ�ŪƱŨƙ�Ʒƴ�ŖŤƎǀŝ�ƾʦţ�ƿͺƽǎŏŪƱŧŤƊƸţ����ŤʽƉŤƉř�Ťǅǁơ�ŴŮǁǎ�ͯŮƸţǆ�ŪƸţſ��
ŪǏƚŽ�ƄǏƥ�ũƀƱƢƼ��

��È§Z�S�d¼eÈ·Y{����º¸ e�Ö¸��È°^�·Y�Ç|�Z�¼·�ÈÌ�ZÀ��ÓY�ÈÌ^� ·Y�È°^�·Y�Ö·S��Ì�Àe
��cZ¿ZÌ^·Y�Ê§�Ç|¬ ¼·Y��Z¼¿ÏY 

 
��ŤǀƄƴƁ �ŤƽƴŏŤĽƱŧŤƉ����ƾǇͺǎ �ƾř �ŦŶǎŪƸţƀƸ���ƿͺƽǎ ��ŪǁǏƢƼ �ƐšŤƒŽ�ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �ɥƘǏƎǁŮƸţ

��ɥƄƬǇŮŭ�ƾř�ŦŶǎ�ͯŮƸţ�ŪŧǇƥƄƽƸţ�ūţƆǏƽƸţ�ƐǏžƹŭŪƸţſ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƘǏƎǁŮƸţ���

� ͬƚŽƄɔƥ���Nonlinear������ŬǀŤƴ�ţƁŝ�ŏŤĽƱŧŤƉ�ŤǀƄƴƁ�ŤƽƴŪƸţſ����ŪƸǇǅƊŧ�ƿͺƽǏƬ�ŏ�ŪǏƚŽ�ƘǏƎǁŭ
��ͯƬ�ŪǏƭžƼ�ūŤƱŨƙ�ũƀơ�ͭƹơ�ǌǇŮźǎ�ǌƂƸţ�ƾǆƄŮŨǏƉƄǏŨƸţPerceptron���ŏ�ŪƱŨƚƸţ�ǌſŤŹř

��ǃŶŮƽƸ�ƀŹţǆ�ͯƚŽ�ƿǎǇƵŮƴ�ƶŤŽſʪţ�ǃŶŮƽƸ�ͯƚžƸţ�ŦǏƴƄŮƸţ�ƿơ�ƄǏŨƢŮƸţ�ŪƙŤƊŨŧ�ƿͺƽǎ�ǃǀʨ
��ͯƬ�ŪǏƚŽʭƸţ�ƾŞƬ�ŏ�ƳƸƂƸ��ŪͺŨƎƸţ�Ưƽơ�ƄűŚŮǎ�ƿƸ�ŏ�ŪƸŤźƸţ�ǂƂǄ�ͯƬ���ƶŤŽſʪţŪƸţſ����ƘǏƎǁŮƸţ

�ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ƾʨ �ţʽƄƞǀ ��ŤǅŮƢǏŨƚŧ �ŪǏƚŽ �ƄǏƥ �ƃţƄƱƸţ �ſǆƀŹ �ƾǇƵŭ �ŤƼƀǁơ �ŪǎƃǆƄƕ
ƚƑʬţ��ͯƬ�ŪǏƚŽʭƸţ�ƾŞƬ�ŏ�ūŤǀŤǏŨƸţ�ƿƼ�ſǆƀźƸţ�ǆř�ƗŤƽǀʨţ�ƻƹƢŮŭ�ŪǏơŤǁŪƸţſ���ŪǎƃǆƄƕ�ƘǏƎǁŮƸţ

ŪǏƚŽ�ƄǏƥ�ǆř�ŪǏƚŽ�ſǆƀŹ�ǌř�ŪƸǇǅƊŧ�ƻƹƢŮŭ�ƾř�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ŪͺŨƎƹƸ�ƿͺƽǎ�ͭŮŹ�� 
� �ƆƴƄƽƸţ�Ĺ�ǌƄƭƒƸţ���Zero-Centered������ŴŭŤǀ�ƾǇͺǎ�ƾř�ŦŶǎŪƸţſ����ŤʽǎƄƭƑ�ţʽƆƴƄƼ�ƘǏƎǁŮƸţ

��ƾǇͺǎ�ŤƼƀǁơ�ǌƄƭƒƸţ�ƆƴƄƽƸţ�ŪƸţſ�ŖŤơƀŮƉţ�ƻŮǎ��ƿǏƢƼ�ǂŤŶŭţ�ͯƬ�ūŤŵƃƀŮƸţ�ƄǏƦŮŭ�ʬ�ͭŮŹ
��ƿƵŭ�ƻƸ�ţƁŝ��ŪŨƸŤƉǆ�ŪŨŵǇƼ�ƻǏư�ŤǄţƀƽƸŪƸţſ���ŪǏŧŤŶǎŝ�Ťƽ̔šţſ�ͯǅƬ�ŏ�ŪǎƄƭƑ�ŪǎƆƴƄƼ�ŪͺŨƍ�ƘǏƎǁŭ

ř�ŪŨŵǇƼ�ƻǏư�ͭƸŝ�ŪƱŨƚƸţ�ŴŭŤǀ�ƄǎƄƽŭ�Ťƽ̔šţſ�ƻŮǎ�ŏ�ƳƸƂƸ��Ťƽ̔šţſ�ŪǏŨƹƉ�ǆř�ŏƳƸƂƸ�ŪŶǏŮǀ��ŪŨƸŤƉ�ǆ
��ųŤŮźǎǃŶŮƼ���ƿƵŭ�ƻƸ�ţƁŝ�ŏ�ƳƸƂƸ��ŸǏźƑ�ƷͺƎŧ�ǃŨǎƃƀŭ�ƻŮǏƸ�ŰǎƀźŮƸţ�ƿƼ�ƀǎƆƼ�ͭƸŝ�ƾƅǇƸţ

ŪƸţſ�����ŪͺŨƎƸţ�ŦǎƃƀŮƸ�ŪŧǇƹƚƽƸţ�ŪǏŨǎƃƀŮƸţ�ūţƃǆƀƸţ�ſƀơ�ſţſƆǏƊƬ�ŏ�ŤʽǎƄƭƑ�ţʽƆƴƄƼ�ƘǏƎǁŮƸţ
ŪǎƃǆƄƕ�ƿƵŭ�ƻƸ�ƾŝǆ�ŏ�ǌƄƭƒƸţ�ƆƴƄƽƸţ�ũƆǏƼ�ŪǏƽǄř�ŦŨƉ�ǇǄ�ţƂǄ� 

� �ŪǏŧŤƊźƸţ�ŪƭƹƵŮƸţ����Computational Expense������ƯǏŨƚŭ�ƻŮǎƶţǆſ���ŪƱŨƙ�Ʒƴ�ƀƢŧ�ƘǏƎǁŮƸţ
��ƻǅŧŤƊŹ�ƾǇͺǎ�ƾř�ŦŶǎ�ŏ�ƳƸƂƸ��ŪƱǏƽƢƸţ�ūŤͺŨƎƸţ�ͯƬ�ūţƄƽƸţ�ƿǏǎʭƼ�ŤǅŧŤƊŹ�ŦŶǎǆ

ʭǏƹư��ŪǏŧŤƊźƸţ�ŪǏŹŤǁƸţ�ƿƼ� 
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� �ƮŤƱŮƍʭƸ �ƷŧŤư����Differentiable������ŪǏƹƽơ �ƺţƀžŮƉŤŧ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �Ŧǎƃƀŭ �ƻŮǎ

ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ��ƮŤƱŮƍţ�ŦŶǎ�ƳƸƂƸ�ŏŪƸţſ����ͯƉŤƉř�ŦƹƚƼ�ţƂǄ��ƶŤŽſʫƸ�ŤĽƱƬǆ�ƘǏƎǁŮƸţ
��ƷǏƦƎŮƸŪƸţſ��ƘǏƎǁŮƸţ� 

� �ƄƽŮƊƼ����Continuous������ƿƵŭ�ƻƸ�ŤƼ�ŪƸţſ�ƮŤƱŮƍţ�ƿͺƽǎũƄƽŮƊƼ� 
� �ƗŤźƼ��Bounded������Ʒƴ�ŏƾǆƄŮŨǏƉƄǏŧ�ƿƼ�ŪƹƊƹƉ�ƶʭŽ�ƿƼ�ƶŤŽſʪţ�ūŤǀŤǏŧ�ƶŤƉƃŝ�ƻŮǎ

��ͭƹơ�ǌǇŮźǎ�ŤǅǁƼŪƸţſ����ƄƒŮƱŭ�ƻƸ�ţƁŝ�ŏ�ƳƸƂƸ�ŪŶǏŮǀ��ƘǏƎǁŮƸţŪƸţƀƸţ����ƀƱƬ�ŏ�ƀŹţǆ�ƀŹ�ͭƹơ
ųţƄŽʪţ�ŪƽǏư �ƄŶƭǁŭ���explode����ŪƢǏŨƚƸţ �ƾŞƬ �ŏ �ƻǏƱƸţ �ͯƬ�ƃŤŶƭǀʬţ�ţƂǄ�ͭƹơ�ũƄƚǏƊƹƸ ��

��ũſǆƀźƽƸţŪƸţƀƸ��ƕ�ŬƊǏƸ�ŤǅǁͺƸǆ�ŪƽǅƼ�ƘǏƎǁŮƸţ��ŪǎƃǆƄ 

 
��ŪƹͺƎƼ �ƀƢŭƮŤƱŮƍʬţ �ͯƍʭŭ���Vanishing Gradient problem������ŪǏŨƒƢƸţ �ŤǎʭžƸţ �ŪƹͺƎƼǆ

��ŪŮǏƽƸţ�dead neuron�����ƮŤƚǀ�ͭƹơ�ŪƼƀžŮƊƽƸţ�ƘǏƎǁŮƸţ�ƫšŤƝǆ�ŤƽǅǅŵţǇŭ�ƿǏŮǏƊǏšƃ�ƿǏŮƹͺƎƼ
�ƠƉţǆ� 

� �ƮŤƱŮƍʬţ �ͯƍʭŭ �ŪƹͺƎƼ�����ƺţƀžŮƉŤŧ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �Ŧǎƃƀŭ �ƻŮǎ�ͯ ưŤƱŮƍʬţ �ƃţƀźǀʬţ��
ǆ��ŪǏƼƅƃţǇŽţͯƭƹžƸţ�ƃŤƎŮǀʬ��ŪǏƼƅƃţǇŽ�ƺţƀžŮƉţ�ƀǁơ���ͯ ƭƹžƸţ�ƃŤƎŮǀʬţ����ųƃƀŮƸţ�ťŤƊŹ�ƻŮǎ�ŏ

��ƀŶǎ�ǃǀʨ�ţƂǄ��ŪǏƊƵƢƸţ�ŪƹŹƄƽƸţ�ͯƬ�ƄƦƑřǆ�ƄƦƑř�ƷͺƎŧͯưŤƱŮƍʬţ�ƃţƀźǀʬţ����ƃţƄƵŭ�Ʒƴ�ͯƬ
���ŪƹƊƹƊƸţ�ƾǇǀŤư�ƺţƀžŮƉŤŧ�ŪǏƸǆʨţ�ŪƱŨƚƸţ�ͭƸŝ�ũƄǏŽʨţ�ŪƱŨƚƸţ�ƿƼ�ƃǆƄƽƸŤŧ�ŪǏšƆŶƸţ�ūŤƱŮƎƽƹƸ

��Ťǅŧ�ŪͺŨƍ�ͯƬ݊����ŪƱŨƚƸţ�ǂƂǄ�ūŤƱŮƎƼ�ťƄƕ�ƻŮǎ�ŏ�ŪǏƭžƼ�ūŤƱŨƙ݊����ƾʦţ��ƔƢŨƸţ�ŤǅƖƢŨŧ
��ƔƭžǁǏƉ�ŪǏƸǆʨţ�ūŤƱŨƚƸţ�ͭƸŝ�ƶŤƱŮǀʬţ�ƾŞƬ�ŏ�ũƄǏƦƑ�ūŤƱŮƎƽƸţ�ǂƂǄ�ŬǀŤƴ�ţƁŝǏŨƴ�ƷͺƎŧ��Ƅ

ͺŨƎƸţ �ƻƹƢŭ �ƫưǇŮǏƉǆ�ĽţƄƭƑ�ƾǇƵŮƉ�ūʬŤźƸţ �řǇƉř�ͯƬ�ǆř�Ū��ũƄǄŤƝ�ͭƸŝ �ƳƸƁ�ǌſŜǏƉ��
��ͯƍʭŭųƃƀŮƸţ��(Vanishing Gradient)��ǆţ��ͯƍʭŭƮŤƱŮƍʬţ��ūŤŵƃƀŮƸţ�ǂƂǄ�ƾʨ�ţʽƄƞǀ��

��ŪƸŤƢƬ�ŪǏƸǆʨţ�ūŤƱŨƚƸţ�ǂƂǄ�ƾǇƵŭ�ŤƼ�ŤŨ̔ƸŤƥǆ�ŏ�ŪǏƼƅƃţǇžƸţ�ƃţƄƵŭ�ͯƬ�ŤǅŲǎƀźŭ�ƻŮǎ�ʬ�ũƄǏƦƒƸţ
�ƿͺƽǎ�ʬǆ�ƪŤƴ�ƄǏƥ�ƷͺƎŧ�ŪͺŨƎƸţ�Ūưſ�ƺƀơ�ͭƸŝ�ǌſŜŭ�ŤǅǀŞƬ�ŏ�ūŤǀŤǏŨƸţ�ͭƹơ�ƪƄƢŮƸţ�ͯƬ

��Ưƽơ�ŦŨƊŧ�ŤǅŭŤŵƃƀŭ�ͯƭŮžŭ�ŏ�ƄŽŗ�ͭǁƢƽŧ��ŸǏźƑ�ƷͺƎŧ�ƻƹƢŮƸţ�ūŤƱŨƚƸţ�ǂƂǅƸ�ŪͺŨƎƸţ
��ƄǏǏƦŭ�ƀǎƄǀ�ʬ�ŏ�ͯƸŤŮƸŤŧǆ��ƄƭƒƸţ�ͭƸŝ�ŪƽǏƱƸţ�ƷƹƱǎ�ŤƽƼ�ŏ�ŤǅƚǏƎǁŭǆŪƸţſ����ͭƸŝ�ųƃƀŮƸţ�ƘǏƎǁŭ

��ƈƵơ�ͭƹơ��ƄƭƒƸţŭ��ͯƍʭƃţƀźǀʬţ����ƲŤǁǄ�ŏ�ƄŶƭŮƼ�ƃţƀźǀţ�Exploding Gradients����
�ƻǏư�ŬǀŤƴ�ţƁŝūŤŵƃƀŮƸţ��ŪͺŨƎƸţ�ųƁǇƽǀ�ƾƅǇƸ�ţĽƀŵ�ũƄǏŨƴ�ūŤŲǎƀźŭ�ͭƸŝ�ǌſŜŭ�ŤǅǀŞƬ�ŏ�ũƄǏŨƴ
űř �ŪǏŨƒƢƸţ��ǂƂǄ �ƯƬƀŮŭ �ŏ �ūŤƱŨƚƸţ �ͭƸŝ �ƷƱǁƸţ �ƶʭŽ �ƿƼ �ͯƉʨţ �ǇƽǁƸţ �ƠƼ ��ŦǎƃƀŮƸţ �ŖŤǁ
ūŤŵƃƀŮƸţ����ŖŤƎǀŝ�ͭƸŝ�ǌſŜǎ�ŤƽƼ�ŏ�ŰǎƀźŮƸţ�ͭƹơ�ũƃſŤư�ƾţƅǆʨţ�ƾǇƵŭ�ƿƸǆ�ŪǎŤǅǁƸţ�ͯƬ�ũƄǏŨͺƸţ

ũƄƱŮƊƼ�ƄǏƥ�ūŤͺŨƍ�� 
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� ���ŪŮǏƽƸţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ��ƓƄƭŭ�ŤƼƀǁơŪƸţſ����ƄƭƒƸţ�ͭƹơ�ūʭŽƀƽƸţ�ƿƼ�ţʽƄǏŨƴ�ţʽŖƆŵ�ƘǏƎǁŮƸţ

��ũƀơŤƊƽƸ��ŪŮǏƼ��ŪƚƎǀ�ƄǏƥ�ƾǇƵŭ�ŪƹŧŤƱƽƸţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�Ƴƹŭ�ƾŞƬ�ŏ�ƄƭƒƸţ�ƿƼ�ťƄƱƸŤŧ�ǆř
��ƾƅǇƸţ�ƷƢŶŭ�ŪƱǎƄƚŧ�ƾţƅǆʨţ�Űǎƀźŭ�ƿͺƽƽƸţ�ƿƼ�ŏ�ƾţƅǆʨţ�Űǎƀźŭ�ŖŤǁűř��ͯšŤǅǁƸţ�ŴŭŤǁƸţ

ŤͺƸŤŧ��ũǇƱƸŤŧ�ŤʽǎƄƭƑ�ŪͺŨƎƸţ�ƿƼ�ƄǏŨƴ�ŖƆŶƸ�ͯƸŤƽŵʪţ��ţƂǄ�ƷŲƼ�ƿƼ�ͭƬŤƢŮŭ�ƾř�ŪͺŨƎƹƸ�ƿͺƽǎ�ſ
��ŪƹͺƎƼ�ͭƸŝ�ǌſŜǎ�ţƂǄ��ŪͺŨƎƸţ�ƀơŤƊǎ�ƾř�ūʭŽƀƽƸţ�ƿƼ�ƄǏŨƴ�ŖƆŶƸ�ƿͺƽǎ�ʬǆ�ŏ�ƫưǇƽƸţ
��ŤǎʭžƸţ�ǂƂǄ�ͭƽƊŭ��ŪͺŨƎƸţ�ƂǏƭǁŭ�ŖŤǁűř �ŤʽƼŤƽŭ�ƶŤŽſʪţ�ƿƼ�ƄǏŨƴ�ŖƆŵ�ƷǏƚƢŭ�ƻŮǎ�ƀư�ǃǀʨ

���ŪŮǏƽƸţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ��ũƀƎŧ�ŪƹƼŤŽ�ŸŨƒŭ�ͯŮƸţ�ŪǏŨƒƢƸţ�dead neuron�����ǂƂǄ�ͭƽƊŭǆ
�ŪͺŨƍ �ͯǄ �ŪŮǏƽƸţ �ŪǏŨƒƢƸţ �ŤǎʭžƸţ �ŏ �ƃŤƒŮŽŤŧ ��ŪŮǏƽƸţ �ŪǏŨƒƢƸţ �ŤǎʭžƸţ �ŪƹͺƎƼ �ŪƹͺƎƽƸţ
�ţƂǄ�Ơǁƽǎ��ŦǎƃƀŮƸţ �ŖŤǁűř�ŤǅƚǏƎǁŭ�ƻŮǎ�ʬ�ͯŮƸţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ͭƽƊŭ�ŪǏơŤǁƚƑţ�ŪǏŨƒơ

Žʨţ�ƄƎŮǁŭ�ʬ��ŪǎƄƭƑ�ǆř�ţĽƀŵ�ũƄǏƦƑ�ƾǇƵŮƉ�ǃŭŤƱŮƎƼ�ƾʨ�ǃǀƅǆ�ƿơ�ƄǏŨƢŮƸţ�ƿƼ�ƾǇŨƒƢƸţ��ŖŤƚ
ŪͺŨƎƸţ�ͯƬ�ǈƄŽʨţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ͭƹơ�ƄűŜŭ�ͯǅƬ�ţƂƸ�ŏ�ŪŮǏƽƸţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƄŨơ� 

 

��ţƂǄ�ͯƬŏƻƊƱƸţ��ŤǅƒšŤƒŽǆ�ŤʽƼţƀžŮƉţ�ƄŲƴʨţ�ƘǏƎǁŮƸţ�ƫšŤƝǆ�ƌưŤǁǁƉ��

Sigmoid 
��ƘǏƎǁŮƸţ�ŪƭǏƝǆ�ƫǎƄƢŭ�ƻŮǎSigmoid�ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�� 

ሻݔሺߪ ൌ
ͳ

ͳ  ݁െݔ 

��ŰǏŹݔ��ūʭŽƀƼ�ͯǄ��ŪƸţſ����ŴƼƄŨǀ�Ťǁơſ�ƾʦţ��ƘƎǁƽƸţɥţƂǄ��ƾǇŲǎŤŧ��

def sigmoid(x): 
  return 1/(1+np.exp(-x)) 

��ŪƸţſSigmoid����ŪƹƒŮƼǆɥũƃǇƒźƼ����ƮŤƚǁƸţ�ŏ���ƂŽŚŭ��ƆƴƄƽƸţ�ŪǎƄƭƑ�ŬƊǏƸ�ƿͺƸǆ�ŪƱŮƎƼǆ��
��ƿƼ�ƮŤƚǁƸţ�ɥƻǏƱƸţ�ƠŵƄŭǆ�ūʭŽƀƽƴ�ŪǏƱǏƱŹ�ŪƽǏư�ǌř�ŪƭǏƝǇƸţ�ǂƂǄ�����ͭƸŝ�ɥ��Ťƽƹƴ��ūŤŵƄžƽƸţ�

ŪǏŧŤŶǎŝ�ƄŲƴř��ƄŨƴř�ƷŽƀƽƸţ�ƾŤƴŏ�����ͭƸŝ�ťƄưř�ŴŭŤǁƸţ�ƾŤƴ�Ťƽƹƴ����ŏ���ƄƦƑř�ƷŽƀƽƸţ�ƾŤƴ�Ťƽƹƴ�ŤƽǁǏŧ
ŪǏŨƹƉ�ƄŲƴř�ŏ���ř�ŴŭŤǁƸţ�ƾŤƴ�Ťƽƹƴ��ͭƸŝ�ťƄư������

��ŪƸţſ�ƯŮƎƼSigmoid���ǇǄˬߪሺݔሻ����ŪƸţſSigmoid��ˬߪሺݔሻ����ɥŪŧǆƄƖƼͳ െ �ሻݔሺߪ�

ƴߪ ሺݔሻ ൌ ሻǤݔሺߪ ሺͳ െ  ሻሻݔሺߪ

��ɥͯŮƸţǆƾǇŲǎŤŧ����ŴƼƄŨǀ�ƾř�ŤǁǁͺƽǎSigmoid�ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

def der_sigmoid(x): 
  return sigmoid(x) * (1- sigmoid(x)) 
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��ŪƸţſ�ŸƕǇǀ�Ťǁơſ�ƾʦţSigmoid��ƷŽſř�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ��ŤǅŮƱŮƎƼǆſǇͺƸţ��ͯƸŤŮƸţ��

import numpy as np 
import matplotlib.pyplot as plt 
 
# Sigmoid Activation Function 
def sigmoid(x): 
  return 1/(1+np.exp(-x)) 
 
# Derivative of Sigmoid 
def der_sigmoid(x): 
  return sigmoid(x) * (1- sigmoid(x)) 
 
# Generating data to plot 
x_data = np.linspace(-10,10,100) 
y_data = sigmoid(x_data) 
dy_data = der_sigmoid(x_data) 
 
# Plotting 
plt.plot(x_data, y_data, x_data, dy_data) 
plt.title('Sigmoid Activation Function & Derivative') 
plt.legend(['sigmoid','der_sigmoid']) 
plt.grid() 
plt.show() 
 

�
�ͯǀŤƢŭ�ŪƸţſSigmoid���ƄƒŮƱŭ��ŪǏƊǏšƄƸţ�ťǇǏƢƸţ�ƔƢŧ�ƿƼ�ŪƸţſSigmoid��ƮŤƚǁƸţ�ͭƹơ�ŏ�����

��ŬƊǏƸ�ͯǅƬ�ƳƸƂƸ��ŪǏŨƹƉ�ƄǏƥ�ŪƽǏư�Ťƽ̔šţſ�ŴŮǁǎ�ǃǀŞƬ�ƻű�ƿƼǆŪƸţſ����ƘǏƎǁŭ��ŪǎƄƭƑƸţ���ƆƴƄƽƶǇźŭ���ŪƸţſ
Sigmoid����ƄǏƦƑ�ƮŤƚǀ�ͭƸŝ�ūʭŽƀƽƸţ�ƿƼ�ţʽƄǏŨƴ�ŤĽưŤƚǀ�ŏ��ŪƽǏư�ͯƬ�ƄǏŨͺƸţ�ƄǏǏƦŮƸţ�ǌſŜǎ�ƳƸƂƸ���

Ǐư�ͭƸŝ�ŤʽƖǎř�ţƂǄ�ǌſŜǎ��ųţƄŽʪţ�ŪƽǏư�ͯƬ�ƫǏƭƙ�ƄǏǏƦŭ�ͭƸŝ�ƶŤŽſʪţ�ƻǏư�ŦŨƊŧ��ũƄǏƦƑ�ŪŵƃƀŮƼ�ƻ
��ŏ�ŪƖƭžǁƽƸţ�ųƃƀŮƸţͭƍʭŮǎ��ƃţƀźǀʬţ��
�ūŤƱǏŨƚŮƸţ�ͯƬŏŪǏƹƽƢƸţ��ƾŞƬ�ŪƸţſSigmoidŏ��ɥŤǅŮǏŨƢƍ�ƿƼ�ƻƥƄƸţ�ͭƹơŏͯƕŤƽƸţ��ŬźŨƑř��Ʒưř

�ƿǏŮƽǅƼ�ƿǏŮƹͺƎƼ�ŦŨƊŧ�ŤʽƼţƀžŮƉţ��
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1� �ƹͺƎƼ�ƍʭŭ�Ū�ͯ���ƃţƀźǀʬţ�����ŦŨƊŮŭŪƸţſ��Sigmoid����ŪƹͺƎƼ�ͯƬƃţƀźǀʬţ�ͯƍʭŭ����ŪǏƼƅƃţǇŽ�ͯƬ

ͯƭƹžƸţ�ƃŤƎŮǀʬţ�ƳƸƂƸ�ŏ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƄŨơ�ũƃŤƍŝ�ǌř�ƶŤƉƃŝ�ƻŮǎ�ʬ�ŏ�ŪƸŤźƸţ�ǂƂǄ�ͯƬ��
ŦǎƃƀŮƸţ�ŪƹŹƄƼ�ŖŤǁűř�Ŗͯƍ�ǌř�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƻƹƢŮŭ�ƿƸ� 

2� ��ŬƊǏƸ�Ƹţ �ŪǎƄƭƑ�ƆƴƄƽ������ūŤŵƄžƼŪƸţſ��Sigmoid����ͯƬ �ŏƻű �ƿƼǆ��ƆƴƄƽƸţ �ŪǎƄƭƑ�ŬƊǏƸ
��ŪǏƼƅƃţǇŽ��ͯƭƹžƸţ�ƃŤƎŮǀʬţ��ŏŪǏŨƹƉ�Ťǅƹƴ�ǆř�ŪǏŧŤŶǎŝ�ŤƼŝ�ƾǇƵŭ�ͯŮƸţ�ūŤŵƃƀŮƸţ�ŖŤƎǀŝ�ƻŮǎ�ŏ

ƾţƅǆʨţ�ūŤŵƃƀŭ�ŰǎƀźŮƸ�ŪŨƉŤǁƼ�ƄǏƥ�ͯǄǆ� 

��È·Y{�¹|zf�4eSigmoid����Ç{| f¼·Y�cZ»Ô ·Y�¦ÌÀ�eÁ�ÊWZÀj·Y�¦ÌÀ�f·Y�¶¯Z�»�Ê§�Z0»Â¼�
�¾Ì fË�Ä¿Ï�cZm�z¼·Y�È¬^��Ê§����½O�¶¼fv¼·Y�¾»�Ä¿Ï�Y0��¿��leZÀ¯�µZ¼fuÓY��«Âe�ZÀÌ¸�
�¾Ì«Z�À·Y�¾Ì]�LÊ��ÉO�½Â°Ë����Á���½T§�,Sigmoid���Ä«Z�¿�\^�]�Y0|Ìm�Y0�ZÌfyY�| Ë 

�

·YZËY�¼ 
�

� ÙÙ¾»ÙZÆmY�ySÙ©Z�¿ÙsÁY�fËéÙÙÙÙÙÙÖ·SêÙÙÙÙ¶ nËÙY~ÅÙçcÓZ¼fuÓYÙLZ�¿SÙZÆÀ°¼ËÙ®·~·Ù,SigmoidÙÙÙZËÔz¸·ÙY0|Ì¨»
ÙÈÌ^� ·Yç¦ÌÀ�f·YÙ�Y�£ÏÙÈÌ^� ·YÙÈ°^�·YÙ¾�ÙÈneZÀ·Y 

� ÙÆ¿SZÙ¸]Z«ÈÙ½Z°»Ù¶¯ÙÊ§Ù©Z¬f�Ô·Ùç 
� ÈÌ�yÙ�Ì£ÙZÆf Ì^�çÙ

 

[ÂÌ ·Y 
�

� Ù�^�f·Y ÙÈ¸°�»Ù¾»ÙÊ¿Z ËÙâsaturation problemáÙÙÖ·S Ùd¸�ÁÙY}S ÙÈ ^�»ÙÈÌ^� ·YÙÈÌ¸z·Y Ù�^f eÙç
ÙÙÉÁZ�Ë ÙZÆ¬f�»Ù½Â°Ë ÙhÌv] Ù, ÙZÆf¼Ì¬· ÙÖ¿{ÏY Ù|v·Y ÙÁO ÙÖ�«ÏY Ù|v·YéÙhË|ve ÙºfË ÙÓ Ù, ÙÈ·Zv·Y ÙÃ~ÅÙÊ§ Ùç

çÈ¬Ì¼ ·YÙcZ°^�¸·Ùº¸ f·YÙ¦ �ÙÖ·SÙÉ{RËÙZ¼»Ù,Ù½Y�ÁÏY 
� ÙÙZÆ¿YÙÙÙÙÈ·Y{Ùd�Ì·ÙÙ�¨�·YÙÈË�^e�¼·YÙ½Y�ÁÏYÙ�Ì¼mÙk�|eÙ½T§Ù,ÙÊ·Zf·Z]ÁÙç�¯�¼ÙÙZ0^mÂ»Ù½Â°ËÙÈÌ^� ·YÙZËÔz·Z]ÙÈ

ÙÈÌ^¸�ÙÁOÙÈÌ]ZnËSÙÉOÙ,Ù�¬§Ù|uYÁÙÃZneYÙÊ§Ù�vf·Z]Ù½Y�ÁÏYÙÃ~Æ·Ùt¼�4ËÙ,ÙhË|vf·YÙÈÌ¸¼�ÙLZÀiOÙçZ0Ì^¸�ÙÁO
Ù¾Ì�vf·ÙÈ]Â �Ù�j¯OÙ�»ÏYÙ¶ nËÙY~ÅÙçÇ�»Ù¶¯ÙÊ§È·Y{ÙÙP�z·Yç 

� ÙÃ~ÅÙÉ{ReÙçÈÌ·Z�ÙÈÌ]Z�uÙÈ¨¸°eÙZÆ·È·Y|·YÙ�^¯OÙÊ]Z�uÙd«ÁÙZÆÀ�ÙlfÀËÙÈÌ�OÙÈÌ¸¼�ÙçÙ

tanh 
��ƘŨŭƄŭŪƸţſ����ƘǏƎǁŭtanh����ŤĽƱǏűǆ�ŤĽƙŤŨŭƃţ��ŪƸţƀŧSigmoid��ͯƹǎ�Ťƽƴ�ǇǄ�ͯƕŤǎƄƸţ�Ťǅƹͺƍǆ� 

݂ሺݔሻ ൌ ����ሺݔሻ ൌ
����ሺݔሻ
����ሺݔሻ

ൌ
݁௫ െ ݁ି௫

݁௫  ݁ି௫
ൌ ሻݔʹሺߪʹ െ ͳǤ 

��ͯƬƾǇŲǎŤŧ����ŤǁǁͺƽǎŤǅŮŶƼƄŧ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

def htan(x): 
  return (np.exp(x) - np.exp(-x))/(np.exp(x) + np.exp(-x)) 
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��ŪƸſŤƢƽƸţ�ƿƼ�ŸƖŮǎ�Ťƽƴŏǂʭơř����ƾŞƬtanh����ƿƼ�ũƄƦƒƼ�ŪžƊǀ�ŪƙŤƊŨŧ�ǇǄSigmoid��ƠƼǆ��ŏƳƸƁ��

��ǇǅƬ��ǌƄƭƑƸţ���ƆƴƄƽŏͯƸŤŮƸŤŧǆ����ŤǅǁƼ�ͯǀŤƢǎ�ͯŮƸţ�ƷƴŤƎƽƸţ�ƔƢŧ�Ƅǅƞǎ�ʬ�ǃǀŞƬSigmoid Activator���
��ǂƂǄŪƸţƀƸţ����ŪƱŮƎƼǆ�ũƄƽŮƊƼɥũƃǇƒźƼǆ����ƮŤƚǁƸţĹϭᅩϭ����ŏͯƸŤŮƸŤŧǆ����ŴŮǁǎ�ǃǀŞƬŏŦƸŤƉ���ŏŦŵǇƼ��

��ƄƭƑǆŏūŤŵƄžƽƴ����ͭƸŝ�ũƀƎŧ�ŪǏŨƹƊƸţ�ūʭŽƀƽƸţ�ƿǏǏƢŭ�ƻŮǎǆtanh�����ŪŨƸŤƉ�ūŤŵƄžƽƴŏƳƸƂƸ����ƾŞƬ
ŪƸţſ����ƘǏƎǁŮƸţtanh����ŪƹͺƎƼ�Ʒźŭǆ�ƄƭƒƸţ�ƶǇŹ�ƃǇźƽŮŭ��ƄƭƑƸţƴƄƽƆ����ŪƸţƀƸSigmoid��

��ŪƸţſ�ƯŮƎƼ�ťŤƊŹ�ƻŮǎtanh��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�� 

݂ሺݔሻ ൌ ͳ െ ݂ሺݔሻଶ 

ɥͯŮƸţǆͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŤǅŮŧŤŮƴ�Ťǁǁͺƽǎ�ƾǇŲǎŤŧ����

def der_htan(x): 
  return 1 - htan(x) * htan(x) 

��ŪƸţſ�ŸƕǇǀ�Ťǁơſtanh����ƷŽſř�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ��ŤǅŭŤƱŮƎƼǆſǇͺƸţ��ͯƸŤŮƸţ��

import numpy as np 
import matplotlib.pyplot as plt 
 
# Hyperbolic Tangent (htan) Activation Function 
def htan(x): 
  return (np.exp(x) - np.exp(-x))/(np.exp(x) + np.exp(-x)) 
 
# htan derivative 
def der_htan(x): 
  return 1 - htan(x) * htan(x) 
 
# Generating data for Graph 
x_data = np.linspace(-6,6,100) 
y_data = htan(x_data) 
dy_data = der_htan(x_data) 
 
# Graph 
plt.plot(x_data, y_data, x_data, dy_data) 
plt.title('htan Activation Function & Derivative') 
plt.legend(['htan','der_htan']) 
plt.grid() 
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ZËY�¼·Y �

� Ù�°�ÙÖ¸�SigmoidÙÙÊÆ§Ù,È·Y{ÙÙÈË�¨�·YÙ¾Ì�veÙ¶ÌÆ�f·Ù�¯�¼È·Y{Ù·YP�zç 
� ºÌ ÀeÙÙ¾Ì]Ù©Z�À·YÙÊ§ÙÈÌ^� ·YÙZËÔz·YÙleZ¿êÙÙÁêçÙ

 

[ÂÌ ·Y 
�

� ÙZÌ]Z�uÙÈ¨¸°»ÙZÆ¿Yç 
� ÙÆ¿SÙZÙÙÊ�Ôf·ÙÈ����Y|v¿ÓYçÙ

ReLU 
��ƺţƀžŮƉţ�ƿͺƽǎ�ʬƶţǆſ��SigmoidÙÙǆ�� tanhɥ��ŪƹͺƎƼ�ŦŨƊŧ�ūŤƱŨƚƸţ�ũſƀƢŮƼ�ūŤͺŨƎƸţ��ͯ ƍʭŭ��

ƃţƀźǀʬţ���ŪƸţſ����ƘǏƎǁŮƸţReLU����ͯǄǆ �ŏŪƸţſ����ŪƱŨƚƸţ� �ƯǏƽƢƸţ �ƻƹƢŮƸţ �ɥŤʽơǇǏƍ �ƄŲƴʨţ �ƘǏƎǁŮƸţ
��ŪƹͺƎƼ�ͭƹơ�ŦƹƦŮŭ�ŏ��ŪǏƭžƽƸţƃţƀźǀʬţ�ͯƍʭŭ��Ŗţſřǆ�ƟƄƉř�ƷͺƎŧ�ƻƹƢŮƸŤŧ�ŪͺŨƎƹƸ�ŸƽƊǎ�ŤƽƼ�ŏ

��ƫǎƄƢŭ�ƻŮǎ��ƷƖƬřŪƸţſ��ReLU��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

݂ሺݔሻ ൌ ൜Ͳ�݂ݔ�ݎ  Ͳ
ݔ�ݎ݂�ݔ  Ͳ 

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŤǅŮŧŤŮƴ�Ťǁǁͺƽǎ�ƾǇŲǎŤŧ�ͯƬ���

def ReLU(x): 
  data = [max(0,value) for value in x] 
  return np.array(data, dtype=float) 

�
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��ŪƸţſ�ƯŮƎƼ�ťŤƊŹ�ƻŮǎReLU��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�� 

ሖ݂ሺݔሻ ൌ ൜
Ͳ�݂ݔ�ݎ  Ͳ
ͳ�݂ݔ�ݎ  Ͳ 

��ͯƬƾǇŲǎŤŧ����ŤǁǁͺƽǎŤǅŮŧŤŮƴ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

def der_ReLU(x): 
  data = [1 if value>0 else 0 for value in x] 
  return np.array(data, dtype=float) 

��ŸǏƕǇŮƸ�ͯƸŤŮƸţ�ſǇͺƸţ�ƷŽſřŪƸţſ��ReLU��ŤǅŭŤƱŮƎƼǆ���

import numpy as np 
import matplotlib.pyplot as plt 
 
# Rectified Linear Unit (ReLU) 
def ReLU(x): 
  data = [max(0,value) for value in x] 
  return np.array(data, dtype=float) 
 
# Derivative for ReLU 
def der_ReLU(x): 
  data = [1 if value>0 else 0 for value in x] 
  return np.array(data, dtype=float) 
 
# Generating data for Graph 
x_data = np.linspace(-10,10,100) 
y_data = ReLU(x_data) 
dy_data = der_ReLU(x_data) 
 
# Graph 
plt.plot(x_data, y_data, x_data, dy_data) 
plt.title('ReLU Activation Function & Derivative') 
plt.legend(['ReLU','der_ReLU']) 
plt.grid() 
plt.show() 
 
 

�
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·YZËY�¼ 

�

� Ù[�Z¬eÙ�Ì^¯Ù¶°�]Ù���ËÊ«Z¬f�ÓYÙ�Y|v¿ÓYÙÙÈ¿�Z¬»ÙÊWYÂ� ·YÙÈ·Y|]ÙSigmoidç 
� ÙÊ�ÔeÙÈ¸°�»Ù�»Ù¶»Z f·YÙÄÀ°¼Ë�Y|v¿ÓYÙç 
� ÙZÆ¿SÈ·Y{ÙÈ�Ìy�ÙÈÌ]Z�uÙç 
� ÙZÆ¿SÈ·Y{ÙZ0»Y|zf�YÙ�j¯ÏYÙ�Ì�Àf·Yç 
� Ç�Ì^¯ÙÈ���]Ù[�Z¬fËÙçÙ

 

[ÂÌ ·Y 
�

� ÙÙd�Ì··YÙÈË�¨�Ù�¯�¼Ùç 
� ÙÖ·SÙk�|f·YÙÈ¼Ì«Ù�^�Ù|Ì ËÙÊ¿ZÌ^·YÙº��·YÙ¾»ÙÊ^¸�·YÙ\¿Zn·YÙçÈfÌ¼·YÙÈÌ^� ·YÙZËÔz·YÙ�»ÙÈ¸°�»ÙÄË|·

ÙÙÈÌ¸¼�ÙLZÀiOÙÈÌ^� ·YÙZËÔz·YÙ� ^·ÙcY�Ìvf·YÁÙ½Y�ÁÏYÙg|veÙÓÙ,Ù\^�·YÙY~Æ·Ùç�¨�·YÊ¨¸z·YÙ�Z�f¿ÓYÙÙç
ÙÙ�yMÙÖÀ ¼]ÙçY0|]OÙZÆ�Ì�ÀeÙºfËÙÓÙÈfÌ»ÙÈÌ^��ÙZËÔyÙlfÀËÙ½OÙ¾°¼ËÙY~ÅÙÙÈÌ^¸�·YÙµZy{ÑYÙºÌ«Ù�Ì¼mÙ½Â°eÙ,

tÌv�Ù¶°�]ÙcZ¿ZÌ^·YÙºÌ¸ eÙÖ¸�Ùk}Â¼À·YÙÇ�|«Ù¾»Ù¶¸¬ËÙZ¼»Ù,Ù�Â¨·YÙÖ¸�ÙÈË�¨�çÙ
�

��Ö¬¸fË�Z»|À�ReLU����cÔy|»,ÈÌ^¸������Y0�¨��leZÀ·Y�½Â°Ë�,®·~·����¾»�LÊ��ÉO�º¸ fË�Ó
��ÖÀ ¼] ���Ä�°� �®À°¼Ë �Ó �Ä¿Ï� �ªuÔ·Y ���À·Y �µÔy,�yM����ªf�¼·Y �½Z¯ �Y}S�,0Y�¨�����½T§

��ÉÁZ�Ë �Ê·Z¼mÑY ��Ì�Àf·Y,Y0�¨�����Ê§ �ÈÌ^� ·Y �ZËÔz·Y �®¸f· �È¼ÅZ�» �|mÂe �Ó �®·~·
��È°^�·Y 

Softmax 
��ƺƀžŮƊŁŭŪƸţſ��sofmax����ūŤŢƭƸ �ūʬŤƽŮŹţ �ſŤŶǎʪ �ūŤŢƭƸţ �ſƀƢŮƼ �ƫǏǁƒŮƸţ �ƷšŤƊƼ �ɥųƄžƽƴ

��ƈƵơ�ͭƹơ��ŪƭƹŮžƼSigmoid�ŏ����ŪƭǏƝǆ�ŦƊźŭ���ͯšŤǁŲƸţ �ƫǏǁƒŮƹƸ �ƷƖƭˀǎ �ǌƂƸţSoftmax��
��ŪŢƭƸţ �ƀǎƀźŭ �ɥƀơŤƊǎ �ŤƽƼ� �ŪǁͺƽƽƸţ �ŪƬƀǅŮƊƽƸţ �ūŤŢƭƸţ �ƠǏƽŵ �ͭƹơ �ƪƀǄ �ŪŢƬ �Ʒƴ�ūʬŤƽŮŹţ

�ŪƬƀǅŮƊƽƸţ��

ሻݖ�ሺݔܽ݉ݐ݂ܵ ൌ
݁௭

σ ݁௭ೖ
ୀଵ

݆�ݎ݂� ൌ ͳǡǥ ǡ ݇ 

��ƠŵƄŁŭSoftmax����ƻǏƱƸţ�Ʒƴ�ƟǇƽŶƼ�ƾř�ƜŹʬ��ũƀŹ�ͭƹơ�ŪŢƬ�Ʒƴ�ͭƸŝ�ͯƽŮǁŭ�ūŤǀŤǏŧ�ŪƚƱǁƸ�ƶŤƽŮŹʬţ
��ǇǄ��� 

��ͯƬƾǇŲǎŤŧ����ŤǁǁͺƽǎŤǅŮŶƼƄŧ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

def softmax(x): 
    return np.exp(x) / np.sum(np.exp(x), axis=0) 

��ŸǏƕǇŮƸ�ͯƸŤŮƸţ�ſǇͺƸţ�ƷŽſřŪƸţſ��Softmax��
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import numpy as np 
import matplotlib.pyplot as plt 
 
# Softmax Activation Function 
def softmax(x): 
    return np.exp(x) / np.sum(np.exp(x), axis=0) 
 
# Generating data to plot 
x_data = np.linspace(-10,10,100) 
y_data = softmax(x_data) 
 
# Plotting 
plt.plot(x_data, y_data) 
plt.title('Softmax Activation Function') 
plt.legend(['Softmax']) 
plt.grid() 
plt.show() 

 

��ſƀƢŮƼ�ƫǏǁƒŮƸţ�ƷƴŤƎƽƸ�ŪŨƊǁƸŤŧŏūŤƱŨƚƸţ����ŪƬƀǅŮƊƽƸţ�ŪŢƭƸţ�ƷŲƼ�ũƄǏŨƴ�ūŤŵƄžƽƸţ�ŪƱŨƙ�ƾǇƵŭ
��ƷǏŨƉ�ͭƹơ��ŪǏŨƒƢƸţ �ŤǎʭžƸţ �ƿƼŏƶŤŲƽƸţ����ƳǎƀƸ �ƾř �ƓƄŮƬţ�����ūŤŢƬ@A, B, C, D>��ƻű �ƿƼǆ��

��ƲŤǁǄ �ƾǇͺǏƉ�����ŪƸţſ �ŴŭŤǀ �ƾř �ƓƄŮƭǁƸ ��ųţƄŽʪţ �ŪƱŨƙ �ɥŪǏŨƒơ�ŤǎʭŽSoftmax����ŤƼ �ūŤǀŤǏŨƸ
@�ǌǆŤƊǎ����ŏ����ŏ����ŏ����ŏ>����ƶǇƱƸţ�Ťǁǁͺƽǎ�ƶŤƽŮŹʬţ�ŪƽǏư�ͭƸŝ�ƄƞǁƸŤŧƾŝ����ͯƽŮǁǎ�ƶŤŽſʪţ
��ŪŢƭƸţ�ͭƸŝC� 

Loss Function

ƿǏƊźŮƸţ�ūŤǏƼƅƃţǇŽ����ƷǏƹƱŮƸ�ƺƀžŮƊŁŭ�ūŤǏƼƅƃţǇŽ�ƿơ�ũƃŤŨơŪƸţſ��ƸţŚƚž����ŪƭƹƵŮƸţ��ŪƸţſ��Ƹţ�Śƚž��
��ŚƚŽ�ͯǄ�ŪǁǏơ����ͯƽǏƹƢŭ�ŏƀŹţǆ����ŤƽǁǏŧŪƸţſ���ƿơ��ŤǅƹƽƴŚŧ�ŪǏƽǏƹƢŮƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ŚƚŽ�ͯǄ�ŪƭƹƵŮƸţ

��ŪͺŨƎƸţ�Ŧǎƃƀŭ�ŪǏƹƽơ�ɥŪǎŤƦƹƸ�Ťƽ̔ǅƼ�ţʽƃǆſ�ƿǏƊźŮƸţ�ūŤǏƼƅƃţǇŽ�ŦƢƹŭ��ŪͺŨƎƸţ�ƾţƅǆř�Űǎƀźŭ�ƯǎƄƙ
ƄǏűŚŭ �ŤǅƸǆ����ͭǁƢƽŧ ��ǃǏƖƱǎ �ǌƂƸţ �ŦǎƃƀŮƸţ �Ŭưǆ �ͭƹơ �ƄƍŤŨƼŏƄŽŗ����ūŤǏƼƅƃţǇŽƸţ��ƻƹƢŮƹƸ �ƿǏƊźŮ

�ūŤǀŤǏŨƸţ�ƿƼ�ƻƹƢŮƹƸ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ųƁŤƽǁƸ�ƀƱƢƽƸţ�ƷƽƢƸţ�ƿơ�ŪƸǆŜƊƽƸţ�ͯǄ�ƯǏƽƢƸţ��
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��ƺŤƞǁƹƸ�ŪǁǏƢƼ�ūţƆǏƼ�ͭƹơ�ƪƀǅƸţ�ƀƽŮƢǎ��ƪƀǅƸţ�ƀǎƀźŭ�ʬǆř�ŤǁǏƹơ�ŦŶǎ�ŕƿǏƊźŮƸţ�ǇǄ�ŤƼ�ƻǅƭƸ
��ƻƞƢƼ ��ƪƀǅƸţ �ƿǏƊźŭ �ͭƹơ �ƷƽƢŭ �ͯŮƸţ �ūţƄǏƦŮƽƸţ �ƻǏư �ſŤŶǎŝ �ǇǄ �ŤǁƬƀǄ ��ūţƄǏƦŮƽƸţ �ͭƽƊŭ

��Ƅƞǀ�Ūǅŵǆ�ƿƼ��ŤƼ�ŤʽơǇǀ�ũſǆƀźƼ�ūţƄǏƦŮƽƸţŏŪǏƕŤǎƃ����ƄǏŨƵŭ�ŪǏƹƽơ�ǇǄ�ƿǏƊźŮƸţ�maximizing����
��ƄǏƦƒŭ�ǆř�minimizing���ŪǏơǇƕǇƼ�ŪƸţſ�� ݂ሺݔሻ��ŪŨƉŤǁƼ�ūţƄǏƦŮƼ�ƿơ�ŰźŨƸţ�ƶʭŽ�ƿƼݔ����ŤƽǏƬ

��ſǇǏƱŧ�ƯƹƢŮǎܿ��ǇźǁƸţ�ͭƹơ�ŤǅƚƦƕ�ƿͺƽǎ�ͯŮƸţǆ�ŏ�ͯƸŤŮƸţ�

݉݅݊௫ఢோ݂ሺݔሻݐ�ݐ݆ܾܿ݁ݑݏ� ൜
ܿሺݔሻ ൌ Ͳǡ ݅�߳�ࣟ
ܿሺݔሻ  Ͳǡ ݅�߳�ࣣ� 

��ŰǏŹࣟ����ǆࣣ����ǂƂǄ��ũţǆŤƊƽƸţ�ƺƀơǆ�ũţǆŤƊƽƸţ�ſǇǏƱƸ�ūţƄƍŜƽƸţ�ƿƼ�ŪơǇƽŶƼ�ͯƸţǇŮƸţ�ͭƹơ�ŤƽǄ
�ͭƸǆʨţ�ŪƹǄǇƹƸ�ƀǏƴŚŮƸŤŧ�ŪƭǏžƼ�ŪǏŧŤƊźƸţ�ũƃŤŨƢƸţ�ŏ����ʬ�ƿͺƸ��ƺŤơ�ƫƑǇƸ�ŪǁˁƊźƼ�Ťǅǀʨ�ŤƽŧƃŏƯƹƱŭ��

ŤĽƱŹʬ�ŸƖŮǏƉ�Ŗͯƍ�ƷƵƬ��
��ƷǏŨƉ�ͭƹơ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƿǏƊźŮƸ�ŪƭƹŮžƼ�ƮƄƙ�ũƀơ�ƲŤǁǄŏƶŤŲƽƸţ��ŭ�ŪǏƼƅƃţǇŽ�ƘƊŧř��ƿǏƊź

ͯǄ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ɥŪƼƀžŮƊƼ���ͯ ưŤƱŮƍʬţ�ƃţƀźǀʬţ��Gradient Descent����ͯ ưŤƱŮƍʬţ�ƃţƀźǀʬţ��
��ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸţ�ͭƹơ�ƃǇŲƢƹƸ�ƺƀžŮƊŭ�ͭƸǆʨţ�ŪŵƃƀƸţ�ƿƼ�ŪǎƃţƄƵŭ�ƿǏƊźŭ�ŪǏƼƅƃţǇŽ�ǇǄŪƸţƀƸ��

��Űǎƀźŭ�ƀǁơ�ƃŤŨŮơʬţ�ɥƘƱƬ�ƶǆʨţ�ƯŮƎƽƸţ�ƂŽř�ƻŮǎ�ǃǀř�ͯǁƢǎ�ţƂǄ��ŪǁǏƢƼūʭƼŤƢƽƸţ���ɥ��Ʒƴ��ŏƃţƄƵŭ�
��ŰǎƀźŮŧ�ƺǇƱǀɥūʭƼŤƢƽƸţ����ƪƀǅƸţ�ŪƭǏƝǇƸţ�ųƃƀŮƸ�ƈƴŤƢƽƸţ�ǂŤŶŭʬţJ(ߠ)��ƻŶŹ�ƀǎƀźŭ�ƻŮǎ��

��ƻƹƢŮƸţ�ƶƀƢƼ�ƶʭŽ�ƿƼ�ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸţ�ͭƸŝ�ƶǇƑǇƹƸ�ƃţƄƵŭ�Ʒƴ�ɥŤǄƂžŮǀ�ͯŮƸţ�ũǇƚžƸţߙ��
ŏƳƸƂƸ��ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸţ�ͭƸŝ�ƶǇƑǇƹƸ�ƷƭƉʨ�ųƃƀŮƸţ�ǂŤŶŭţ�ƠŨŮǀ� 

��ƿǏƊźŭ�ͯǄ�ǈƄŽř�ŪƱǎƄƙŏƿŭǇǏǀ����ƿǏƊźŭ�ͭƹơ�ƀơŤƊŭ�ͯŮƸţǆ��ūŤǁƊźƽƸţ��ƿƼ�ƯŮƎƼ�ƺţƀžŮƉŤŧ
��ƠƼǆ��ŪƸţƀƸţ�ƃǆƂŵ�ſŤŶǎŝ�ƶʭŽ�ƿƼ�ŪǏǀŤŲƸţ�ŪŵƃƀƸţŏƳƸƁ����ƿƼ�ƄǏŨƴ�ƷͺƎŧ�ƀǎƆŭ�ŪƱǎƄƚƸţ�ǂƂǄ�ƾŞƬ

�ƮƄƚŧ�ŪǀƃŤƱƼ�ǍŧŤƊźƸţ�ƀǏƱƢŮƸţ�ƃţƀźǀʬţͯưŤƱŮƍʬţŏ�ƱŮƎƼ�ͭƹơ�ƀƽŮƢŭ�ͯŮƸţǆŪ����ͭƸǆʨţ�ŪŵƃƀƸţ�ƿƼ
ŏƳƸƂƸ����ͭƹơ�ƀƽŮƢŭ�ŪƭƹŮžƼ�ūŤǏƼƅƃţǇŽ�ƲŤǁǄ��ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�Ŧǎƃƀŭ�ɥūŤŵƃƀŮƸţ�ƷǏƹƱŭ�ƷƖƭˀǎ

ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ�ţƂǅƸ�ţʽƃţƄƽŮƉţ��ŏƻƊƱƸţ�Ƒǆ�ƀƢŧǆ�ǃƭŏƷƼŤͺƸţ��ǈƄŽř�ūţƃţƀƑŝ�ƠŵţƄǀǆ�ƺƀƱǁƉ
ŪǏƼƅƃţǇžƸţ�ǂƂǄ�ƿƼ��

·Y¦Ë� f���� �cZÀ�v¼·Y�

ÙÙÈ°^�·YÙ\Ë�|eÙÈÌ¸¼�ÙÊ§,ÈÌ^� ·YÙÀ�v¼·YÙhv^ËcZÙÙ¾»ÙÈ�Â¼n»Ù¾�cÔ»Z ¼·Y,ÙÙZ0�ËOÙÖ¼�eÙ,½Y�ÁÏYÙÙ
Ù�Y|¬»Ù¶Ì¸¬f·P�z·YÙÙªv¸ËÙÉ~·YÈ·Y|]Ù·YP�zçÙ

 

��ŪǏƼƅƃţǇŽ�ƀƢŭͯưŤƱŮƍʬţ�ƃţƀźǀʬţ����ƃţƀƱƼ�ƷǏƹƱŭ �ƶǆŤźŭ�ƃţƄƵŮƸţ �ͭƹơ�ŪƽšŤư �ƿǏƊźŭ�ŪƱǎƄƙŪƸţſ��
��ŚƚžƸţ��ǂƂǄ �ɥ�ŪǏŨƒƢƸţ �ŪͺŨƎƹƸ �ŪǏƹŽţƀƸţ �ƾţƅǆʨţ �ƄǏǏƦŭ �ƯǎƄƙ �ƿơŏŪƱǎƄƚƸţ����ƾţƅǆř �Űǎƀźŭ �ƻŮǎ

 
1 Gradient Descent 
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��Ʒƴ�ͯƬǆ�ŤʽǏŶǎƃƀŭ�ŪͺŨƎƸţŏƃţƄƵŭ����ŪǏƼƅƃţǇžƸţ�ƶǆŤźŭƷǏƹƱŭ����ŪƸţſ�ŪƽǏưƸţŚƚž�ŪǏƹƽƢƸţ�ǂƂǄ�ƂǏƭǁŭ�ƻŮǎ��

ř�ŤƽƸŤƙ��ɥƄǏǏƦŭ�ͭƸŝ�ǌſŜǎ�ʬ�ŤǄƃţƄƵŭ�ƾŪƸţſ��ƸţŚƚž����
��ƺţƀžŮƉʬ�ŪƼŤơ�ƮƄƙ�ůʭű�ƲŤǁǄͯưŤƱŮƍʬţ�ƃţƀźǀʬţ���ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ��ƷƼŤͺƸţ��(Batch 

gradient descent)ŏ� �ͯưŤƱŮƍʬţ �ƃţƀźǀʬţ� �ŪƢƬſ� �ũƄǏƦƑ (Mini-batch gradient 
descent)��ũƀŹţǆ �ŪǁǏƢŧ �ŰǎƀźŮƸţ �ƻŮǎ �ŤƼƀǁơ ��ŏƘƱƬ����ŪƱǎƄƙ �ǃǏƹơ �Ưƹƚˀǎ�ͯ ưŤƱŮƍʬţ �ƃţƀźǀʬţ��
ͯšţǇƎƢƸţ����Stochastic gradient descent�����ţƃŤƒŮŽţ�ǆţ(SGD)��

�ǂƂǄ�ͯƬŪƱǎƄƙ��ͯưŤƱŮƍʬţ�ƃţƀźǀʬţŏͯšţǇƎƢƸţ��ƿơ�ũƀǎƀŵ�ƾţƅǆřǆ�ūţŖţƄŵŝ�ͭƹơ�ƶǇƒźƸţ�ƻŮǎ
��Ʒƴ�ƶŤŽſŝ�ƯǎƄƙŪǁǏơɥ���ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸţ�ɥƄŲƢŮŭ�Ťǅǀř�ŪƱǎƄƚƸţ�ǂƂǄ�ŦǏơ��ŰǎƀźŮƸţ�ŪͺŨƍ�

��ͭƸŝ �ŪƬŤƕʪŤŧŏƳƸƁ����ɥŪǁǏơ �ƶŤŽſŝ �ƷͺƸ �ŪŧŤŶŮƉʬţ �ŦŨƊŧ �ũƄƱŮƊƼ �ƄǏƥ �ŴšŤŮǀ �ͭƹơ �ǌǇŮźǎ �ǃǀŞƬ
ŪͺŨƎƸţ��� 

«Á�¾»�ÊWYÂ� ·Y�Ê«Z¬f�ÓY��Y|v¿ÓY�¶¸¬Ë��Z¼»�,�Ê]Z�v·Y��Y�°f·Y�� ]�¶Ë�ËÁ�hË|vf·Y�d
�Ì^¯�¶°�]�ÈÌ]Z�v·Y�cZÌ¸¼ ·Y��Ë��e�Ö·S�É{RË�� 

��ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ�ŪƱǎƄƙ�ͯƬƻŮǎ�ƷƼŤͺƸţ����ŪͺŨƎƸţ�ƺǇƱŭ��ŦǎƃƀŮƸţ�ūŤǁǏơ�ƠǏƽŶŧ�ŪͺŨƎƸţ�ŪǎƂƦŭ
��ŪƱǎƄƚƸţ�ǂƂǄ�ƾř�ƿƼ�ƻƥƄƸţ�ͭƹơ��ŚƚžƸţ�ťŤƊŹ�ƀƢŧ�ūŤǁǏƢƸţ�ƠǏƽŶƸ�ũƀŹţǆ�ũƄƼ�Űǎƀźŭ�ŖţƄŵŞŧ

��ĽŪǀƃŤƱƼ �ŤĽŭŤŨű �ƄŲƴř �ŤʽŧƃŤƱŭ �ƄƬǇŭǆ �ͯƹźƽƸţ �ͭǀſʨţ �ƀźƸţ �ƿƼ �ťǆƄǅƸţ �ɥųƁǇƽǁƸţ �ƀơŤƊŭŤŧ��ƃţƀźǀʬ
��ͯưŤƱŮƍʬţŏŪǁǏƢƹƸ��ǌſŜŭ�ƳƸƁ�ƠƼ�Ťǅǀř�ʬŝ�����ƶǇƙř�Ŧǎƃƀŭ�Ŭưǆ�ͭƸŝŏŤʽƖǎř����Ťƽ̔šţſ�ƿͺƽƽƸţ�ƿƼ�ƈǏƸ

��ƿǏŧ�ũǇŶƭƸţ �ɥ�ũƄƴţƂƸţ �ƐƱǀ�ŦŨƊŧ�ŪͺŨƎƸţ �ͭƸŝ �ŦǎƃƀŮƸţ �ūŤǁǏơ�ƠǏƽŵ�ƶŤƉƃŝŏƿǏŮƱǎƄƚƸţ����ƻŮǎ
��ƺţƀžŮƉţ��ͯưŤƱŮƍʬţ�ƃţƀźǀʬţũƄǏƦƑ�ŪƢƬſ���mini-batch gradient descent���ǂƂǄ�ɥ��ŏŪƱǎƄƚƸţ��

ƃƀŮƸţ �ūŤǁǏơ �ƿƼ �ŪơǇƽŶƽŧ �ŪͺŨƎƸţ �ŪǎƂƦŭ �ƻŮǎ�ƠŮƽŮǎ ��ƿǏŮƱŧŤƊƸţ �ƿǏŮƱǎƄƚƸţ �ƿƼ �ũſŤƭŮƉʭƸ �Ŧǎ
ƢƽƸţ�ŰǎƀźŭŤ�Ƽʭ��ǂƂǄ�ƺţƀžŮƉŤŧ��ŪƽǅƼ�ũƆǏƽŧ�ūŤǁǏƢƸţ�ƿƼ�ŪơǇƽŶƼ�ƺţƀžŮƉŤŧ�ūŏŪƱǎƄƚƸţ����ƾǇͺǎ

ŪŨŽŤƒƸţ �ūŤǁǏƢƸţ �ƿƼ �ŪƼǆŤƱƼ �ƄŲƴř �ųƁǇƽǁƸţ��(Noisy data)��Űǎƀźŭ �ɥƷưř �ƿǎŤŨŭ �ǃǎƀƸǆ
ūʭƼŤƢƽƸţ��ƠƼǆ��ţƃţƄƱŮƉţ�ƄŲƴř�ŤŧƃŤƱŭ�ƄƬǇǎ�ţƂǄ��ŏƳƸƁ��ƹƚŮŭ��ƻƹƢŮƸţ�ƶƀƢƼ�ƃŤǏŮŽţ�ŦǏƸŤƉʨţ�ǂƂǄ�Ŧ

ŏƳƸƁ����ǃƊƭǀ�ƻƹƢŮƸţ�ƶƀƢƼ�ƾǇͺǎ�ƾř�ƿͺƽǎ�ʬ��Ƹŝ�ŪƬŤƕʪŤŧ��ǂƃŤǏŮŽţ�Ťƽ̔šţſ�ƷǅƊƸţ�ƿƼ�ƈǏƸ�ǌƂƸţͭ��ߙ�
��ƷŹţƄƽƸţ�ƠǏƽŵ�ͯƬŪǏŨǎƃƀŮƸţ����ƃŤǏŮŽţ�ƻŭ�ţƁŝ��ƷŲƼʨţ�ǇǄ�ŪƭƹŮžƽƸţ�ƄǏǎŤƢƽƸţ�ƠǏƽŶƸǆߙ���ƄǏŨƴ�ƻŶźŧ

ŏţĽƀŵ����ɥ�ŪƹƒƸţ�ūţƁ�ŪǏƹźƽƸţ�ŤǏǀƀƸţ�ſǆƀźƸţ�ƅǆŤŶŮǎ�ǆř�ťƃŤƱŮǎ�ʬ�ǆř�ŦǎƃƀŮƸţ�ŦƹƱŮǎ�ƀƱƬŏƷŧŤƱƽƸţ�
��ƄǏƦƑ�ͯƽǏƹƢŭ �ƶƀƢƼ�ƃŤǏŮŽţ �ƻŭ �ţƁŝŏţĽƀŵ����ƿƼǆ��ťƃŤƱŮƸţ �ŪǏƹƽơ�ƄǏŨƴ�ƷͺƎŧ�ƄŽŜǎ �ǃǀŞƬŏƻű����ƾŞƬ

��ƺţƀžŮƉţ�ǇǄ�ţƂǄ�ͭƹơ�ƷǎŤźŮƹƸ�ƠšŤƎƸţ�ťǇƹƉʨţ��ƶƀƢƼ�ƶʭźǀţ�ƻƹƢŮƸţ���rate decay���ƷǏŨƉ�ͭƹơ��
ţŏƶŤŲƽƸ����ƺţƀžŮƉţ�ǌſŜǎ�ƾř�ƿͺƽǎƶʭźǀʬţ����ƃƀƱŧ�ŸƽƊǎ�ţƂǄ��ūţƄŮƬ�ũƀƢŧ�ƻƹƢŮƸţ�ƶƀƢƼ�ƷǏƹƱŭ�ͭƸŝ

��ƠƼǆ��ŦǎƃƀŮƸţ�ŪǎŤǅǀ�ɥƷưř�ƻƹƢŭ�ƶƀƢƼǆ�ŦǎƃƀŮƸţ�Ūǎţƀŧ�ɥƻƹƢŮƸţ�ƿƼ�ƄŨƴřŏƳƸƁ����ƶʭźǀʬţ�ŪƱǎƄƙ�ƾŞƬ
��ŤʽƖǎř�ͯǄ�ǂƂǄūʭƼŤƢƼ��ƯǏŨƚŮƸţ�ͭƹơ�ţʽſŤƽŮơţ�ŪǎŤǁƢŧ�ŤǅƽǏƽƒŭ�ŦŶǎǆ�ŤǅŭţƁ�ƀŹ�ɥŪƱšŤƬ.�
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�ǂƂǄ�ɥ�ŸǏźƒƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ſŤŶǎŝ�ŪƹͺƎƼ�ƷŹ�ǇǄ�ͯƭǏƵŮƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ƿˌƊźˀƼ�ƿƼ�ƪƀǅƸţ

ŏŦǏƸŤƉʨţ����ƻƹƢŮƸţ�ƶƀƢƼ�ƾǇͺǎ�ʬߙ����ţʽƄǏƦŮƼŏ́ʭƼŤƍ����ƷͺƸ�ƾǇͺǎ�ƳƸƁ�ƿƼ�˟ʬƀŧ�ƿͺƸǆƷƼŤƢƼ����ƷŧŤư
��ƏŤžƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ƻǏƹƢŮƹƸ��ͭƸŝ�ŪŵŤźŧ�ƶţƆŭ�ʬ�ƮƄƚƸţ�ǂƂǄ�ƾř�ƿǏŹ�ɥ�ŤǅŧŏūʭƼŤƢƼ���Ťǅǀţ�ʬţ��

��ƿƼ�ƠƉǆř �ƮŤƚǀ �ƠƼ �ƀǏŵ�ƷͺƎŧ�ƷƽƢŭūŤƽǏƞǁŮƸţŔɥƾŤǏŹʨţ �ƿƼ�ƄǏŲƴ�ŏ��ƻǅǀţ����ƘƱƬ��ƾǇƼƀžŮƊǎ
ūʭƼŤƢƽƸţ��ŪƱšŤƭƸţ��ŪŹƄŮƱƽƸţ�ŪǏƕţƄŮƬʬţ��

 

��ŤǀƄƴƁ�ŤƽƴŏŤĽƱŧŤƉɥ��ŪƸţſ�ƷŹ�Ťǁǁͺƽǎ�ƫǏƴ�ƾʦţ�ǈƄǁƸ��ŪƸţſ�ƄǏƦƒŭ�Ťǀſƃř�ƿǏƊźŮƸţ�min��ƷƖƭŧ�ŕ
��ƷƕŤƭŮƸţ�ťŤƊŹŏƷƼŤƵŮƸţǆ����ͭƽƊŭ�ũţſř�ŤǁǎƀƸƃţƀźǀʬţ��ƶʭŮƸţ�ƾř�ƻƹƢǀ�ƿźǀ��Ʒŭ�Ūƽư�ͭƹơ�ũƄƴ�ƷǏžŭ��

��ŦŨƊŧ��ŪƭƹŮžƼ�ƿƴŤƼř�ɥŪƭƹŮžƼ�ūŤŵƃƀŭ�ŤǅƸŏŪǏŧƁŤŶƸţ����ǌř�ɥ�ƷŮƸţ�ͭǁźǁƼ�ƷƭƉř�ũƄͺƸţ�ƲƄźŮŭ
Ƹţ�ŦǄƂŭ�ǂŤŶŭţ��ƀƢŧ��ƃţƀźǀʬţ�ƀǎƀƍ�ƃƀźǁƼ�ŕũƄͺŏũƄŮƬ����ŰǏŹ�ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸţ�ͭƸŝ�ũƄͺƸţ�Ʒƒŭ

��ŪƢǏŨƙ �ͯǄ �ǂƂǄ ��ŤǅƚǏźƽƸ �ŪŨƊǁƸŤŧ �ŪźƚƊƼ �Ɠƃʨţ �ƾǇƵŭͯưŤƱŮƍʬţ �ƃţƀźǀʬţ��ƷǎǇźŭ �Ťǁǁͺƽǎ ��
��ũǇƚžƸţ�ɥ�ũƄǏƦƑ�ūţǇƚŽ�ͭƸŝ�ũƄͺƹƸ�ƈƹƊƸţ�ƃŤƊƽƸţk���ũǇƚžƸţ�ƶǇƙ��ƾŤŮǏƽƴ�ŤǁǎƀƸ�ƾǇͺǏƉ�ŏߙ��

��ǂŤŶŭʬţǆ��ũƀǄŤƎƽƸ ��ɥͯưŤƱŮƍʬţ �ƃţƀźǀʬţ����ŪƉƃŤƽƽƸţŏŪǏƹƽƢƸţ����ƔƢŧ �ſţƄǏŮƉŤŧ �˟ʬǆř �ƺǇƱǀ
ūŤŨŮͺƽƸţ�� 

import numpy as np 
import matplotlib.pyplot as plt 
from matplotlib.ticker import MaxNLocator 
from itertools import product 

ŏŖƀŨƹƸ����ŪƚǏƊŧ�ŪǏơǇƕǇƼ�ŪƸţſ�ſƀźǀ݂ሺݔሻ �ൌ �;ݔ� െ �ݔʹ� െ �͵����ƾřݔ����ţʽƄƞǀ��ŪǏƱǏƱŹ�ƺŤưƃř�ͯǄ
��ƾʨ��ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ��ƺƀžŮƊǎƃţƀźǀʬţ��Ť̔Ɩǎř�ſƀźǀ�ŤǁǀŞƬ �ŏƃţƀźǀʬţ ��݂����ƯŮƎƽƸţ�ƘƱƬ�ǇǄǆ�ŏ

�ƿƼ�ƶǆʨţ݂����ŏǎ�ǁƢ݂ͬ�ሺݔሻ ൌ ݔʹ െ ʹǣ�

def func(x): 
    return x**2 - 2*x - 3 
 
def fprime(x): 
    return 2*x - 2 

��ƀƢŧŏƳƸƁ����ſƀźǀƶţǆſ��ƾǇŲǎŤŧ����ƻƉƄƸŪƸţſ��ƪƀǅƸţ��ƿǏƊźŮƸţ�ŪǏƹƽơ�ŖŤǁűř�ƻƹƢŮƸţ�ƃŤƊƼǆ��

def plotFunc(x0): 
    x = np.linspace(-5, 7, 100) 
    plt.plot(x, func(x)) 
    plt.plot(x0, func(x0), 'ko') 
    plt.xlabel('$x$') 
    plt.ylabel('$f(x)$') 
    plt.title('Objective Function') 
 
def plotPath(xs, ys, x0): 
    plotFunc(x0) 
    plt.plot(xs, ys, linestyle='--', marker='o', color='#F12F79') 
    plt.plot(xs[-1], ys[-1], 'ko') 
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��ͯǀŤǏŨƸţ�ƻƉƄƸţ�ƿƼŏǂŤǀſř����ƾř�ŪƸǇǅƊŧ�ǈƄǀ�ƾř�Ťǁǁͺƽǎ݂����ͯǄ�ŤǏǀſ�ŪƽǏư�ŤǅƸݔ ൌ ͳ�Ťǀřƀŧ�Ťǁǀř�ƓƄŮƭǁƸ��

��Ƨŧݔ� ൌ �െͶ�ǂŤǀſř�ŖţſǇƉ�ŪƚƱǁŧ�ŤǅǏƸŝ�ƃŤƎƽƸţ�ŏ�����ƾŤƴ�ţƁŝ�ŤƼ�ǈƄǀ�ƾř�ƀǎƄǀ��ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ��ǃǁͺƽǎ
��ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸţ�ƀǎƀźŭݔ� ൌ �ͳ����

x0 = -4 
plotFunc(x0) 

�
��ŪƚƱǀ�ƷͺƸ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƘǏƊŨƸţ�ͯưŤƱŮƍʬţ�ƃţƀźǀʬţ�ŪǏƼƅƃţǇŽ�ſƀźǀݔ��ɥ��ũǇƚžƸţ�Ūǎţƀŧ�݇�ŏ

�ũǇƚžƸţ�ƶǇƙ�ͭƹơ�ƜƬŤźǀߙ��ǂŤŶŭţ�ƘŨƖǀǆ�ŤĽŮŧŤű��ŪƽǏư�ͭƹơ�ŤʽǏŨƹƉƃţƀźǀʬţ��ǂƂǄ�ƂǏƭǁŮŧ�ƺǇƱǀ��
�ŪǏƸŤŮƸţ�ŪƦǏƒƸţ�ƺţƀžŮƉŤŧ�ūţǇƚžƸţ��

ାଵݔ ൌ ݔ   ߙ

��ƾǇͺǎ�ŰǏŹƃţƀźǀʬţ����ŤǁŮƸŤŹ�ͯƬ��ŪǁǏƢƼ�Ʒƽźŭ�ŪƽǏư�ƿƼ�ͭƹơřͳ ൈ ͳͲିହ��ūţǇƚžƸţ�ſƀơ�ƾǇͺǎǆ��
��ŤǁŮƸŤŹ�ͯƬ��ŪǁǏƢƼ�ŪƽǏư��������

def GradientDescentSimple(func, fprime, x0, alpha, tol=1e-5, max_iter=1000): 
    # initialize x, f(x), and -f'(x) 
    xk = x0 
    fk = func(xk) 
    pk = -fprime(xk) 
    # initialize number of steps, save x and f(x) 
    num_iter = 0 
    curve_x = [xk] 
    curve_y = [fk] 
    # take steps 
    while abs(pk) > tol and num_iter < max_iter: 
        # calculate new x, f(x), and -f'(x) 
        xk = xk + alpha * pk 
        fk = func(xk) 
        pk = -fprime(xk) 
        # increase number of steps by 1, save new x and f(x) 
        num_iter += 1 
        curve_x.append(xk) 
        curve_y.append(fk) 
    # print results 
    if num_iter == max_iter: 
        print('Gradient descent does not converge.') 
    else: 
        print('Solution found:\n  y = {:.4f}\n  x = {:.4f}'.format(fk, xk)) 
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    return curve_x, curve_y 

�ƿƼ�řƀŨǀݔ� ൌ െͶ����ŪǏƼƅƃţǇŽ�ƷƦƎǀǆͯưŤƱŮƍʬţ�ƃţƀźǀʬţ����ͭƹơ݂��ŪƭƹŮžƼ�ūŤǄǇǎƃŤǁǏƊŧ:�

�ᴷߙ����� ൌ �ͲǤͳ 
�ᴷߙ����� ൌ �ͲǤͻ 
�ᴷߙ����� ൌ �ͳ� ൈ �ͳͲିସ 
�ᴷߙ����� ൌ �ͳǤͲͳ 

��ǇǎƃŤǁǏƊƸţ�ƶǆʬţ����ᴷߙ ൌ �ͲǤͳ�

xs, ys = GradientDescentSimple(func, fprime, x0, alpha=0.1) 
plotPath(xs, ys, x0) 

Solution found: 
  y = -4.0000 
  x = 1.0000 

�
��ǇǎƃŤǁǏƊƸţ�ͯ ǀŤŲƸţ����ᴷߙ ൌ �ͲǤͻ�

xs, ys = GradientDescentSimple(func, fprime, x0, alpha=0.9) 
plotPath(xs, ys, x0) 

Solution found: 
  y = -4.0000 
  x = 1.0000 
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�
��ǇǎƃŤǁǏƊƸţ�ŰƸŤŲƸţ����ᴷߙ ൌ �ͳ� ൈ �ͳͲିସ�

xs, ys = GradientDescentSimple(func, fprime, x0, alpha=1e-4) 
plotPath(xs, ys, x0) 

Gradient descent does not converge. 
 

�
��ǇǎƃŤǁǏƊƸţ�ƠŧţƄƸţ����ᴷߙ ൌ �ͲǤͳ�

xs, ys = GradientDescentSimple(func, fprime, x0, alpha=1.01, max_iter=8) 
plotPath(xs, ys, x0) 

Gradient descent does not converge. 
 

�
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��ŤƼ�ƐǏžƹŭ�ƿͺƽǎ��ͭƹơ�ŪƭƹŮžƽƸţ�ūŤǄǇǎƃŤǁǏƊƸţ�ɥǂʭơř�ŪǏźǏƕǇŮƸţ�ƺǇƉƄƸţ�ƿƼ�ǃǏƹơ�ŤǁƹƒŹ

ͯƸŤŮƸţ�ǇźǁƸţ:�
    ��ũǇƚžƸţ�ƶǇƙ�ƾŤƴ�ţƁŝ�ͭŮŹ��ŪƸǇǅƊŧ�ťƃŤƱŮƼ�ƶǆʨţ�ǇǎƃŤǁǏƊƸţŏŤĽŮŧŤű����Ɣƭžǁǎ�ǂŤŶŭʬţ�ƾŞƬ��ͭƸŝ
ŏƄƭƒƸţ��ťƃŤƱŮƸţ�ͭƸŝ�ǌſŜǎ�ŤƽƼ.�
    ƃŤƊƼ �ťƂŧƂŭ �ƿƼ �ƻƥƄƸţ �ͭƹơ �ŤʽƖǎř �ͯǀŤŲƸţ �ǇǎƃŤǁǏƊƸţ �ťƃŤƱŮǎ���ũǇƚžƸţ �ƶǇƙ�ŦŨƊŧ �ƻƹƢŮƸţ

ƷźƸţ�ƶǇŹ�ũƄǏŨͺƸţ.�
    ��ƠƼǆ��ƷźƸţ�Ǉźǀ�ƲƄźŮǎ�ŰƸŤŲƸţ�ǇǎƃŤǁǏƊƸţŏƳƸƁ����ƻŮǎ�ŰǏźŧ�ţĽƀŵ�ƄǏƦƑ�ũǇƚžƸţ�ƶǇƙ�ƾŞƬ

��ǂƂǄ�ɥ�ŪŧŤŵʪţ�ͭƹơ�ƃǇŲƢƸţ�ǃǁͺƽǎ�ʬǆ�ūţƃţƄƵŮƸţ�ſƀơ�ƄǏŨƵŭŏŪƸŤźƸţ����ͭƸŝ�ͭƒưʨţ�ƀźƸţ�ũſŤǎƅ�ǌſŜŭ
ŪƹͺƎƽƸţ�ƷŹ.�

    ���ũƄǏŨͺƸţ�ũǇƚžƸţ�ƶǇƙ�ŦŨƊŧ�ƫƹŮžƼ�ƠŧţƄƸţ�ǇǎƃŤǁǏƊƸţŏŤǁǄ��ƿǏǏƢŮŧ�Ťǁƽư max_iter = 8 
ͯźǏƕǇŮƸţ�ƻƉƄƸţ�ƿǏƊźŮƸ.�

��ƷźƸţ �ƾř �ǇǄ�ǃƽǅƬ �ƿͺƽǎ �ƀŹţǆ�Ŗͯƍx = 1����ǃǏƹơ�ƶǇƒźƸţ �ƿͺƽǎͯưŤƱŮƍţ �ƃţƀźǀŤŧ����ƶǇƚŧ
�ŦƉŤǁƽƸţ�ũǇƚžƸţ�

ƯŮƎƽƸţ�ƂŽ��ƯǏưſ�ͯƹǏƹźŭ�ƷźƸ�ŤǁƼţƀžŮƉţ�ƺƀơ�ŦŨƉ�ƿơ�ƶŖŤƊŮŭ�ƀư ݂ ƻű�ŏ��ƷŹ ݔ ��ŰǏźŧ
��ƶŤŲƽƹƸ�ŪŨƊǁƸŤŧ��ţʽƄƭƑ�ŪƱŮƎƽƸţ�ƾǇƵŭŏƯŧŤƊƸţ��ƾř�ƀŶǀ ݔ ƿƼ�ƷƹƱŭ�ͯŮƸţ ݂  ƯƱźŭ ݂ሺݔሻ ൌ ݔʹ െ

ʹ��ǌř�ŏ ݔ� ൌ �ͳ. ŏƻƢǀ����ǆř�ŦƢƒǎ�ŰǏŹ�ƿǏƊźŭ�ŪƹͺƎƼ�ǃŵţǇŭ�ŤƼƀǁơ�ƿͺƸǆ��ũƀŹţǆ�ŪƱǎƄƙ�ǂƂǄ
ƱŮƎƽƸţ�ƷŹ�ƷǏźŮƊǎŪ ݂ ŪǏǁƱŮƸţ�ǂƂǅŧ�ͭƑǇǎ�ƀƢǎ�ƻƸ�ŏ.�

��Ʒƽơ�ŪǏƭǏͺƸ�ƷƖƬř�ƻǅƬ�Ʒŵř�ƿƼ�ƘƱƬ�ƾŤƴ�ǂʭơř�ƘǏƊŨƸţ�ƂǏƭǁŮƸţ�ƾř�ƜŹʬ�ͯ ưŤƱŮƍʬţ�ƃţƀźǀʬţ��
��ŪƉƃŤƽƽƸţ �ɥ�ͯźǏƕǇŮƸţ �ƻƉƄƸţ �ƠƼŏŪǏƹƽƢƸţ����ŪŵŤŹ �ƲŤǁǄ �ŬƊǏƸŏƂǏƭǁŮƹƸ���ƻƹƢŮƸţ �Ƅƙř �ƿƽƖŮŭǆ

ūŤǏƼƅƃţǇžƸţ�ǂƂǅƸ�ƶŤƢƭƸţ�ƂǏƭǁŮƸţ�ƯǏƽƢƸţ����

Momentum 

Śŭ��ŪƱǎƄƙ �ƂŽͯưŤƱŮƍʬţ �ƃţƀźǀʬţ����ƻƹƢŮƸţ �ƶƀƢƼ �ƺţƀžŮƉŤŧ �ͯƉŤǏƱƸţߙ����ǂŤŶŭʬţ �ɥũƄǏƦƑ �ũǇƚŽ
��ƈƴŤƢƽƸţƃţƀźǀʭƸƂǄ����ƷƼŤƢƽƸţ�ţ��ǇźǁƸţ�ͭƹơ�ŪǏƕŤǎƄƸţ�ǃŮƸſŤƢƼ��ƻƹƢŮƸţ�ŪǏƹƽơ�ƶţǇƙ�ŪŮŧŤű�ŪƽǏư�ǃƸ

ͯƸŤŮƸţ���

௧ାଵߠ ൌ ௧ߠ െ Ǥߙ  ௧ሻߠ௧ሺ

��ŰǏŹߠ௧����ͯǄūʭƼŤƢƼ����ũƄŮƭƸţ�ɥųƁǇƽǁƸţ�ƾţƅǆřݐ�� ��ŏ௧ሺߠ௧ሻ����ͯǄƃţƀźǀʬţ����ƾƅǆ�ƷͺƸߠ௧ɥ��ũƄŮƭƸţ�
����ƲƄźŮǎ��ƻƹƢŮƸţ�ƶƀƢƼ�ͯǄͯưŤƱŮƍʬţ�ƃţƀźǀʬţ����ŪƱŧŤƊƸţ�ūţǇƚžƸţ�ƿơ�ƷƱŮƊƼ�ƷͺƎŧ�ͯƉŤǏƱƸţߙ����ǆݐ

��ŬǀŤƴ�ţƁŝ��ƷƭƉř�ͭƸŝ�ŬŧŤű�ũǇƚŽ�ƻŶźŧŪƸţƀƸţ����ŪǏƹźƼ�ūŤǁǏƊźŭ�ƠƼ�ƷǎǇƙ�ǌſţǆ�ƷŲƼ�ŪƬƀǅŮƊƽƸţ
��ƷͺƎƸţ�Ƅƞǀţ��ƿǏŨǀŤŶƸţ�ʭƴ�ͭƹơ�ũƃƀźǁƼ�ƾţƃƀŵǆ�Ĺ���ţĽƀŵ�ŤǋˏǏƚŧ�ƾţƅǆʨţ�Űǎƀźŭ�ƾǇͺǏƊƬ�ŏ��
��ǂƂǄ�ƷźƸ��ūţǇƚžƸţ�ƿƼ�ƄǏŨƴ�ſƀơ�ͭƸŝ�ǌſŜǏƉǆŏŪƹͺƎƽƸţ����ƪŤƖˀǎ���ƻŽƆƸţMomentum����ͭƸŝ
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��ŪǏƼƅƃţǇŽͯưŤƱŮƍʬţ�ƃţƀźǀʬţ��ŪǏƊǏšƄƸţ�ũƄƵƭƸţ��Ƹ��ƻŽƆƹƕŝ�ͯǄ��ͭƸŝ�ǈƀƽƸţ�ũƄǏƒư�ũƄƴţƁ�ŪƬŤ��ƃţƀźǀʬţ
ͯưŤƱŮƍʬţ��ͭǁƢƽŧ��ŏƄŽŗ����ƺţƀžŮƉţ�ƿƼ�˟ʬƀŧƃţƀźǀʬţ����ǃǏŵǇŮƸ�ŪǏƸŤźƸţ�ŪƹŹƄƽƹƸŏŰźŨƸţ����ƺǇƱǎ�ƻŽƆƸţ��

��ǇźǁƸţ �ͭƹơ�ŪǏƸʦţ�ǂƂǄ�ƂǏƭǁŭ �ƿͺƽǎ��ǂŤŶŭʬţ�ƀǎƀźŮƸ �ŪƱŧŤƊƸţ �ūţǇƚžƸţ �ūŤŵƃƀŭ�ƠǏƽŶŮŧ�ŤʽƖǎř
ͯƸŤŮƸţ���

௧ାଵߠ ൌ ௧ߠ െ  ௧ݒ
௧ݒ ൌ Ǥߛ ௧ିଵݒ െ Ǥߙ  ௧ሻߠ௧ሺ

��ǂƂǄ �ͯƬŏūʬſŤƢƽƸţߛ������ƄǏűŚŭ �ſƀźǎ �ǌƂƸţ �ƻŽƆƸţ �ƄǏŨƢŭ �ǇǄūţƃţƀźǀʬţ����ŰǎƀźŮƸţ �ͭƹơ �ŪƱŧŤƊƸţ
��ƿƼ�ťƄƱƸŤŧ�ũƃŤŨƢƸţ�ǂƂǄ�Ơƕǆ�ͯǄ�ŪƼŤƢƸţ�ũƄƵƭƸţ��ͯƸŤźƸţ����ƃƀư�ŪǏƸŤơ�ŪƽǏư�ƃŤǏŮŽţǆ�ƾŤͺƼʪţ�ƃƀư

��ƶƀƢƽƸ�ƾŤͺƼʪţŏƻƹƢŮƸţ��ƄƱŮƊƼ�ťƃŤƱŭ�ͭƹơ�ƛŤƭźƸţ�ƠƼ���

 
��Ʒͺƍ��Ĺ������ŸǏƕǇŭŪƸţſ��Griewank�

��hË|ve�È·{Z »�Ö·S�cZ�Â¨v¼·Y�È§Z�S�µÔy�¾»¶»Z ¼·Y����Ö¸��0LZÀ]�Y|v¿ÓY����d¼e�É~·Y
��cZjË|vf·Y �Ê§ �ÄfÆmYÂ»,È¬]Z�·Y����ºy�·Y ��Ì¤ËÊ«Z¬f�ÓY ��Y|v¿ÓY����ÄÌ·S �Ç�¯Y} �¦Ì�Ë�

���O�[�Z¬e�Ö·S�É{RË�Z¼»��Z»�È¬Ë��]�� 

NAG 

�ũƀǏŵ�ũƆǏƼ�ǇǄ�ƻŽƆƸţ �ƶʭŽ�ƿƼ�ƟƃŤƊŮŭǆ�ǌſţǇƸţ �ƷƭƉř�ͭƸŝ �ųƄŹƀŮŭ�ͯŮƸţ �ũƄͺƸţ �ǃǏŨƎŭ�ƾř �ǆƀŨǎ
��ƠƼǆ��ƂǏƭǁŮƹƸ�ŏƳƸƁ����ɥƾǇƵŭ�ŤƼƀǁơ�ũƄͺƸţ �ƫưǇŮŭ�ʬŏǌſţǇƸţ���ͯǅŮǁŭ �ͭŮŹ�ƄŲƴŚƬ �ƄŲƴř �ƃǆƀŭ�ͯǅƬ
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��ŪǏŹŤǀ�ƿƼ��ŪơƄƊƸţŏǈƄŽř����ƿƼ�ƄŽʦţ�ŦǀŤŶƸţ�ͭƹơ�ſǇƢƑ�ƲŤǁǄ�ƾŤƴ�ţƁŝŏǌſţǇƸţ����ͭƸŝ�ƳƸƁ�ǌſŜǏƊƬ

ƀŭƃţ��ŪǎŤǅǁƸţ�ɥũƄͺƸţ�ſţŏƫƹžƹƸ���ͭǀſř�ƀǁơ�ũƄͺƸţ�ƫưǇŮŭ�ƾř�ƷŨư�ūŤŨƹƱŭ�ũƀơ�ƲŤǁǄ�ƾǇƵŮƉ�ƿͺƸǆ
���ƪǆƃǇŮƊǏǀ�ŖŤŵ��ǌſţǇƸţ �ɥŪƚƱǀ������ƻŶŹ�ťŤƊźƸ��ĽŤǏƸŤơ�ƟŤƭŭƃʬţ�ƿƼ�ũƄͺƸţ �ƠǁƼ�ũƄƵƭŧ��

��ũƄŮƭƸţ �ɥũǇƚžƸţŏŪǏƸŤźƸţ���ũƄͺƸţ �ͯǅŮǁŭ �ŰǏŹ �ǍŨǎƄƱŮƸţ �ƠưǇƽƸţ �ɥͯǀǇƹƸţ �ųƃƀŮƸţ �ťŤƊźŧ �ƺǇƱŭ
ƀžŮƉŤŧ��ƀƢŧ��ͯƉŤǏƱƸţ�ƻŽƆƸţ�ƺţŏƳƸƁ����ţƂǄ�ƺţƀžŮƉţ�ƻŮǎ��ƃţƀźǀʬţ��ŦƉŤǁƼ�ǇǄǆ�ŏŸǏźƒŭ�ŖŤƎǀʪ

�ūŤŵƃƀƸţ�ƻŶŹ�Ơǁƽǎ�ţƂǄ��ǍŨǎƄƱŭ�ƠưǇƼ�ɥſǇƢƑ�ƃƀźǁƼ�ŤǅǏƬ�ƀŵǇǎ�ͯŮƸţ�ūʬŤźƸţ�ɥƏŤŽ�ƷͺƎŧ
�ǇźǁƸţ �ͭƹơ�ŪƱǎƄƚƸţ �ǂƂǄ�ƪǆƃǇŮƊǏǀ�ƯŨƚǎ��ǌſţǇƸţ �ƿƼ�ƄŽʦţ �ŦǀŤŶƸţ �ͭƸŝ �ŪǎſŜƽƸţ �ţĽƀŵ�ũƄǏŨͺƸţ

ͯƸŤŮƸţ���

௧ାଵߠ ൌ ௧ߠ െ  ௧ݒ
௧ݒ ൌ Ǥߛ ௧ିଵݒ െ Ǥߙ ௧ߠ௧ሺ െ Ǥߛ  ௧ିଵሻݒ

��Ƨŧ�ŪƱǎƄƚƸţ�ǂƂǄ�ͭƽƊŭNesterov Accelerated Gradient Descent����ǆřNAG�����ƃŤƒŮŽʭƸ
��ťŤƊŹ�ǇǄ�ŪƱǎƄƚƸţ�ǂƂǄ�ŦǏơ௧ሺߠ௧ െ Ǥߛ ௧ିଵሻ������ƔƢŨƸ�Ť̔ǏŧŤƊŹ�ŤĽŮưǆ�ƮƄƦŮƊŭ�ƾř�ƿͺƽǎ�ͯŮƸţǆ�ŏݒ

��ŷƄŮƱǎ��ūŤͺŨƎƸţSutskever����ƾǆƄŽŗǆ������ťŤƊŹ�ƷǎƀƢŭ��ݒ௧��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

௧ݒ ൌ Ǥ݉௧ߛ  Ǥߙ  ௧ሻߠ௧ሺ
݉௧ ൌ Ǥ݉௧ିଵߛ  Ǥߙ  ௧ሻߠ௧ሺ

keras 

��ƺţƀžŮƉţ�ƀǁơKerasŏ����ƀǎƀźŮƸŏƿˌƊźƽˀƸţ����ƿˌƊźˀƼ�ƐǏƒžŭ�ƿͺƽǎͯưŤƱŮƍʬţ�ƃţƀźǀʬţ����ͯšţǇƎƢƸţ
�SGD��ŪŢƬ�ƿƼ�ũƄƍŤŨƼ�ūŤǁǏơ�ƂŽř�ƯǎƄƙ�ƿơ��SGD��ųƁǇƽǁƸţ�ƠǏƽŶŭ�ƀǁơ�ŤǅƼţƀžŮƉţǆ���

from tensorflow.keras.optimizers import SGD 
... 
sgd = SGD(learning_rate=0.0001, momentum=0.8, nesterov=True) 
model.compile(optimizer=sgd, loss = ..., metrics= ...) 

��ŪŢƬ�ƷŨƱŭSGD��ƄŮǏƼţƃŤŧ��(learning_rate)����ͭƸŝ�ͯƕţƄŮƬʬţ�ſţƀơʪţ�ƠƼ�ƻƹƢŮƸţ �ƶƀƢƼ�����ŏ���
ƻŽƆƸţǆ(momentum)ŏ���ƪǆƄŮƊǀǆ��nesterov����ŪǏƱƚǁƼ�ŪƽǏƱŧƷƼŤƢƼǆ����ƶʭźǀţ�decay���ŪǎƃŤǏŮŽţ����

 

��ūţƃţƀƑŝ �ƠǏƽŵ�ƺƀžŮƊŭͯưŤƱŮƍʬţ �ƃţƀźǀʬţ����ƻƹƢŮƸţ �ƶƀƢƼ �ƈƭǀ �ƾʦţ �ͭŮŹ �ŤǅƽǎƀƱŭ �ƻŭ �ͯŮƸţ
��Ʒƴ�Űǎƀźŭ�ťŤƊźƸƷƼŤƢƼ����ūŤƼǇƹƢƼ�ƾř�ͯǄ�ŪƽǅƽƸţ�ŪƚƱǁƸţ�ƿͺƸ��ũƀŹ�ͭƹơɥƃţƀźǀʬţ����Űǎƀźŭ

��ŪǏƽǄř�ƄŲƴř�ƾǇƵŭ�ƾř�ƿͺƽǎ�ƀŹţǆƷƼŤƢƽƸ��ƀŹţǆ�����ǈƄŽř�ƿƼŏƳƸƂƸɥ��ǂƂǄ�ƷŲƼ�ŏŪƸŤźƸţ����ƾř�ŦŶǎ
ǎ��ƂžŮƷƼŤƢƽƸţ����ǂŤŶŭţ �ɥƄŨƴř �ũǇƚŽ�ŪǏƽǄř �ƄŲƴʨţ �ūŤŲǎƀźŮƸţ �ūţƁƃţƀźǀʬţ����ƿƼƷƼŤƢƽƸţ���ūţƁ
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��ͭǁƢƽŧ��ŪǏƽǄř�Ʒưʨţ�ūŤŲǎƀźŮƸţŏƄŽŗ����ŪǏƹƽơ�ƠǎƄƊŮƸŏƻƹƢŮƸţ����ƷͺƸ�ƾǇͺǎ�ƾř �ŦŶǎƷƼŤƢƼ����ŦŶǎ

ŪǏŨǎƃƀŭ�ũƃǆſ�Ʒƴ�ɥǃŧ�ƏŤžƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ǃŲǎƀźŭ���
��ƿƼǆ�ŏƻű��Ƹ�ŪƭƹŮžƼ�ūŤǏƼƅƃţǇŽ�ŷţƄŮưţ�ƻŭ�ɥƻƹƢŮƸţ�ƶƀƢƼ�ƫǏǏƵŭ�Ʒŵř�ƿƼ�ŪƹͺƎƽƸţ�ǂƂǄ�Ʒź

�ǂƂǄ �ƔƢŧ �ƠŵţƄǁƉ �ͯƹǎ �ŤƽǏƬ ��ƟƄƉř �ŪͺŨƍ �ťƃŤƱŭ �ŖŤƎǀʪ �ŪǏƼƅƃţǇžƸţ �ƿƼ �ŪƭƹŮžƼ �ƷŹţƄƼ
ūŤǏƼƅƃţǇžƸţ� 

Adagrad
�ƻŭ�ţƁŝ��ũƀƱƢƼ�ŪƹͺƎƼ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ŪǏƼƅƃţǇžƸ�ƷŲƼʨţ�ƻƹƢŮƸţ�ƶƀƢƼ�ͭƹơ�ƃǇŲƢƸţ�ƾǇͺǎ�ƾř�ƿͺƽǎ

��ŤʽƢƭŭƄƼ�ƻƹƢŮƸţ�ƶƀƢƼ�ƿǏǏƢŭŏţĽƀŵ����ƀƱƬǎ��ŦƹƱŮƷƼŤƢƽƸţ����ǈǇŮƊƼ�ͭƸŝ�ƶǇƑǇƹƸ�ƠƉţǆ�ƮŤƚǀ�ͭƹơŚƚŽ��
��ŪǏŹŤǀ�ƿƼ��ƶǇŨƱƼŏǈƄŽř�����ŪǎŤƦƹƸ�Ŗͯƚŧ�ƺƀƱŭ�ͭƸŝ�ǌſŜǏƉ�ŪǎŤƦƹƸ�ƔƭžǁƼ�ƻǏƹƢŭ�ƶƀƢƼ�ƀǎƀźŭ�ƾŞƬ

ƻǎƀƱŭ�ƻŭ����Adagrad����ƷͺƸ�ŪƭƹŮžƽƸţ�ƻƹƢŮƸţ�ūʬƀƢƽƸ�ǌǆƀǏƸţ�ƃŤǏŮŽʬţ�ƾǇͺǎ�ŰǏŹ�ŏƓƄƦƸţ�ţƂǅƸ
��ƈǏƱǎ��ſŤƢŧʨţ�ƻŶźƸ�ţʽƄƞǀ�ͯƹƽơ�ƄǏƥ�ŪƹͺƎƽƸţ�ſŤƢŧř�ƿƼ�ƀƢˀŧAdagrad����ǍŨƊǀ�ƷͺƎŧƷƼŤƢƼ����ƶƀƢƼ

���ŪƱǏưſ�ƄǏƥǆ�ŪǎŤƦƹƸ�ŪŨƹƱŮƼ�ʬǆ�ţĽƀŵ�ŪŢǏƚŧ�ŬƊǏƸ�ƻƹƢŮƸţ�ŪǏƹƽơ�ƾř�ƿƼ�ƀƴŚŮƹƸ�ƀƢˀŧ�ƷͺƸ�ƻƹƢŮƸţ��ƺŤǏƱƹƸ
ŏƳƸƂŧ����ŪǏƼƅƃţǇŽ�ƠƽŶŭAdaGrad���ɥŬƞŹǇƸ �ͯŮƸţ �ūŤǀŤǏŨƹƸ �ŪǏƉƀǁǅƸţ �ŪƬƄƢƽƸţ �ƿǏŧ �ŤʽǏͺǏƼŤǁǎſ

��ūţƆǏƼ�ͭƹơ�ƶǇƒźƹƸ�ŪƖƭžǁƽƸţ�ƻƹƢŮƸţ�ūʬƀƢƼ�ƘŨƖƸ�ŪƬƄƢƽƸţ�ǂƂǄ�ƯŨƚǎ�ƻű��ŪƱŧŤƊƸţ�ūţƃţƄƵŮƸţ
��ŪŶǏŮǀ��ŤʽǏŨƊǀ�ũƃſŤǀ�ūţƆǏƽƸ�ͭƹơř�ƻƹƢŭ�ūʬƀƢƼǆ�ŤʽơǇǏƍ�ƄŲƴřŏƳƸƂƸ��ţ�ūţƆǏƽƸţ�ƆǏǏƽŭ�ƻŮǎ�ũƃſŤǁƸ
ŪǏƸŤƢƸţ�ŪǎŜŨǁŮƸţǆ�ũƃſŤǁƸţ�ūţƆǏƽƸţ�ƀǎƀźŭ�ƿƼ�ƻƹƢŮƽƸţ�ƿǏͺƽŭǆ� 
��ƷͺƸ�ƷƒƭǁƼ�ƻƹƢŭ�ƶƀƢƼ�ťŤƊŹ�ƻŮǎ�ŏ�ŪƱǎƄƚƸţ�ǂƂǄ�ͯƬƷƼŤƢƼ����ƷƼŤͺƸţ�żǎƃŤŮƸţ�ͭƹơ�ʽŖŤǁŧ�ųƁǇƽǀ

ƷƼŤƢƽƸ��ƃţƀźǀʬţ����ͯƢǏŧƄŮƸţƷƼŤƢƽƹƸ��ǃŨƎǎ ��ƃţƀźǀʬţ����ͯƢǏŧƄŮƸţ��ŪǏƽǄřƃţƀźǀʬţ��ƷͺƸ �ŤǅŧŤƊŹ�ƻŮǎ ��
ƷƼŤƢƼ��ŪƽƊƱŧ�ͯƸŤźƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ťŤƊŹ�ƻŮǎǆ�ŏƃţƀźǀʬţ����ƠŧƄƼ�ͭƹơ�ͯƸŤźƸţƃţƀźǀʬţ����ŪƬŤƕʪŤŧ

��ƧƸ�ũƄǏƦƑ�ŪƽǏư�ͭƸŝߝ���ƻŭ�ͯŮƸţ�ūŤŵƃƀŮƸţ�ūſţƅ�Ťƽƹƴ�ǃǀř�ͯǁƢǎ�ţƂǄ���ƄƭƒƸţ�ͭƹơ�ŪƽƊƱƸţ�ŦǁŶŮƸ�
��ƻŶŹ�ͯƸŤŮƸŤŧǆ �ƻƹƢŮƸţ �ƶƀƢƼ�Ʒư �ͯƸŤŮƸŤŧǆ �ŏͯƸŤźƸţ �ųƃƀŮƸţ �ŪǏƽǄř �Ŭƹư �ŏ �ŤĽƱŨƊƼ �ŤǅǏƹơ �ƶǇƒźƸţ

ǇƚžƸţͯƹǎ�Ťƽƴ�ͯǄ�ŪƱǎƄƚƸţ�ǂƂǅƸ�ŪǏƕŤǎƄƸţ�ŪƸſŤƢƽƸţ��ŪǏƸŤźƸţ�ŪǏŨǎƃƀŮƸţ�ũƃǆƀƸţ�ͯƬ�ũ��

௧ାଵߠ ൌ ௧ߠ െ Ǥߙ
ሻݐߠሺݐ
ඥܩ௧  ߝ

 

௧ܩ ൌ ௧ିଵܩ  ሻݐߠሺݐ
ʹ 

Adagradkeras 
��ƿ̩ƊźˀƼ�ƺţƀžŮƉţ�ƿͺƽǎAdagradɥ��Keras����ƫƚŮƱƼ�ƺţƀžŮƉŤŧſǇͺƸţ��ͯƸŤŮƸţ��

from tensorflow.keras.optimizers import Adagrad 

... 
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adagrad = Adagrad(learning_rate=0.0001, epsilon=1e-6) 

model.compile(optimizer=adagrad, loss = ..., metrics= ...) 

AdaDelta 
��ŪǏƼƅƃţǇŽ�Ŗţƃǆ�ũƄƵƭƸţAdagrad��ŏũƀǏŵ����ƀƢŧ��ťǇǏƢƸţ�ƔƢŧ�ŤǅƸ�ŪǏƼƅƃţǇžƸţ�ƿͺƸŏũƄŮƬ����ŸŨƒǎ

��ŤʽƖƭžǁƼ�ūŤŲǎƀźŮƸţ�ɥƺƀžŮƊƽƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ƾǇͺǎ�ŰǏźŧ�ţĽƀŵ�ţʽƄǏŨƴ�ŪƢŧƄƽƸţ�ūŤŵƃƀŮƸţ�ƻƴţƄŭ
��ŪǏƼƅƃţǇŽ�ƶǆŤźŭ��ŤŨ̔ǎƄƱŭ�ƺƀƱŭ�ǌř�ƅţƄŹŝ�ƿͺƽǎ�ʬ�ͯƸŤŮƸŤŧǆ�ţĽƀŵAdaDelta����ŪƹͺƎƽƸţ�ǂƂǄ�ŪŶƸŤƢƼ

�ũƂƬŤǀ�ƀǏǏƱŭ�ƯǎƄƙ�ƿơƃţƀźǀʬţ�ƕŤƽƸţ���ƷƼŤͺƸŤŧ�żǎƃŤŮƸţ�ƂŽř�ƿƼ�˟ʬƀŧ�ŬŧŤű�ƻŶŹ�ͭƸŝ�ŪƉƀͺƽƸţ�ͯ
��ƺŤǏƱƹƸŏƳƸƂŧ����Ʒƴ�Ơƽŵ�ƿƼ�˟ʬƀŧūţƃţƀźǀʬţ����Ūǎţƀŧ�ƿƼ�ŪƢŧƄƽƸţŏūŤƽǏƹƢŮƸţ���ƿǎƆžŮŧ�Ťǁƽư�Ťǁǀř�ƓƄŮƬţ

�ƷͺƸ�ūŤŵƃƀŮƸţ�ůƀŹʨ�ũƄƽŮƊƼ�ŪƽšŤƱƴ�ţƂǄ�ƃŤŨŮơţ�Ťǁǁͺƽǎ��ūŤŵƃƀŮƸţ�ǂƂǅƸ�ƐưŤǁŮƽƸţ�ƟǇƽŶƽƸţ
��ŰǎƀźŮŧ�ŤǅǏƬ�ƺǇƱǀ�ũƄƼ�Ʒƴ�ɥ�ƾƅǆŏƾţƅǆʨţ����ƺƀưʨţ�ƪƂźǀǆ�ŪƽšŤƱƸţ�ƷƭƉř�ɥƀǎƀŶƸţ�ųƃƀŮƸţ�ƠƖǀ

��ƻǏƊƱŮƸ �ŤǅƼƀžŮƊǀ �ͯŮƸţ �ŪƽǏƱƸţ �ͭƹơ�ƃǇŲƢƹƸ ��ŪǎţƀŨƸţ �ƿƼƃţƀźǀʬţ��ţŏƀǎƀŶƸ���ƻǏƱƸţ �ƠǏƽŵ�ƫǏƖǀ
��ɥũſǇŵǇƽƸţŏŪƽšŤƱƸţ����ƻǏƱƸţ�ťƄƕ�ƻŮǎ��ŪƽšŤƱƸţ�ɥŤǅƢƕǇƼ�ͭƹơ�ʽŖŤǁŧ�ƻưƃ�ɥŤʽƢǏƽŵ�ŤǅŧƄƖǀ�˟ʬǆř�ƿͺƸ

��ƃţƀƱƽŧ �ůƀŹʨţŏƄǏŨƴ�����ţĽƀŵ�ƄǏƦƑ�ƃţƀƱƽŧ �ƺƀưʨţ �ƻǏƱƸţ �ťƄƕ�ƻŮǎ �ŤƽǁǏŧŏͯƸŤŮƸŤŧǆ����ƀǎƀźŭ �ƻŮǎ
��ͯƸŤƽŵŝƂǏƭǁŮƸţ����ūŤŵƃƀŮƸţ �ƶʭŽ �ƿƼ �ũǇƱŧ �ŤǁǎƀƸŏŪŲǎƀźƸţ��ơ��Ʒưř �Ūŵƃƀŧ �ŤǄƄűŚŭ �ƿƼ �ƻƥƄƸţ �ͭƹ

���ŪƽǎƀƱƸţ �ūŤŵƃƀŮƸŤŧŏƃŤƒŮŽŤŧ����ƂǏƭǁŮƸţ �Ʒŵř �ƿƼŏƶŤƢƭƸţ����ŪƱŧŤƊƸţ �ūŤŵƃƀŮƸţ �ƿǎƆžŭ �ƿƼ �˟ʬƀŧ
ŏŪƹŧŤƱƽƸţ����ƘƉǇŮƽƸţ�ƺţƀžŮƉţ�ƻŮǎ��ŪƱŧŤƊƸţ�ŪƢŧƄƽƸţ�ūŤŵƃƀŮƸţ�ƠǏƽŶƸ�ƐưŤǁŮƽƸţ�

��ƾƅǇƸţ �ƺţƀžŮƉŤŧ �ũǇƚŽ�Ʒƴ�ͯƬ �ƾţƅǆʨţ �Űǎƀźŭ �ƶƀƢƼ �ͯƭǏƵŭ �ƷͺƎŧ �ŪǏƼƅƃţǇžƸţ �ǂƂǄ�ƄǏƦŭ
��ƾʨ�ţʽƄƞǀ��ũǇƚŽ�ƷͺƸ�ͯƸŤƽŵʪţAdadelta����ǌř�ƾŞƬ�ŏ�ǌſƄƬ�ƷͺƎŧ�ƾƅǇƸţ�Ŧǎƃƀŭ�ƃţƀƱƼ�ƘŨƖǎ

��ŤƼƀǁơ�ƿͺƸǆ�ŏ�ƷͺƎƸţ�ƿơ�ţĽƀǏƢŧ�ͭƱŨǏƸ�ŚƙŤŨŮǎ�ƪǇƉ�ŬưǇƸţ�ƿƼ�ũƄŮƭƸ�ſŤŹ�ƃƀźǁƼ�ͭƹơ�ͭƱŨǎ�ƾƅǆ
�Ƭ�ƾƅǇƸţ�ţƂǄ�ƾǇͺǎƄŨƴř�ūţǇƚŽ�ƂŽŚǎ�ƾř�ƿͺƽǎ�ŏ�ŪƉʭƉ�ƄŲƴř�ŦǀŤŵ�ͯ��

��ƻƹƢŮƸţ�ūʬƀƢƼ�ͭƸŝ�ŪŵŤźƸţ�ƿƼ�ƐƹžŮƹƸ�ŪƱǎƄƙ�ƶŤƱƽƸţ�ǇƭƸŜƼ�ƺƀƱǎ�ŏ�ţƂǄ�ƿơ�ƄƞǁƸţ�ƪƄƒŧ
��ƘƉǇŮƼǆ �ƻƹƢŮƸţ �ƶƀƢƼ �ūţƀŹǆ �ƾř �ͭƸŝ �ƾǆƄǏƎǎ ��ŪǏƼƅƃţǇžƸţ �ƿƼ��ūŤŵƃƀŮƸţ �ƠǏƽŶƸ �ƗŤƚźǀʬţ

ƹͺƎƽƸţ�ǂƂǄ�ƾǇƹźǎ�ƻǅǀŝ��ŪƱŧŤƚŮƼ�ƄǏƥ�ŪƱŧŤƊƸţ�ŪǏƢǏŧƄŮƸţ��ƘƉǇŮƽŧ�ƻƹƢŮƸţ�ƶƀƢƼ�ƶţƀŨŮƉţ�ƯǎƄƙ�ƿơ�Ū
��ƿƼ�ƄŽŗ�ͯƸƅŤǁŭƷƼŤƢƽƸţ���ƠŧƄƽƸţ��ŰǎƀźŮŧ��οߠ௧ଶ��ūţƄǏǏƦŭ�ŪǏƽǄʨ�ǃŧŤƎƼ�ţƂǄ��ūʭƼŤƢƽƸţ�����ŪƱŧŤƊƸţ

��ǆř�ƄŲƴř�ŪƽǏư�ͭƹơ�Ʒƒźǀ�ŏ�ŪƱŧŤƊƸţ�ūŤŵƃƀŮƸţ�ŪǏƽǄʨ�ͯƢǏŧƄŮƸţ�ƃƂŶƸţ�ͭƹơ�ͯǀŤŲƸţ�ƃƂŶƸţ�ŪƽƊƱŧ
��ŰǎƀźŮƸ �ŪƼƀžŮƊƽƸţ �ŪƱŧŤƊƸţ �ūŤŵƃƀŮƸţ �ŪǏƽǄř �ŪŨƊǀ �ƷưřūʭƼŤƢƽƸţ���ƄǏűŚŭ �ǈƄŽř �ũƃŤŨƢŧ �ǆř �ŏ

��ŪǏƸŤźƸţ�ŪƽǏƱƸţ�ͭƹơ�ŪƱŧŤƊƸţ�ūŤŵƃƀŮƸţƷƼŤƢƽƹƸͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ͯƕŤǎƄƸţ�ŤǄƆƼƃ����

௧ାଵߠ ൌ ௧ߠ െ ௧ሻǤߠ௧ሺ
ඥܧሺοߠ௧ଶሻ௧  ߝ

ඥܧሺଶሻ௧  ߝ
 

௧ଶሻ௧ߠሺοܧ ൌ Ǥߛ ଶߠሺοܧ ሻ௧ିଵ  ሺͳ െ  ௧ଶߠሻ�οߛ

ଶሻ௧ሺܧ ൌ Ǥߛ ଶሻ௧ିଵሺܧ  ሺͳ െ  ௧ሻଶߠ௧ሺሻߛ
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Adadeltakeras 

��ƿ̩ƊźˀƼ�ƺţƀžŮƉţ�ƿͺƽǎAdadeltaɥ��Keras����ƫƚŮƱƼ�ƺţƀžŮƉŤŧſǇͺƸţ��ͯƸŤŮƸţ� 

from tensorflow.keras.optimizers import Adadelta 
... 
adadelta= Adadelta(learning_rate=0.0001, epsilon=1e-6) 
model.compile(optimizer= adadelta, loss = ..., metrics= ...) 
 

RMSprop 
�ƀǏƢŧ�ƀŹ�ͭƸŝ�ǃŨƎŭ�ͯŮƸţ�ŪǏƼƅƃţǇžƸţ�ͭƽƊŭAdadeltaŏ��ŪƭƹŮžƼ�ūŤǏƕŤǎƃ�ƺƀžŮƊŭ�ŤǅǁͺƸǆ�ŏ́ʭǏƹư��

RMSprop��ƘƉǇŮƼ�ƃƂŵ�ŪǏƹƽơ�ƺƀžŮƊǎ�ǃǀř�ŪƱǏƱŹ�ƿƼ�ƯŮƎƼ�ƻƉʬţ���ƠǏŧƄŮƸţ���root mean-
squared��ŏ����Ƨƴ�ŤǄƃŤƒŮŽţ�ƻŮǎ�ŤƼ�ŤŨ̔ƸŤƥǆRMSŏ�����ŤǄƄƎǀ�ǆř��ŤǅŮƬŤƕŝ�Ŭƽŭ�ͯŮƸţ�ŪƱŧŤƚƽƸţ�ƀǎƀźŮƸ

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ͯƕŤǎƄƸţ�ŤǄƆƼƃ��ūŤŵƃƀŮƸţ�ͭƸŝ���

௧ାଵߠ ൌ ௧ߠ െ Ǥߙ
௧ሻߠ௧ሺ

ඥܧሺଶሻ௧  ߝ
 

ଶሻ௧ሺܧ ൌ Ǥߛ ଶሻ௧ିଵሺܧ  ሺͳ െ  ௧ሻଶߠ௧ሺሻߛ

RMSpropkeras 
��ƫƚŮƱƼ�ƺţƀžŮƉŤŧſǇͺƸţ����ƿˌƊźˀƼ�ƺţƀžŮƉţ�Ƴǁͺƽǎ�ŏͯƸŤŮƸţRMSpropɥ��Keras� 

from tensorflow.keras.optimizers import RMSprop 
... 
rms_prop = RMSprop(learning_rate=0.0001, epsilon=1e-6) 
model.compile(optimizer= rms_prop, loss = ..., metrics= ...) 
 

Adam 

��ƀƢŧ��ƾƅǆ�ǌř�ƿƼ�ŪƢŧƄƽƸţ�ūŤŵƃƀŮƸţ�ƿƼ�ŪƽšŤư�ƿǎƆžŭ�ũƄƵƬ�ɥŪƱŧŤƊƸţ�ūŤǏƼƅƃţǇžƸţ�ƲƄŮƎŭ�ŏƳƸƁ��
��ǂƂǄ�ɥƻǏƱƸţ�ŪƬŤƕŝ�ƶʭŽ�ƿƼŏŪƽšŤƱƸţ����ƻǏƊƱŭ�ƻŮǎ��ŤǅƉŤǏư�ƀƢŧ�ƇŤǏƱƼ�ƷƼŤơ�ŖŤƎǀŞŧ�ƾǇƼǇƱǎ�ƀư

��ͯƚƢǎ��ƟǇƽŶƽƸţ�ţƂǄ�ͭƹơ�ŰǎƀźŮƸţ �ūţǇƚŽ�ƿƼ�ũǇƚŽ�Ʒƴ�ɥųƃƀŮƸţAdagrad����ƾƅǇƸţ �ƈƭǀ
ƢƸţ �ƠǏƽŶƸ��ƷƼŤơ �ŖŤƎǀŝ �ƀǁơ �ŪƽšŤƱƸţ �ɥũſǇŵǇƽƸţ �ƄƑŤǁŏƻǏŶźŮƸţ����ƄŨŮƢǎ �ŤƽǁǏŧAdadelta��

ǆRMSprop���ͯƸŤƽŵʪţ�ƿƼ�ƄƦƑř�ŪƒŹ�ŤǅƸ�ƾǇͺǎ�ͯƸŤŮƸŤŧǆ�ŪƽǅƼ�ƄǏƥ�ƺƀưʨţ�ƄƑŤǁƢƸţ�ƾř���
��ţĽƀǏƭƼ�ŪƽšŤƱƸţ�ɥǃƢƕǆ�ƷŨư�ųƃƀŮƸţ�ƠǏŧƄŭ�ƀƢǎŏŤʽǏƕŤǎƃ����ƠˁŧƄǀ�ŤƼƀǁơ�ƿͺƸǆŏŤƽ̔ưƃ���ŪŶǏŮǁƸţ�ƾǇƵŭ

�ţƂǄ ��Ťƽ̔šţſ �ŪǏŧŤŶǎŝ����ɥųƃƀŮƸţ �ƳƸƂƸ �ǍŨƹƊƸţ �ǆř �ǍŧŤŶǎʪţ �ǂŤŶŭʬţ �ƀƱƭǀ �Ťǁǀř �ͯǁƢǎŏŤǁŮƽšŤư����ͯǄǆ
���ũƀǏƭƼ �ūŤƼǇƹƢƼŏƳƸƂƸ����ǂƂǄ �ƾţƀƱƬ �ŦǁŶŮƸŏūŤƼǇƹƢƽƸţ���ƿƼ �ŪǏǀŤű �ŪƽšŤƱŧ �ƛŤƭŮŹʬţ �Ťǁǁͺƽǎ

�ţƂǄ��ƇŤǏƱƸţ�ƷƼŤƢƼ�ƮŤƱŮƍʬ�ƿǏŮƽšŤƱƸţ�ŤŮƹƴ�ƺţƀžŮƉţ�ƳƸƁ�ƀƢŧ�Ťǁǁͺƽǎ��ŤǅƢǏŧƄŭ�ƾǆſ�ūŤŵƃƀŮƸţ
��ͭƽƊǎ�ǍŧŤƊŹ�Ŵǅǀ��ŪƞźƹƸţ�ƄǎƀƱŭ�ͯ ƭǏƵŮƸţ����adaptive moment estimation�ŏ����ǆřAdam����
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Adamkeras 

��ƫƚŮƱƼ�ƺţƀžŮƉŤŧſǇͺƸţ����ƿˌƊźˀƼ�ƺţƀžŮƉţ�Ƴǁͺƽǎ�ŏͯƸŤŮƸţAdam�ɥ��Keras� 

from tensorflow.keras.optimizers import Adam 
... 
adam= Adam(learning_rate=0.0001, beta_1=0.9, beta_2=0.999, epsilon=1e-6) 
model.compile(optimizer= adam, loss = ..., metrics= ...) 
 

Loss Function 

��ŪͺŨƎƸţ�Ŧǎƃƀŭ�ŪƹŹƄƼ�ͯƬŏŪǏŨƒƢƸţ��ŪŶǏŮǁƸţ�ƺţƀžŮƉţ�ƻŮǎ����score����ʽŖŤǁŧ��ŪǏƸŤźƸţ�ŪƸŤźƸţ�ͭƸŝ�ũƃŤƍʫƸ
��ǂƂǄ�ͭƹơ�ŏŪŶǏŮǁƸţ����ƿơ�ŰźŨƸţ�ƻŮǎūʭƼŤƢƼ����ͭǁƢƽŧ��ͭƹŲƽƸţ�ƾƅǇƸţŏƄŽŗ���ƿơ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŰźŨŭ
ūʭƼŤƢƽƸţ����ŪƸţſ�ƶʭŽ�ƿƼ�ŪŵƃƀƸţ�ǂƂǄ�ťŤƊŹ�ƻŮǎ��ƷǏƸƀƴ�ƗŤƱǁƸţ�ƺţƀžŮƉŤŧ�ͭƹŲƽƸţƸţŚƚž����ŪƸţſ�
ũƃŤƊžƸţŏ����ƽƸţ�ƻǏƱƸţ�ƿǏŧ�ŚƚžƸţ�ƃţƀƱƼ�ƇŤǏư�ͭƹơ�ʽŖŤǁŧ��ŪǏƸŤŮƸţ�ŪƚǏƊŨƸţ�ŪƦǏƒƸţ�ŸƕǇŭ��ŪǏƹƢƭƸţǆ�ŪƢưǇŮ

��ŪƸţſ��ŚƚžƸţŪƸſŤƢƽƴ��

ݏݏܮ ൌ ݕ െ  ොݕ

��ŰǏŹ��ƾŗݕ���ǆݕො��ͯƸţǇŮƸţ�ͭƹơ�ŏ�ŪƢưǇŮƽƸţ�ƻǏƱƸţǆ�ŪǏƹƢƭƸţ�ƻǏƱƸţ�ͯǄ�� 

·Y¦Ë� f���� �È·Y{P�z·Y�

º¸ f·YÙ¹|¬eÙµ| »Ù¾�Ù�^ eÁÙ\Ë�|f·YÙLZÀiOÙÉ�Á{Ù¶°�]ÙZÆ¼ÌÌ¬eÙºfËÙÈÌ¼¯ÙZÆ¿SçÙ
 

��¹|zf�eÁ�¾Ì�vf·Y�ÈÌ¸¼��µÔy�¾»�ÈÌ^� ·Y�È°^�·Y�\Ë�|e�ºfËÈ·Y{����P�z·Y��¾Ì]�P�z·Y�[Z�v·
��\Ë�|f·Y ��Y�£Ï ���ÈÌ¸ ¨·Y �cZm�z¼·Y� �È «Âf¼·Y �cZm�z¼·YÁ �k}Â¼À¸· �È «Âf¼·Y �È¼Ì¬·Y

,È¨¸fz¼·Y����¾»�¾Ì�vf·Y�ÈÌ¸¼��¶¸¬e�|«È·Y{����P�z·Y��Ö�«O�Ö·S�ZÅ|Ë�e�ÁO,|u����\nË�Ä¿O�ÊÀ Ë�Z¼»
ÌÌ¬e�ZÆÌ¸���¶u�º,\�ZÀ»����¾»�È�Â¼n»�¶j»,cÔ»Z ¼·Y����Ö¸�O�ÁO�Èm�{�Ö¿{O�ªÌ¬vf·,Èm�{���Ö¸�

��Ê·YÂf·Y 

ƺţƀžŮƉŤŧ��ŪƸţſ����ŚƚžƸţ��ƀƽŮƢǎ��ūŤǀŤǏŨƸţ�ŪƢŵţƄƼ�ͭƹơ�ŪǏƼƅƃţǇžƸţ�ŪŵƂƽǀ�ŪǏƭǏƴ�ƻǏǏƱŭ�Ťǁǁͺƽǎ�ŏ
��ŪƸţſ �ƃŤǏŮŽţ��ŚƚžƸţ��ŪƸţſ �ƫƹŮžŮƉǆ �ŪƹͺƎƽƸţ �ƟǇǀ �ͭƹơ��ŚƚžƸţ��ƫǏǁƒŮƸţ �ƷƴŤƎƼ �ƪʭŮŽŤŧ �ǂƂǄ

��ƷƴŤƎƼ�ͯƬ�ŏ�ƾʦţ��ūŤŢƭƸţ�ŪơǇƽŶƽƸ�ͯƸŤƽŮŹţ�ƠǎƅǇŭ�ƠưǇŭ�ƺƆŮƢǀ�ŏ�ƫǏǁƒŮƸţ�ŪƹͺƎƼ�ͯƬ��ƃţƀźǀʬţǆ
ŪǁǏƢƼ�ŪƽǏư�ƀŶǁƉ�ŏ�ƃţƀźǀʬţ���

 
��ŤǀƄƴƁ �ŤƽƴŏŤĽƱŧŤƉ����ŜŨǁŮƸţ �ƠƼ �ƃţƀźǀʬţ �ųƁŤƽǀ �ƷƼŤƢŮŭŪƽǏƱŧ��ƄƽŮƊƼũŏ����ŜŨǁŮƸţǆ �ũƃŤǏƊƸţ �ƄƢƉ�ƷŲƼ

��ţƂǄ�ɥ�ƳƸƁ�ͭƸŝ�ŤƼǆ�ƓƄƱƸŤŧŏƻƊƱƸţ����ſƄƉ�ƻŮǎ��ƶţǆſ��ŚƚžƸţƸŤʽƼţƀžŮƉţ�ƄŲƴʨţ�ƃţƀźǀʭ���
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Mean Square Error 

��ǈƀŹŝ�ͯǄƶţǆſ����ŚƚžƸţ��ƘƉǇŮƼ�ŦƊźŭǆ�ŏ�ƃţƀźǀʬţ�ͯƬ�ũƄǅƍ�ƄŲƴʨţ��ƻǏƱƸţ�ƿǏŧ�ͯƢǏŧƄŮƸţ�ƮƄƭƸţ
ŪǏƸŤŮƸţ�ŪƸſŤƢƽƸŤŧ�ŪƢưǇŮƽƸţǆ�ŪǏƹƢƭƸţ����

ǡݕሺܧܵܯ ොሻݕ ൌ
ͳ
݊
ሺݕ െ ොሻଶݕ


ୀଵ

 

ŰǏŹ ��݊��ŪǏƽǏƹƢŮƸţ�ūŤǁǏƢƸţ�ſƀơ�ǇǄ.�

��ſǇͺƸţ�ƫƚŮƱƼ�ƺţƀžŮƉŤŧŏͯƸŤŮƸţ����ƺţƀžŮƉţ�ƿͺƽǎŪƸţſ��MSE��ɥ��Keras� 

from tensorflow import keras 
... 
loss_fn = keras.losses.MeanSquaredError() 
model.compile(loss=loss_fn, optimizer=..., metrics= ...) 
 

Mean Absolute Error 

��ƘƉǇŮƼ�ŪƸţƀƸţ�ǂƂǄ�ŦƊźŭŪǏƸŤŮƸţ�ŪƸſŤƢƽƸŤŧ�ŪƢưǇŮƽƸţǆ�ŪǏƹƢƭƸţ�ƻǏƱƸţ�ƿǏŧ�ŪƱƹƚƽƸţ�ŪƽǏƱƸţ�ƮƄƬ���

ǡݕሺܧܣܯ ොሻݕ ൌ
ͳ
݊
ȁݕ െ ොȁݕ


ୀଵ

 

��ŪƸţſ�ƺţƀžŮƉţ�ƿͺƽǎ�ŏͯƸŤŮƸţ�ſǇͺƸţ�ƫƚŮƱƼ�ƺţƀžŮƉŤŧMAEɥ��Keras� 

from tensorflow import keras 
... 
loss_fn = keras.losses.MeanAbsoluteError() 
model.compile(loss=loss_fn, optimizer=..., metrics= ...) 
 

��ţƂǄ�ͯƬŏƻƊƱƸţ����ƻŮǎƫƑǆ��ƶţǆſ��ŚƚžƸţ��ƫǏǁƒŮƸŤŧ�ŪƱƹƢŮƽƸţ��

Cross Entropy 
��ͭƹơ�ŤǅƭǎƄƢŭ�ƻŮǎǆ�ƿǏǏƸŤƽŮŹţ�ƿǏƢǎƅǇŭ�ƿǏŧ�ŪƬŤƊƽƸţ�ŪƸţƀƸţ�ǂƂǄ�ŦƊźŭͯƸŤŮƸţ�ǇźǁƸţ���

ǡݕሺݕݎݐ݊ܧ�ݏݏݎܥ ොሻݕ ൌ
ͳ
݊ݕ



ୀଵ

���ሺݕොሻ 

��ſǇͺƸţ�ƫƚŮƱƼ�ƺţƀžŮƉŤŧŏͯƸŤŮƸţ����ƺţƀžŮƉţ�ƿͺƽǎŪƸţſ����ŚƚžƸţCross Entropyɥ��Keras���

from tensorflow import keras 

... 
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loss_fn = keras.losses.CategoricalCrossentropy() 

model.compile(loss=loss_fn, optimizer=..., metrics= ...) 

Binary Cross Entropy 
ƻŮǎ��ƺţƀžŮƉţ��Binary Cross Entropy��ūŤƭǁƒƽƹƸ��ŏŪǏšŤǁŲƸţ��ͯŮƸţǆ��ƻŮǎ��ŤǅƭǎƄƢŭ��ͭƹơ���ǇźǁƸţ��

ͯƸŤŮƸţ���

ǡݕሺݕݎݐ݊ܧ�ݏݏݎܥ�ݕݎܽ݊݅ܤ ොሻݕ ൌ െ
ͳ
݊ሺݕ



ୀଵ

���ሺݕොሻ  ሺͳ െ ሻሺͳݕ െ ���ሺݕොሻሻሻ 

ƺţƀžŮƉŤŧ��ƫƚŮƱƼ��ſǇͺƸţ���ŏͯƸŤŮƸţ��ƿͺƽǎ��ƺţƀžŮƉţ��ŪƸţſ����ŚƚžƸţBinary Cross Entropy�ɥ��
Keras� 

from tensorflow import keras 
... 
loss_fn = keras.losses.binary_crossentropy 
model.compile(loss=loss_fn, optimizer=..., metrics= ...) 
 

Backpropagation 
ƻƹƢŮƸţɥ��ŪͺŨƍ��ŪǏŨƒơ��ũſƀƢŮƼ��ūŤƱŨƚƸţ��ǃŨƎǎ��ƷͺƎŧ��ƺŤơ��ƻƹƢŭ��ƾǆƄŮŨǏƉƄǏŧŏ���ƠƼ���ƾţƅǆʨţ��
ŪƱŧŤƚŮƽƸţ����ƠƼǆ��ŏƳƸƁ��ƾŞƬ���ŪƱǎƄƚƸţ��ͯŮƸţ��ŦŶǎ��ƾř��ƄǏƦŮǎ��Ťǅŧ��Ʒƴ��ƾƅǆ��ƾǇƵŭ��ƄŲƴř��ŪŧǇƢƑ��ƷǏƹƱŧɥ���

ŪƸŤŹ��ƾǆƄŮŨǏƉƄǏŧŏ��ƾŞƬ��ťƄƖƸţ��ͯƹŽţƀƸţ��ƘƱƬ��ƿǏŧ��ūŤǀŤǏŧ��ƶŤŽſʪţ��ƾţƅǆʨţǆ��ǇǄ���ťǇƹƚƽƸţ��ƶǇƒźƹƸ��
ͭƹơ��ŴŭŤǀ��ũƀƱƢƸţ���ţʽƄƞǀ��ſǇŵǇƸ��ūŤƱŨƙ��ũſƀƢŮƼɥ MLPŏ��ƻŮǎ��ƀǎƀźŭ��ŴŭŤǀ��ũƀƱƢƸţɥ��ŪƱŨƚƸţ��ũƄǏŽʨţ��
ƿƼ�ƶʭŽ��ƂŽř�ťƄƖƸţ�ͯƹŽţƀƸţ�ƾţƅǆʩƸ�ūŤŵƄžƼǆ�ƀƱƢƸţɥ��ŪƱŨƚƸţ�ŪƱŧŤƊƸţ��ƻŮǎ�ťŤƊŹ��Ʒƴ��ƿƼ�
ǂƂǄ��ƻǏƱƸţ��ŪŲǎƀźƸţ��ƈƭǁŧ���ŪƱǎƄƚƸţ���ţƂǄ��ͯǁƢǎ��ƾř��ŚƚžƸţɥ��ųţƄŽŝ��ŪƱŨƚƸţ��ŪǏšŤǅǁƸţ��ƿͺƽǎ��ƾř���ƾǇͺǎ��

ŦŨƊŧ��ƾţƅǆř��ŪƱŨƚƸţ��ũƄǏŽʨţ��ŪƬŤƕʪŤŧ��ͭƸŝ��ƾţƅǆř��ŪƱŨƚƸţ���ūŤƱŨƚƸţ���ŪƱŧŤƊƸţ���ţƂƸ��ƾŞƬ��ƶţŜƊƸţ��ǇǄ��
ƾƅǆ��ǌř���ŪƱŨƙ��ŦŨƉ���ţƂǄ��ŚƚžƸţ���ƃŤƎǎ��ͭƸŝ��ǂƂǄ��ŪƹͺƎƽƸţ��ŤĽǀŤǏŹř��ƻƉŤŧ��ƐǏƒžŭ��ƾŤƽŮšʬţ���credit 

assignment����ŪƱǎƄƚƸţ��ͯŮƸţ��ƿͺƽǎ��ƾř��Ʒźŭ��ǂƂǄ��ŪƹͺƎƽƸţ��ͭƽƊŭ���ͯ ƭƹžƸţ�ƃŤƎŮǀʬţ.�

Ťƽŧƃ��ƾǇƵŭ��ŪǏƼƅƃţǇŽ��ͯƭƹžƸţ �ƃŤƎŮǀʬţ��ͯǄ��ŪǁŨƹƸţ��ŪǏƉŤƉʨţɥ��ŪͺŨƎƸţ��ŪǏŨƒƢƸţ���ƀƢǎ����ƃŤƎŮǀʬţ
ͯƭƹžƸţɥ��ƇŤƉʨţ��ŪƱǎƄƙ��ŪǏƴƁ��ťŤƊźƸ��ūŤŵƃƀŮƸţ��ƷͺƎŧ���ƶŤƢƬ�ɥ��ūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ũſƀƢŮƼ�
ūŤƱŨƚƸţ���ƺƀžŮƊŭ��ǂƂǄ��ŪǏƼƅƃţǇžƸţ��ũƀơŤư��ťŤƊŹ��ƷƕŤƭŮƸţ��ƷƼŤƵŮƸţǆ��ŦƊźŭǆ��ųƃƀŭ���ŚƚžƸţɥ��
ūţƃŤƊƼ��ŪƭƹŮžƼ��ƿƼ��ũƀƱơ��ũƀŹţǆ��ͭƸŝ��ūŤŵƄžƽƸţ��ƾǇƵŮŭǆ��ƿƼ��ƿǏŮƹŹƄƼ��ƿǏŮǏƊǏšƃ��ͭƽƊŭ����ŪƹŹƄƼ

ͯƼŤƼʬţ�ƃŤƎŮǀʬţ��ǆŪƹŹƄƼ����ƃŤƎŮǀʬţͯƭƹžƸţɥ���ǂƂǄ��ŏŪǏƼƅƃţǇžƸţ��ƀƢŧ��Ʒƴ��ũƄǎƄƽŭ��ƺŤƼʩƸɥ���ŏŪͺŨƎƸţ��
ƺǇƱŭ��ŪƹŹƄƼ��ͯƭƹžƸţ�ƃŤƎŮǀʬţ��ŖţƄŵŞŧ��ũƄǎƄƽŭ��ŪǏƊƵơ��ͯƬǆ��ƈƭǀ��ŬưǇƸţ��ƶƀƢŭ��ūʭƼŤƢƼ��ųƁǇƽǁƸţ��

�ƾţƅǆʨţ��ūţƆǏźŮƸţǆ�����
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¹Y|zf�YÁ�ºÌ¬·Y�{Z ¼·Y�ZÆ]Z�u�,��°�Á�È¬^�·Y�Ç�ÌyÏY�¾»�µÔy�½Â¿Z«�È¸�¸�·Y�� 

ŏƃŤƒŮŽŤŧ��ͭƹơ��ǈǇŮƊƼ��ĿƶŤơ��ŏţĽƀŵ��ʽŖŤǁŧ��ͭƹơ��ŤƼ��ƷǏư��ͭŮŹ��ŏƾʦţ��ƃƄƵŭ��ŪͺŨƎƸţ��ŪǏŨƒƢƸţ���ǂƂǄ��
ūţǇƚžƸţ��ŤǄƂƭǁŭǆ��ũƀơ��ūţƄƼ��ŖŤǁűř��ŦǎƃƀŮƸţ����Ƹţ��ƷͺƎ�Ĺ�����

� �ŪƹŹƄƼ���ͯ ƼŤƼʬţ �ƃŤƎŮǀʬţ���ƀǏƸǇŮƸ���ūŤŵƄžƽƸţ���ʽŖŤǁŧ���ͭ ƹơ���ūʭƼŤƢƽƸţ���ŪǏƸŤźƸţ���ūŤǀŤǏŧǆ��
�ƶŤŽſʪţ�� 

� ��ŪƹŹƄƼ�ťŤƊŹ���ŪƸţſ����ŚƚžƸţ�ƮƄƭƹƸ���ƿǏŧ���ūŤŵƄžƽƸţ���ŪǏƸŤźƸţ���ƪƀǅƸţǆ�� 
� �ŪƹŹƄƼ���ͯ ƭƹžƸţ�ƃŤƎŮǀʬţ���ťŤƊźƸ���ƃţƀźǀʬţ���ŚƚžƹƸ���ŪŨƊǁƸŤŧ����ūʭƼŤƢƽƹƸ 
� �ŪƹŹƄƼ���ƿǏƊźŭ���ūŤŵƃƀŮƸţ���ŰǎƀźŮƸ���ūʭƼŤƢƽƸţ���ƷǏƹƱŮƸ���ƄšŤƊžƸţ���ƃţƄƵŮƹƸ���ͯ ƸŤŮƸţ���

�
�Ƹţ��ƷͺƎ��Ĺ����ŪǏƹƽơ���Ŧǎƃƀŭ�ŪͺŨƎƸţ���ŪǏŨƒƢƸţ�

 
��ūŤͺŨƎƸţ�ɥ�ƾţƅǆʨţ�ŪŢǏǅŭ�ǇǄ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƻǏƽƒŭ�ɥţĽƀŵ�ƻǅƼ�ƄƒǁơŏŪǏŨƒƢƸţ���ŦŶǎ

��ƷǏŨƉ�ͭƹơ��ŪƱšŤƬ�ŪǎŤǁƢŧ�ƾţƅǆʩƸ�ͯƸǆʨţ�ͯƽͺƸţ�ƇŤǏƱƸţ�ƃŤǏŮŽţ�ŏƶŤŲƽƸţ����ŤǎʭžƸţ�ƿƼ�ƀǎƀƢƹƸ�ƾŤƴ�ţƁŝ
��ƈƭǀ�ŪǏƭžƼ�ŪƱŨƙ�ɥŪǏŨƒƢƸţŏƾţƅǆʨţ����ŪŶǏŮǀ��ūŤŵƃƀŮƸţ�ƈƭǀ�ͭƱƹŮŭ�ƪǇƊƬŏƳƸƂƸ����ƿǏƊźŭ�ƻŮǎ

ŵ��ͭǁƢƽŧ��ųƃƀŮƸţ�ŸǏźƒŭ�ƀǁơ�ŪƱǎƄƚƸţ�ƈƭǁŧ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƠǏƽŏƄŽŗ����ŴšŤŮǁƸţ�ƈƭǀ�ťŤƊŹ�ƻŮǎ
��ƷͺƸŏƻǅǁƼ�����ųƁǇƽǁƸţ�ŪƢƉ�ƃţƀǄŝ�ͭƸŝ�ǌſŜǎ�ŤƽƼŏͯƸŤŮƸŤŧǆ����ūŤƱŨƚƸţ�ƿƼ�ŪƹƊƹƊƸ�ŪŢƬŤͺƽƸţ�ŪͺŨƎƸţ�ƾŞƬ
��ͯǄūŤǀǇŨƒƢƸţ�ŪǎſŤŹř.�

�ŤŨ̔ǎƄƱŭ�ͭŮŹ�ǆř��ͯšŤǅǁƸţ�ƿǎǇƵŮƸţ�ŤǁƬƄơ�ţƁŝŏ���ƹƸ�ŤǅƹǎƀƢŭ�ŤǁǁͺƽǏƬ��ͭƹŲƽƸţ�ŪƚƱǁƸţ�ͭƸŝ�ŪƸǇǅƊŧ�ƶǇƑǇ
���ūţƃţƄƵŮƸţ�ƿƼ�ƷǏƹư�ſƀơ�ͯƬŏƿͺƸ��ŏƫƉʩƸ��ǇǄ�ƿǎř�ƪƄƢǀ�ʬ��ƷŲƼʬţ�ͯƹźƽƸţ�ŪƚƱǀ��ƿƼǆ��ŏƻű����ƻŭ

��ŪǏŹŤǁƸţ�ƿƼ��ŦǎƃƀŮƸţ�Ŭưǆ�ƷǏƹƱŭ�ƪƀǅŧ�ŪǏŨǎƄŶŭ�ūŤǏŶǏŭţƄŮƉţ�ƃŤŨŮŽţǆ�ƄǎǇƚŭŏŪǏƸŤŲƽƸţ����ƾř�ŦŶǎ
ŧ�ŤŨ̔ǎƄƱŭ�ŪͺŨƎƸţ�ŖŤźǀř�ƠǏƽŵ�ɥŪŮŧŤű�ƘǏƎǁŮƸţ�ūŤǁǎŤŨŭ�Ʒƞŭ��ũǇƚŽ�Ʒƴ�ƀƢŧ�ƾƅǇƸţ�ūŤǁǎŤŨŭ�ͭƸŝ�ŪƬŤƕʪŤ

ͯƭƹžƸţ�ƃŤƎŮǀʬţ��ųƃƀŮƸţ�ͯƍʭŭ�ƷƴŤƎƼ�ƠǁƽƸǆ�ťƃŤƱŮƸţ�ŪǏƹƽơ�ƿǏƊźŮƸ�ƾŤǎƃǆƄƕ�ƾŤƙƄƎƸţ�ƾţƂǄ��
ƃŤŶƭǀʬţǆ.�
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ŏũſŤơ����ƘƉǇŮƽŧ �ͯƉǆŤƥ �ƠǎƅǇŭ �ƺţƀžŮƉŤŧ �ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ƾţƅǆř �ŪŢǏǅŭ �ƻŮǎ��ƪţƄźǀţǆ �ƄƭƑ

��ƠƼǆ��ƄǏƦƑ�ǌƃŤǏƢƼŏƳƸƁ����ŤʽǏšţǇƎơ�ŤǅŮŢǏǅŭ�Ŭƽŭ�ŪǏŨƒơ�ŪǏƹŽ�ŴŭŤǀ�ƠǎƅǇŭ�ƾř�ɥƿƽƵŭ�ŪƹͺƎƽƸţ�ƾŞƬ
���ūʭŽƀƽƸţ�ſƀơ�ƠƼ�ƀǎƆǎ�ƿǎŤŨŭ�ǃƸƻǏƢǁŮƸ����ͭƸŝ�ŪǏŨƒơ�ŪǏƹŽ�ƷͺƸ�ųţƄŽʪţ�ƿǎŤŨŭ�ŏ����ƺţƀžŮƉţ�ͯƭͺǎ

�ƠǎƅǇŮƸţ����ƶŤŽſʪţ�ŪƢƊƸ�ͯƢǏŧƄŮƸţ�ƃƂŶƸţ�ͭƹơ�ʽŖŤǁŧ�ƾƅǇƸţ�ƇŤǏưǆ�ͯƉŤǏƱƸţ�ͯƢǏŨƚƸţ݊�ſƀơ�ǇǄǆ�ŏ
ūʭŽƀƽƸţ��

̱ݓ
ࣨሺͲǡͳሻ
ඥ݊

 

��ŪƱǎƄƚƸţ �ǂƂǄ �ͭƽƊŭƿǎŤŨŮƸţ �ƇŤǏƱƼ���variance scaling���ſƀơ �ͭƸŝ �ŪƬŤƕʪŤŧ �ŤǅƱǏŨƚŭ �ƿͺƽǎǆ
��ƶŤŽſʪţ�ūţƀŹǆFan-In��ųţƄŽʪţ�ūţƀŹǆ�ſƀơ�ͭƹơ�ʽŖŤǁŧ�ŏ��Fan-Out�ǂƂǄ��ŤǅƚƉǇŮƼ�ǆř��

�ƾţƅǆʨţ�ƾǇƵŭ�ƾř�ŦŶǏƬ�ŏ�ţʽƄǏŨƴ�ųţƄŽʪţ�ǆř�ƶŤŽſʪţ�ūʭƑǆ�ſƀơ�ƾŤƴ�ţƁŝ�ŏ�ŪǎŤƦƹƸ�ŪǏǅǎƀŧ�ũƄƵƭƸţ
ũƄǏŨͺƸţ�ūŤŵƄžƽƸţ�ŦǁŶŮƸ�ƄƦƑř� 

��ƺţƀžŮƉţ�ƿͺƽǎvariance scaling����ɥͯƸŤŮƸţ�ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƫƚŮƱƼ�ƺţƀžŮƉŤŧKeras� 

from keras import initializers 
initializer = initializers.VarianceScaling(scale=1.0, mode='fan_in', 
distribution='normal') 

��ƷƹŹGloret����ǆBenjio��ūţƃţƀźǀʬţ���ŪŢǏǅŭ�ƻƉŤŧ �ŪƬǆƄƢƽƸţ��ŪŢǏǅŮƸŤŧ �ŤǏƑǆřǆ�ƃŤƎŮǀʬţ �ƀƢŧ
Xavier�� 

̱ඨݓ
ʹ

݊  ݊௨௧
ࣨሺͲǡͳሻ 

��ƫƒǎ�ŰǏŹ݊௨௧����ͯƬ�ƂŽŚǎ�ǃǀʨ�ŏ�ŪƱŧŤƊƸţ�ŪƱǎƄƚƸţ�ƿƼ�ǈǇưř�ƟǇǀ�ţƂǄ��ųţƄŽʪţ�ūţƀŹǆ�ſƀơ
��ǇǄ�ƪƀǅƸţ���ƶŤŽſʪţ�ūʬŤƒŭţ�ͯǄ�ŤǄƃǆƀŧ�ͯŮƸţǆ��ųţƄŽʪţǆ�ƶŤŽſʪţ�ūʬŤƒŭţ�ƿƼ�Ʒƴ�ƃŤŨŮơʬţ

��ŪŢǏǅŭ�ƾř�ŬŨű�ƀƱƸ��ŤĽƱŧŤƉ�ƿǏƼƀƱƽƸţ�ƿǏŨƹƚƽƸţ�ŪǏŨƹŭ�ŪƸǆŤźƼXavier����ƿƼ�ƀǎƀƢƸţ�ͯƬ�ŪǎŤƦƹƸ�ŪƸŤƢƬ
Ťƥǆ�ŪƱǏƽƢƸţ�ͭǁŨƸţͯƕţƄŮƬʬţ�ƃŤǏžƸţ�ƾǇƵŭ�ŤƼ�ŤŨ̔Ƹ�� 

��ƺţƀžŮƉţ�ƿͺƽǎXavierɥ��Keras����ƫƚŮƱƼ�ƺţƀžŮƉŤŧŪǏŶƼƄŨƸţ�ũƄƭƎƸţ��ͯƸŤŮƸţ�� 

from keras import initializers 
initializer = initializers.GlorotNormal() 

�

��cZm�z»��À»�ÂÅ�½Y�ÁÏY�ÈXÌÆe�¾»���¤·Y�Ì�Àf·Y�µYÁ{����Ö¸��Ê�Ôf·Y�ÁO��Zn¨¿ÓY�¾»
��¾Ë~Å�|uO�g|u�Y}S��È¬Ì¼��ÈÌ^���È°^���^���Z�¼·Y�µÂ�,¾Ë�»ÏY����P�z·Y�cZm�|e�½T§

��¶°�]�LY�Â·Y�Ö·S�ª§|fe�½O�¾°¼Ë�Ó�hÌv]�Y0|m�Ç�Ì¤��ÁO�Y0|m�Ç�Ì^ �̄Z»S�½Â°f����WZ�z·Y�
��Ö¸��®·~]�¹ZÌ¬·Y�¾»�dÀ°¼e�Â·�Öfu��|Ì¨»,©Ô�ÑY��»�Ö·S�kZfve�È°^�·Y�½T§�¾»�|Ë�

[�Z¬f¸·�d«Â·Y�� 
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��Ã~Å�¶¯©��·Y����Z¿�¯}�Z¼ �̄�¦«YÂ¼·Y�¾»��Ìj �̄Ê§�ZÆ·{Z^e�¾°¼ËÁ�ºÆÀÌ]�È¯�f�»�,Z0¬]Z���
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��ŪǏŨƒơ�ŪͺŨƍ�ǌř�ͯƬ�ŏŪƱǏƽơ����ƿƼ�ƾŤƭƹŮžƼ�ƾŤơǇǀ�ƲŤǁǄūʭƼŤƢƽƸţ��ǇǄ�ŤƽǄƀŹř��ƷƼŤƢƼ���ųƁǇƽǁƸţ
��ǇǄ�ƄŽʦţǆƷƼŤƢƽƸţ����ƯšŤƭƸţ�hyper parameter����ūʭƼŤƢƼ����Ƴƹŭ�ͯǄ�ųƁǇƽǁƸţūʭƼŤƢƽƸţ����ͯŮƸţ

��ɥ�ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ƿƼ�ųƁǇƽǁƸţ �ŪƚƉţǇŧ �Ť̔ǏšŤƱƹŭ �ŤǅƬŤƎŮƴţ �ƻŮǎŏƷŧŤƱƽƸţ��ūʭƼŤƢƽƸţ����ͯǄ�ŪƱšŤƭƸţ
ūʭƼŤƢƽƸţ��ͭǁƢƽŧ��ųƁǇƽǁƹƸ�Ŗţſř�ƷƖƬř�ƯǏƱźŮƸ�ŤǅƹǎƀƢŭ�ƿͺƽǎŏƄŽŗ���ǂƂǄ�ƻƹƢŭ�ƻŮǎ�ʬūʭƼŤƢƽƸţ��

��ŖŤǁűřŏŦǎƃƀŮƸţ��ƄűŜŭ��ƻƹƢŮƸţ�ŪǏƹƽơ�Ūǎţƀŧ�ɥƺƀžŮƊƽƸţ�ƷŨư�ƿƼ�ŤǅǁǏǏƢŭ�ƻŮǎ�ƿͺƸǆ��ūʭƼŤƢƽƸţ��ŪƱšŤƭƸţ��
��ƔƢŧ�ƿƽƖŮŭ��ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ɥŤǅƹƽƴŚŧ�ƻƹƢŮƸţ �ŪǏƹƽơ�ͭƹơūʭƼŤƢƽƸţ����ūŤƱŨƚƸţ�ſƀơ�ŪƱšŤƭƸţ

��ǇǄ�ƻƹƢŮƸţ�ƶƀƢƼ��ŪͺŨƎƸţ�ŪǏǁŧ�ſƀźŭ�ͯŮƸţ�ŪǏƭžƽƸţƷƼŤƢƼ��ƯšŤƬ����ƄŽř�ǎ��ƈǎƃƀŭ�ŪǏƭǏƴ�ƻǅƬ�ͭƹơ�ƀơŤƊ
��ƃŤǏŮŽţ�ŦƢƹǎ��ūŤͺŨƎƸţƷƼŤƢƽƸţ��ţ�ƯšŤƭƸţƷŲƼʬ��ƀŭ�ŪǏƹƽơ�ɥŤƽ̔ǅƼ�ţʽƃǆſŤǅƹƽƴŚŧ�ŪͺŨƎƸţ�Ŧǎƃ����
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ŪƽǅƼ�ǆř�ŪƭǏƝǆ�ƻƹƢŭ�ǇǄ�ƯǏƽƢƸţ�ƻƹƢŮƸţ �ųƁǇƽǀ�ŖŤǁŧ�ƿƼ�ͯƊǏšƄƸţ�ƓƄƦƸţ���task���ţƂǄ�ƯǏƱźŮƸ��
ŏƪƀǅƸţ����ŪǏŨƒơ �ŪͺŨƍ �Ŧǎƃƀŭ �ƀƢŧ ��ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ŪͺŨƍ �ŪǎƂƦŮŧ �ƺǇƱǀͯưŤƱŮƍʬţ �ƃţƀźǀʬŤŧ��

ǆͯƭƹžƸţ�ƃŤƎŮǀʬţ��ƻƸ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ǌř��ŪǏšƄƼ�ƄǏƥ�ūŤǀŤǏŧ�ͭƹơ�Ʒƞǎ�ƀǏŶƸţ�Ŗţſʨţ�ţƂǄ�ƾř�ƓƄŮƭǀ�ŏ
��ƠƼǆ���ŦǎƃƀŮƸţ�ŖŤǁűř�ŤǅǁǏƽƖŭ�ƻŮǎŏƳƸƁ����Ūưƀŧ�ŜŨǁŮƸţ�ͭƹơ�ƃſŤư�ųƁǇƽǁƸţ�ƾř�ũƃǆƄƖƸŤŧ�ͯǁƢǎ�ʬ�ţƂǄ

ŧ���ŪǏšƄƽƸţ �ƄǏƥ �ūŤǀŤǏŨƸţ �ųţƄŽŞŏƳƸƂƸ����ūŤǀŤǏŨƸţ �ƿƼ �ƿǏŮǏƬŤƕŝ �ƿǏŮơǇƽŶƼ�ƻǎƀƱŭ �ƻŮǎ�ŏƿǏƊźŮƹƸ��
��ƿơ�ŪƹƱŮƊƼ�ůʭŲƸţ�ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ�Ʒƴ��ŪǏŨǎƄŶŮƸţ�ŪơǇƽŶƽƸţǆ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŪơǇƽŶƼ

��ŤǅƖƢŧŏƔƢŨƸţ��ŤǅǁǏŧ�ŪƴƄŮƎƼ�ūʬŤŹ�ƀŵǇŭ�ʬ�ƳƸƂƸ��
ƢƸţ�ūŤͺŨƎƸţ�ͯƬ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ūŤơǇƽŶƼ�ƺƀžŮƊŁŭ��ƘŨƖƸ�ƠšŤƍ�ƷͺƎŧ�ŪǏŨƒ�ūʭƼŤƢƽƸţ��

��ƿƼ�ͯšŤǅǁƸţ�ƻǏǏƱŮƹƸ�ƘƱƬ�ƃŤŨŮŽʬţ�ŪơǇƽŶƼ�ƺƀžŮƊŭ��ƻƹƢŮƸţ�ūʬƀƢƼ�ǆř�ŪͺŨƎƸţ�ŪǏǁŧ�ƷŲƼ�ųƁǇƽǁƹƸ
�ƀǏŵ�ƷͺƎŧ�ŪƽƽƢƼ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ƿƵŭ�ƻƸ�ţƁŝ��ŪǏšƄƽƸţ�ƄǏƥ�ūŤǀŤǏŨƸţ�ͯƬ�ŪͺŨƎƸţ�Ŗţſř�ƻǏǏƱŭ�Ʒŵř

���ŪǏšƄƽƸţ �ƄǏƥ �ūŤǀŤǏŨƸţ �ͭƸŝ �ŪƬƄƢƽƸţ �ƷƱǀ �ͭƹơ �ũƃƀƱƸţ���ƾţƀƱƬ �ƿƼ �Ʒưř �ŦǎƃƀŮƸţ �ƾţƀƱƬ �ƾř �ǌř �ŏ
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ƃŤŨŮŽʬţͭƽƊǎ�ŤƼ�ţƂǄǆ�ŏ��ƀšţƆƸţ�ƘŨƖƸţ��overfitting��ƾǇƵŭ�ŤƼƀǁơ�ŏ�ͯƊƵƢƸţ�ǇǎƃŤǁǏƊƸţ�ͭƹơ�Ưƹƚˀǎ��

ŚƚŽ����ƿƼ�ƄǏŲͺŧ�Ʒưř�ƃŤŨŮŽʬţŚƚŽ��ŏ�ŦǎƃƀŮƸţ��ƐưŤǁƸţ�ƘŨƖƸţ��underfitting����Ƹţ��ƷͺƎ�Ĺ������

�

�Ƹţ��ƷͺƎ��Ĺ������ūŤǀŤǏŨƸţ�ͯƬ�ŪưƀƸţ�ƃŤǏƢƼ�ƯƬǆ�ƻƹƢŮƸţ�ͭǁźǁƼ�ͯƬ�ƻǏƽƢŮƸţ�ƲǇƹƉ�ŪǏŨǎƃƀŮƸţ���ŪǎƃŤŨŮŽʬţǆ�

ƀšţƆƸţ �ƘŨƖƸţ��overfitting���ţƂǄ��ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �ƠǏƽŵ�ͭƹơ�ŪǎŤǅǁƸţ �ͯƬ �ƄűŜŭ �ũƄǄŤƝ�ǇǄ
��ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ�ƿƼ�ƘƱƬ�ƾǇƽƹƢŮǎ�ƻǅǀř�ŪƱǏƱŹ�ͭƸŝ�ƠŵƄǎŪǏŨǎƃƀŮƸţ�ƠǏƽŵ�ƿƼ�ŪǏơƄƬ�ŪơǇƽŶƼ��

��ŪŨưŤƢƽƸţ�ǆř�ũŚƬŤͺƽƸţ�ƃţƀƱƼ�ŪǏơƄƭƸţ�ŪơǇƽŶƽƸţ�ǂƂǄ�ͯƬ�ƻǅšţſř�ũſǇŵ�ǈƀƼ�ſƀźǎ��ŪǁͺƽƽƸţ�ūŤǀŤǏŨƸţ
ŮŹ�ŏ�ƄŽŗ�ͭǁƢƽŧ��ƻǅǀţƅǆř�ͭƹơ��ŪƽƽƒƼ�ŤǅƊƭǀ�ūŤͺŨƎƸţ�ƾŞƬ�ŏ�ŪƽƽƢƽƸţ�ŪƬƄƢƽƸţ�ǇǄ�ŤǁƬƀǄ�ƾŤƴ�ǇƸ�ͭ

��ƛŤƭźƸţ�ͯƬ�ŪǎŤǅǁƸţ�ͯƬ�ƾǆřƀŨǏƉ�ŏ�ŪƱǎƄƚƸţ�ǂƂǅŧ��ũſƀźƼ�ūŤǀŤǏŧ�ūŤơǇƽŶƼ�ͯƬ�ŪǏƸŤơ�Ūưſ�ƯǏƱźŮƸ
��ͭƸŝ�ƜƭźƸţ�ţƂǄ�ǌſŜǎ��ƳƸƂŧ�ƺŤǏƱƸţ�ͭƹơ�ƻǅŭƃƀư�ͭƸŝ�ƄƞǁƸŤŧ�ŏ�ƻǅŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ͭƹơ

ͺŨƎƸţ �ͭƹơ�ƷǏƽźŮƸţ �ũſŤǎƅ��ƷǏƑŤƭŮƸţǆ�ũƀǎƄƭƸţ �ūţƆǏƽƸţ �ƅǆŤŶŮƸţ �ͯƬ�ūřƀŧ�ͯŮƸţ �ŪͺŨƎƸţ �ƄƴƂŮŭ ��Ū
��ŪƼŤơ�ƻǏǄŤƭƽƴ�ŤǅǁǏŧ�Ƙƹžŭǆ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ͯƬ�ŤʽǎƄƒŹ�ũſǇŵǇƽƸţ�ūŤǀŤǏŨƹƸ�ũſƀźƽƸţ
��ŪŧǇƢƑ�ƄŲƴř�ŤĽŮưǆ�ŪͺŨƎƸţ�ǂƂǄ�ƷŲƼ�ǃŵţǇŮƉ�ŏ�ƳƸƂƸ��ŪƹűŤƽƽƸţ�ūŤǀŤǏŨƸţ�ūʭŽƀƼ�ƠǏƽŵ�ƿǏŧ�ŪƴƄŮƎƼ

ƀŶƸţ�ūʭŽƀƽƸţ�ƷǏƹźŭ�ͯƬ�ƔƢŧ�ƾʨ�ƳƸƁǆ���ŪǏŨǎƄŶŮƸţ�ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ��ŪƬǇƸŚƽƸţ�ƄǏƥǆ�ũƀǎ
��ŏ�ƳƸƁ�ͭƸŝ�ŪƬŤƕʪŤŧ��ũƀǎƀŶƸţ�ūŤǀŤǏŨƸţ�ͯƬ�ũſǇŵǇƼ�ƄǏƥ�ŤĽƱŨƊƼ�ŤǄƀǎƀźŭ�ƻŭ�ͯŮƸţ�ũƆǏƽƽƸţ�ūŤƽƊƸţ
��ŴŭŤǁƸţ�ŚƚžƸţǆ�ŦǎƃƀŮƸţ�ŖŤǁűř�ŴŭŤǁƸţ�ŚƚžƸţ�ƿǏŧ�ũǇŶƭƸţ�ſţſƆŭ�ŏŦǎƃƀŮƸţ�ŖŤǁűř�ŪͺŨƎƸţ�Ūưſ�ũſŤǎƅ�ƠƼ

ŤŨŮŽʬţ�ŖŤǁűř�ƀǁơ�ǃǁƼ�ƄƭƼ�ʬ�ţʽƄƼř�ƀƱƢƼ�ųƁǇƽǀ�ƺţƀžŮƉţ�ƾǇͺǎ�ƾŤǏŹʨţ�ƔƢŧ�ͯƬ�ŏ�ƳƸƁ�ƠƼǆ��ƃ
��ǈǇŮƊƽŧ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ǆř�ūŤƱŨƚƸţ�ƿƼ�ƀǎƆƽƸţ�ŪƬŤƕŝ�ŸƽƊŭ��ŪǎŤƦƹƸ�ũƀƱƢƽƸţ�ƺŤǅƽƸţ�ƷŹ�ŪƸǆŤźƼ

�ŪǁǏƢƼ�ŪƚƱǀ�ͭƸŝ�ŪưƀƸţ�ƿƼ�ͭƹơř�ǈǇŮƊƼ�ͭƸŝ�ǌſŜǎ�ƀư�ŤƽƼ�ŏ�ūţƆǏƽƸţ�ųţƄžŮƉţ�ƿƼ�ͭƹơř��
��ƘŨŭƄǎ�ŤƼ�ĽũſŤơoverfitting����ǆunderfitting����ţʽƄƍŤŨƼ�ŤĽƙŤŨŭƃţ�ŪƱǏƽƢƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ͯƬ

�ſƀƢŧ �ţʽƄƍŤŨƼ �ŤĽƙŤŨŭƃţ �ŪƱǏƽơ �ŪǏŨƒơ �ŪͺŨƎƸ �ųƁǇƽǁƸţ �ŪƢƉ �ƘŨŭƄŭ �ŏ �ŪƙŤƊŨŧ ��ųƁǇƽǁƸţ �ũƃƀƱŧ
ūʭƼŤƢƽƸţ���ŪơǇƽŶƼ�ŪƼŖʭƼ�ͭƹơ�ŪƱǏƽƢƸţ�ŪͺŨƎƸţ�ũƃƀư�ǈƀƼ�ųƁǇƽǁƸţ�ŪƢƉ�ſƀźŭ��ŪͺŨƎƸţ�ƷŽţſ

��ŪƢƉţǆ�ŪơǇƽŶƼ�ƫǏǏƵŭ�ƿƼ�ŪͺŨƎƸţ�ƿͺƽŮŭ�ʬ�ƀƱƬ�ŏ�ţĽƀŵ�ŪƖƭžǁƼ�ŪƢƊƸţ�ŬǀŤƴ�ţƁŝ��ƫšŤƝǇƸţ�ƿƼ
�ūŤǁǏƢŧ �ƛŤƭŮŹʬţ �ͭƸŝ �ţĽƀŵ �ũƄǏŨͺƸţ �ųƁǇƽǁƸţ �ŪƢƉ �ǌſŜŭ �ƀư �ŤƽǁǏŧ �ŏ ��ƺƅʭƸţ �ƿƼ �Ʒưř� �ŦǎƃƀŮƸţ
��ŪƱǏƽƢƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƹƸ�ŪŨƊǁƸŤŧ�ŪƹͺƎƼ�ŪƽšʭƽƸţ�ƺƀơ�ƷŲƽǎ�ʬ�ũſŤơ���ƓƄƢƸţ�ũſŤǎƅ��ŦǎƃƀŮƸţ
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ʨ�ţƂǄ�ƿƼ�ƀǎƆƽƸţ�ƠƼ�Ưƽơř�ǆř�ǈǇưř�ŪͺŨƍ�ŪǏǁŧ�ƺţƀžŮƉŤŧ�ŪƹͺƎƽƸţ�ǂƂǄ�ƷŹ�ƿͺƽǎ�ǃǀūʭƼŤƢƽƸţ���

�ŏ�ŪǏšƄƽƸţ�ƄǏƥǆ�ũƀǎƀŶƸţ�ūŤǀŤǏŨƹƸ �ŪƱǏƽƢƸţ�ūŤͺŨƎƸţ�ƺţƀžŮƉţ�ƿƼ�ƿͺƽŮƸţ�Ʒŵř�ƿƼ�ŏ�ƳƸƁ�ƠƼǆ
� �ͯƬ �ƻͺźŮƸţ �ŦŶǎoverfitting� �ƄǏűŚŭ �ƷǏƹƱŭ �ŪǏƹƽơ �ͭƽƊŭ ��overfitting� ��ǃƢǁƼ �ǆř

�ƻǏƞǁŮƸŤŧ�regularization������ͯƬ�ƻͺźŮƹƸ�ŪƹǏƉǆ�ǇǄ�ƻǏƞǁŮƸţoverfitting����ǈƄŹʨŤŧ�ǆř�ŏ��ƿǏƊźŮƸ
�ƻǏƽƢŮƸţ�ŚƚŽ����

�ŪƼŖʭƽƸţ �ͭŮŹ�ǆř �ƻǏƽƢŮƸţ �ͯƬ�ŷŤŶǁƸţ �ƾʨ��ŪǏƽǏƹƢŮƸţ �ūŤǀŤǏŨƸţ �ŪƼŖʭƼ�ƿơ�ͯƕŤƦŮƸţ �ͯƦŨǁǎ �ʬ
��ƫǏƵŮƸţ�ͭƸŝ�ųƁǇƽǁƸţ�ƷǏƽǎ�ƀư�ŏ�ƳƸƁ�ƪʭŽ��ŤǅǏƹơ�ƀƽŮƢǎ�ŪǏƽǏƹƢŮƸţ�ūŤǀŤǏŨƸţ�ͯƬ�ŪǏƬŤͺƸţ��ƷͺƎŧ

�ŪŹŤŮƽƸţ�ūŤǀŤǏŨƸţ�ŪǏƽƴ�ͭƹơ�ŏ�ŪǏŹŤǀ�ƿƼ�ŏ�ţƂǄ�ƀƽŮƢǎ��ŦǎƃƀŮƸţ�ūŤǀŤǏŨƸ�ũſƀźƽƸţ�ūţƆǏƽƸţ�ƠƼ�ƗƄƭƼ
��ŏ�ŪƼŤƢƸţ�ƷƴŤǏǅƸţǆ�ƗŤƽǀʨţ�ƀǎƀźŮƸ�ŪǏƬŤƴ�ũƄǏƦƒƸţ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ƾǇƵŭ�ʬ�ƀư�ŰǏŹ�ŏ�ŦǎƃƀŮƹƸ

��ƻƹƢŮƸŤŧ�ƄƼʨţ�ƯƹƢŮǎ�ŤƼƀǁơ�ŪƑŤŽ�Ŕ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ũſǇŵ�ͭƹơ�ŏ�ǈƄŽř�ŪǏŹŤǀ�ƿƼǆ��ŪŨưţƄƼ�ƶʭŽ�ƿƼ
��ŪƬŤƕʪŤŧ��ƿǏǎƄƎŨƸţ�ŖţƄŨžƸţ�ͭŮŹ�ǆř�ƄƎŨƸţ�ƷŨư�ƿƼ�ƷƢƭƸŤŧ�ŤǅǁǏǏƢŭ�ƻŭ�ͯŮƸţ�ƪƀǅƸţ�ūŤƼʭơ�ŪźƑ

��ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ƐšŤƒŽǆ�ƠǎƅǇŭ�ƾř �ƿƼ�ƀƴŚŮƸţ �ǌƃǆƄƖƸţ �ƿƼ�ŏ�ƳƸƁ�ͭƸŝŪƱƬţǇŮƼ����ūŤǀŤǏŧ �ƠƼ
�ǃƽƹƢŭ �ƻŭ �ǌƂƸţ �ųƁǇƽǁƹƸ �ƘǏƚžŮƸţ �ƻŭ �ͯŮƸţ �ūŤǀŤǏŨƸţ �ƠƼ �ƺŤơ �ƷͺƎŧ �ŪƱƬţǇŮƼ �Ťǅǀř �ǆř �ƃŤŨŮŽʬţ

ƷŨƱŮƊƽƸţ�ͯƬ�ǃƼţƀžŮƉʬ����

Early stopping 

��ųƁǇƽǁƸţ�Ŧǎƃƀŭ�ͯƬŏƄǏŨͺƸţ����Ɣƭžǁǎ�ŤƼ�ĽũſŤơ��ƃǆƄƽŧ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţǆ�ŦǎƃƀŮƸţ�ŚƚŽ�ŏŬưǇƸţ��
��ŪƹŹƄƼ �ɥƿͺƸǆŏŤƼ��řƀŨǎ����ǂƂǄ �ɥ�ũſŤǎƆƸţ �ɥŪźƒƸţ �ƿƼ �ƯƱźŮƸţ �ŚƚŽŏŪƹŹƄƽƸţ����ɥųƁǇƽǁƸţ �řƀŨǎ

overfitting����ƄͺŨƽƸţ�ƫưǇŮƸţ�ŪƱǎƄƙ�ƺţƀžŮƉţ�ƻŮǎ��ŦǎƃƀŮƸţ�ŪơǇƽŶƽƸ�ũſƀźƽƸţ�ūţƆǏƽƸţ�ŪƬƄƢƼǆ
���ŪźƒƸţ �ƿƼ �ƯƱźŭ �ŚƚŽ�ƷưŚŧ �ųƁǇƽǁƸţ �ƟŤŵƃŞŧ �ŪƱǎƄƚƸţ �ǂƂǄ�ƺǇƱŭ ��ŪƹŹƄƽƸţ �ǂƂǄ�ƀǁơ �ƫưǇŮƹƸ

ŏƳƸƂƸ����ƷͺƎŧ�ƯƱźŮƸţ�ŖŤƚŽř�ƻǏǏƱŮƸ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ūŤǏƹƽơ�ƿƼ�ŪơǇƽŶƼ�ŦǎƃƀŮƸţ�ŦƹƚŮǎ
ǌƃǆſ.�

�ǂƂǄ�ͯƬŏŪƱǎƄƚƸţ���ƿƼ�˟ʬƀŧǆ��ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŚƚŽ�ɥͭƸǆʨţ�ũſŤǎƆƸţ�ƀƢŧ�ŦǎƃƀŮƸţ�ƫưǇŮǎ�ʬ
ŏƳƸƁ����ŪŨŮơ�ͭƸŝ�Ʒƒŭ�ͭŮŹ�ŦǎƃƀŮƸţ�ƿƼ�ţĽƀǎƆƼ�ŪͺŨƎƸţ�ͭƱƹŮŭ�ƺƀƱŭ�ƾǆſ�ūţƃǆƀƸţ�ſƀơ��ƀƢŧ���ŏƳƸƁ��

ʭŽ�ƿƼ��ūţƃǆƀƸţ�ƻǏǏƱŭ�ƶŏŪƱŹʭƸţ����ƷǏŨƉ�ͭƹơ��ŦǎƃƀŮƸţ�ƿƼ�ƀǎƆƽƸ�ŚƚžƸţ�ƿƼ�ƯƱźŮƸţ�ŪǏƹƽơ�ͭƱƹŮǀ
ŏƶŤŲƽƸţ����ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŚƚŽ�ƿƊźŮǎ�ƻƸ�ţƁŝ������ƿƼ�ƯƱźŭ�ŚƚŽ�ƷƖƬř�ͭƹơ�ŪǏƸŤŮŮƼ�ūţƄƼ
ŏŪźƒƸţ����ƿƼ�ƯƱźŮƸţ�ɥŚƚŽ�ƷƖƬř�ͭƹơ�ǌǇŮźǎ�ǌƂƸţ�ųƁǇƽǁƸţ�ƟŤŵƃŝ�ƻŮǎǆ�ŦǎƃƀŮƸţ�ƪŤƱǎŝ�ƻŮǎ
ŪźƒƸţ� 



�YªÌ¼ ·Y�º¸ f·��¬Ì¼��ÈÌ^���È°^��LZÀ]�Öfu�cZÌ�Z�ÏY�¾»�È�]�·Y�È¤¸�½ÂjËZ^ 102  

 

�
�Ƹţ��ƷͺƎ��Ĺ�����ƄͺŨƽƸţ�ƫưǇŮƸţ�

��ÈËZÆ¿��^f ËÁ�ª¬vf·Y�È�Â¼n»�Ö¸��0LZÀ]�Ç�Á{�¶ �̄Ê§�k}Â¼À·Y�LY{O��°^¼·Y�¦«Âf·Y�\«Y�Ë
��ª¬vf·Y�LY{P]�È�Á��»�\Ë�|f·Y 

Dropout 
��ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ŪƸţƅŝ�ͯǄ�ŪǏƉŤƉʨţ�ũƄƵƭƸţ��ŪǏŨƒƢƸţ�ūŤͺŨƎƹƸ�ŪǏƽǏƞǁŭ�ŪƱǎƄƙ�ǇǄ�ͯšţǇƎƢƸţ�ƪƂźƸţ

��ŪǏƹŽ�ƪƂŹ�ƻŭ�ţƁŝ��ƃţƄƵŭ�Ʒƴ�ƀǁơ�ͯšţǇƎơ�ƷͺƎŧ�ŏŪǏŨƒơ���ƾǇƵŭ�ŪƢŧŤŮƸţ�ūŤŵƃƀŮƸţ�ƠǏƽŵ�ƾŞƬ
��ũƄŮƬ�Ʒƴ�ɥǃǀř�ͯǄ�ŪƱǎƄƚƸţ�ǂƂǄ�ƂǏƭǁŭ�ŪǏƹƽơ�ƾŝ��ƷŧŤƱƽƸţ�ƾƅǇƸţ�ƓƄơ�ƻŮǎ�ʬ�ͯƸŤŮƸŤŧǆ�ŪǎƄƭƑ�ƃţƄƵŭ

ŏŦǎƃƀŮƹƸ����ŪǏŨƒơ�ŪǏƹŽ�Ʒƴ�Ʒƞŭ��ƶŤƽŮŹţ�ƠƼ����ŏǆ��ƶŤƽŮŹţ�ƠƼ(ͳ െ ��ŪͺŨƎƸţ�ƿƼ�ŤǅŮƸţƅŝ�ƻŮŮƉ(
��Ʒƴ�ɥūţƆǏƽƸţ�ƠǏƽŵ�ͭƹơ�ƪƄƢŮƸţ�ƺƀơ�ͭƸŝ�ţƂǄ�ǌſŜǏƉŏũƄŮƬ����ŪƭƹŮžƼ�ƐšŤƒŽ�ƺţƀžŮƉţ�ƻŮǏƉǆ

��ƷͺƎƸţ�ŸƕǇǎ��ūŤǀŤǏŨƸţ�ƶŤŽſŝ�ŤǅǏƬ�ƻŮǎ�ũƄƼ�Ʒƴ�ɥƫǏǁƒŮƹƸ�Ĺ����ŪͺŨƍǆ�ŪǏŵƁǇƽǀ�ŪǏŨƒơ�ŪͺŨƍ
�ŨƒơͯšţǇƎơ�ƪƂŹ�ƠƼ�ŪǏ���

�
�Ƹţ��ƷͺƎ��Ĺ�����ƷŨư��ř��ŪǏŨƒơ�ŪͺŨƍ�ƪƂźƸţ��ͯ šţǇƎƢƸţ�ƪƂźƸţ�ƀƢŧ��ť��ǆ�ͯšţǇƎƢƸţ�

�ŤʽǏǁƽƕ�ƻƹƢǎ�ǃǀř�ǇǄ�ͯšţǇƎƢƸţ�ƪƂźƸţ�ƄǏűŚŮƸ�ŤʽơǇǏƍ�ƄŲƴʨţ�ƄǏƊƭŮƸţ�ŪơǇƽŶƼ��ensemble����ƿƼ
ųƁŤƽǁƸţ��ƿƼ�ŪơǇƽŶƽŧ�ƾƅǆ�Ʒƴ�Űǎƀźŭ�ƻŮǎǆ�ųƁǇƽǁƸţ �ƿƼ�ŪƭƹŮžƼ�ŪžƊǀ�ŴŮǁǎ�ƃţƄƵŭ�Ʒƴ�ƾʨ��
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��ŚƚŽ�ƷǏƹƱŮƸ�ͯƸʦţ�ƻƹƢŮƸţ�ɥŤʽƢšŤƍ�ŤʽŧǇƹƉř�ųƁŤƽǁƸţ�ƿƼ�ƀǎƀƢƹƸ�ͯơŤƽŶƸţ�ƻƹƢŮƸţ�ƀƢǎ��ǈƄŽʨţ�ƾţƅǆʨţ

ǈƄŽř�ųƁŤƽǀ�ŪƚƉţǇŧ�ǃƖǎǇƢŭ�ƿͺƽǎ�ƀŹţǆ�ųƁǇƽǁƸ�ŸǏźƒƸţ�ƄǏƥ�ŜŨǁŮƸţ�ƾř�ũƄƵƭŧ�ƻǏƽƢŮƸţ.�

��ŪǏŹŤǀ �ƿƼ�ŏǈƄŽř����ƪƂźƸţ �ƄǏƊƭŭ �ƿͺƽǎͯšţǇƎƢƸţ����ͭƹơ �ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ƃŤŨŵŝ �ƻŮǎ �ǃǀř �ͭƹơ
ŤŨƽƸţ�ǆř �ūŤŢƬ �ƶǇŹ �ŪƬƄƢƽƸţ �ƔƢŧ �ƾʨ �ţʽƄƞǀ ��ƻƹƢŮƸţ �ƶʭŽ �ƿƼ �ŪŨƊŮͺƽƸţ �ŪƬƄƢƽƸţ �ƷǏŲƽŭ �ɥŪƦƸ

�ƔƢŧ�ɥũƃǆƄƖƸŤŧ�ŪŹŤŮƼ�ŬƊǏƸ�ŪǁǏƢƼ�ūʭŽƀƼ�ŏūţƃţƄƵŮƸţ���ŤǎʭžƸţ�ǂƂǄ�ɥũƄƭƎƽƸţ�ŪƬƄƢƽƸţ�ƾŞƬ
���ƾʦţ�ŤǅŮƸţƅŝ�ƻŮǎ�ūʭŽƀƽƸţ�ǂƂǅƸ�ŪǏŨƒƢƸţŏͯƸŤŮƸŤŧǆ����ʩƽŭ�ƾř�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ͭƹơ�ŦƢƒƸţ�ƿƼ

ŤǁǏơ��Ŧǎƃƀŭ�ūŏũſƀźƼ��Ťƽ̔šţſ�ŪŹŤŮƼ�ŬƊǏƸ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƔƢŧ�ƾʨ.�

��ƪƂźƸţ�ͭƸŝ�ƶǇƑǇƸţ�ƿͺƽǎͯƬſŤƒŮƸţ����ɥͯƸŤŮƸţ�ũƄƭƎƸţ�ƫƚŮƱƼ�ƺţƀžŮƉŤŧKeras��� 

from keras.layers import Dropout 
from keras.models import Sequential 
 
model = Sequential() 
��� 
model.add(Dropout(0.5)) 

Batch Normalization 
��ƠǎƅǇŭ�ƄǏǏƦŭ�ɥƄǏǏƦŮƸţ�ţƂǄ�ŦŨƊŮǎ��ŪƱŨƙ�Ʒƴ�ƾţƅǆř�ƄǏǏƦŭ�ͭƸŝ�ŪͺŨƎƸţ�Ŧǎƃƀŭ�ǌſŜǎ�distribution���

��ūŤƱŨƚƸţ�ŪǏưƄŭ�ŖŤǁűř�ūʭŽƀƽƸţŏŪƱŧŤƊƸţ����ƄǏűŚŮƸţ�ţƂǄ�ͭƽƊǎǆ��ƄǏƦŮƽƸţ�ŪŹţƅŝ�ͯ ƹŽţƀƸţ���internal 

covariate shift���ƾʨ�ŪƹͺƎƽƸţ�ǂƂǄ�ŚƎǁŭ��ūʭƼŤƢƽƸţ����ŪǏƹƽơ�ŖŤǁűř�ƃţƄƽŮƉŤŧ�ƄǏƦŮŭŏŦǎƃƀŮƸţ����ͯŮƸţǆ
��ƻǏư�ƄǏƦŭ�ŤǄƃǆƀŧ�ƶţǆſ����ŪǏƸŤŮƸţ�ūŤƱŨƚƸţ�ͭƸŝ�ŪǏƸǆʨţ�ūŤƱŨƚƸţ�ƿƼ�ƶŤŽſʪţ�ƻǏư�ƄǏǏƦŭ�ǌſŜǎ��ƘǏƎǁŮƸţ

��ŪǏƹƽơ�ŖŤǁűř�Śƚŧř�ťƃŤƱŭ�ͭƸŝŏŦǎƃƀŮƸţ����ͭǁƢƽŧ��ũƄƱŮƊƼ�ƄǏƥ�ŪƱŹʭƸţ�ūŤƱŨƚƹƸ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƾʨ
ŏƄŽŗ����ƫšŤƝǆ�ūţƁ�ūŤƱŨƙ�ũƀơ�ƿƼ�ŴǎƆƼ�ͯǄ�ŪƱǏƽƢƸţ�ūŤͺŨƎƸţŏŪƭƹŮžƼ����ƘƱƬ�ƻƹƢŮŭ�ʬ�ŪƱŨƙ�Ʒƴǆ

��Ūǎţƀŧ�ƿƼ�ƺŤƢƸţ�ƷǏŲƽŮƸţ�ƻƹƢŭ�ŪǏƭǏƴŏŦǎƃƀŮƸţ����ɥũƄƽŮƊƽƸţ�ūţƄǏǏƦŮƸţ�ƿƱŮŭ�ƾř�ŤʽƖǎř�ŤǅǏƹơ�ƿͺƸǆ
��ŰǎƀźŮŧ �ƿˌƊźƽˀƸţ �ƺǇƱǎ �ŤƽǁǏŧ ��ūŤƱŨƙ ��ƯŨƉ �ŤƽƸ �ŤĽƱƬǆ �ūʭŽƀƽƸţ �ūŤƢǎƅǇŭūʭƼŤƢƽƸţ����ͭƹơ

ŮƬţ��ƈƭǀ�ɥūŤƱŨƚƸţ�Ʒƴ�ŰǎƀźŮŧ�ƺǇƱǎǆ�ǈƄŽʨţ�ūŤƱŨƚƸţ�ɥƄǏƦŮŭ�ʬ�Ťǅǀř�ƓţƄŏŬưǇƸţ����ǌſŜǏƉ
��ƿǏŧ�ƠƽŶƸţ�ƀǁơ�ŤǅǏƬ�ťǇƥƄƼ�ƄǏƥ�ŴšŤŮǀ�ͭƸŝ�ţƂǄ�ƶţǆſ��ŪƭƹŮžƼ�ɥƄǏǏƦŮƸţ �ƠƼ�ƷƼŤƢŮƸţ �Ʒŵř�ƿƼ��

��ŖŤǁűř�ƠǎƅǇŮƸţŏƻƹƢŮƸţ����ƻǎƀƱŭ�ƻŭŪǏơŤƽŶƸţ�ŪǎǇƊŮƸţ����Batch Normalization��ɥ��ǂƂǄ�ŏŪƱǎƄƚƸţ����ƻŮǎ
��ŖţƄŵŝŪǎǇƊŮƸţ����ƘƉǇŮƼ�ŤǅƸ�ƾǇͺǎ�ŰǏźŧ�ŪƱŨƚƸţ�ŪǎſŤŹř�ƶŤŽſʪţ�ūŤǀŤǏŧ�ͭƹơ��ǌƃŤǏƢƼ�ƪţƄźǀţǆ�ƄƭƑ
�ƀŹţǇŧ����Ơƕǆ�ƶʭŽ�ƿƼƸţ��ŪǎǇƊŮŪǏơŤƽŶƸţ����ŏ�ŪƴƄŮƎƼ�ƿǎŤŨŭ�ŪǏƑŤŽ�ŖŤƎǀŝǆ�ŪǏƭžƽƸţ�ūŤƱŨƚƸţ�ƿǏŧ

ŪͺŨƎƸţ�ūŤƱŨƚƸ�ŪǏƹŽţƀƸţ�ūţƄǏǏƦŮƸţ�ƷǏƹƱŮŧ�ƺǇƱǀ� 

��ªÌ^�e �µÔy�¾»n·Y �ÈËÂ�f·YÈÌ�Z¼��µ| »�Ç{ZË� �¾°¼Ë�,,º¸ f·Y����º¸ e�Ö·S �É{RË�Y~ÅÁ
�Ö·S�È§Z�ÑZ]�����O,®·}���½Á{�È°^�·Y��¨À]�È¿�Z¬»�È«|·Y�|ËY�feÈËÂ�f·Y��ÈÌ�Z¼n·Y�� 

��ƺţƀžŮƉţ�ƿͺƽǎƸţ��ŪǎǇƊŮŪǏơŤƽŶƸţ����ɥͯƸŤŮƸţ�ũƄƭƎƸţ�ƫƚŮƱƼ�ƺţƀžŮƉŤŧKeras�� 



�YªÌ¼ ·Y�º¸ f·��¬Ì¼��ÈÌ^���È°^��LZÀ]�Öfu�cZÌ�Z�ÏY�¾»�È�]�·Y�È¤¸�½ÂjËZ^ 104  

 
from keras.layers import BatchNormalization 
from keras.models import Sequential 
 
model = Sequential() 
��� 
model.add(BatchNormalization()) 

keras 
ŪǏŨƒơ�ŪͺŨƍ�ƂǏƭǁŭ�ŪǏƭǏƴ�ƻƹƢŮǀ�ƪǇƉ�ŏƻƊƱƸţ�ţƂǄ�ͯƬ����ŪǏƼŤƼţɥŪǎƂƦŮƸţ Keras �ŏƶǆʨţ�ƶŤŲƽƸţ�ͯƬ

��ŪͺŨƍ�ŖŤǁŨŧ�ŤǁƽưƘƉǇŮƽƸţ�ƿƼ�Ʒưř�ǆř�ͭƹơř�ƶƅŤǁƽƸţ�ƃŤƢƉř�ŬǀŤƴ�ţƁŝ�Ťƽŧ�ŜŨǁŮƹƸ�ŪǏŨƒơ.�
�ŪƱŧŤƊƼ�ūŤǀŤǏŧ�ƿƼ�ŪƊŨŮƱƼ�ŤǅƼƀžŮƊǁƉ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ 1Kaggle ƶƆǁƼ�ŪƽǏƱŧ�ŜŨǁŮƹƸ 

Zillow ����ǆř�ͭƹơř�ƾǇͺǏƉ�ƶƆǁƽƸţ�ƄƢƉ�ƾŚŧ�ŜŨǁŮƹƸ�ƷƽƢƸţ�ŤǀƄǏƥǆ�ƶŤŽſʪţ�ūţƆǏƼ�ſƀơ�Ťǁƹƹư�ƀƱƸ
��ƺƀžŮƉţ��ƘƉǇŮƽƸţ�ƿƼ�ƷưřţƘŧţƄƸ���ŪǏƹƭƊƸţ�ŪǏƍŤźƸţ�ɥſǇŵǇƽƸţ2��ŪƸƀƢƽƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƷǎƆǁŮƸ.�

��ƻƹƢŮƹƸ�ųƁǇƽǀ�ǌř�ŖŤǁŨƸ�ŪŶƼƄŨƸţ�ƷŨưŏͯƸʦţ����ŤǁŭŤǀŤǏŧ�Ơƕǆ�ǇǄ�ǃŧ�ƺŤǏƱƸţ�ŤǁǏƹơ�ƿǏƢŮǎ�Ŗͯƍ�ƶǆř�ƾŞƬ
��ţƂǄ�ɥ�ŪǏƼƅƃţǇžƹƸ�ŦƉŤǁƼ�ƯǏƊǁŭ�ͯƬŏƶŤŲƽƸţ����Ťƽŧ�ƺǇƱǀ�ͯƹǎ�

� �ūŤƭƹƼ�˟ʬǆř�řƄƱǀCSV���ͭƸŝ�ŤǅƸǇźǀǆ��ūŤǀŤǏŧ�ūŤƱǏƊǁŭ�ͯǄ�ūŤƬǇƭƒƽƸţ��ūŤƬǇƭƒƼ
Ƹ�ƿͺƽǎƹ��ŤǅŮŶƸŤƢƼ�ŪǏƼƅƃţǇž 

� ��ͭƽƊŭ�ƶŤŽſŝ�ƐšŤƒŽ�ͭƸŝ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻƊƱǀݔ��ŪǏƽƊŭǆ����ųţƄŽţ���
��ͭƽƊŭݕ� 

� ��ƺǇƱǀŪǎǇƊŮŧ����ūŤǀŤǏŨƸţ 
� ��ƃŤŨŮŽʬţ�ŪơǇƽŶƼǆ�ƯƱźŮƸţ�ŪơǇƽŶƼǆ�Ŧǎƃƀŭ�ŪơǇƽŶƼ�ͭƸŝ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻƊƱǀ�

ř�ƷŽſř��řƀŨǀ�Ťǁŧ�ŤǏǄ��ŪŨŮͺƼ�˟ʬǆpandasŏ����ŦŮƴţǆſǇͺƸţ����ŪǏƹŽ�ɥͯƸŤŮƸţnotebook����ͭƹơ�ƘƦƕţǆAlt 
+ Enter��

import pandas as pd 

��ŪƼƆŹ�ɥſǇŵǇƽƸţ�ſǇͺƸţ�ͭƸŝ�ũƃŤƍʪţ�ūſƃř�ţƁŝ�ͯǁǀř�ƘƱƬ�ͯǁƢǎ�ţƂǄ pandasŏñ����ͭƹơ�ǃǏƸŝ�ƄǏƍŚƊƬ
��ǃǀřpd��ƫƹƼ�řƄƱǀ�ƻű��CSV�ͯƸŤŮƸţ�ſǇͺƸţ�ƂǏƭǁŭ�ƯǎƄƙ�ƿơ�Ťǁŧ�ƏŤžƸţ��

df = pd.read_csv('housepricedata.csv') 

��ƫƹƼ�řƄƱǀ�Ťǁǀř�ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƿƼ�ƄƚƊƸţ�ţƂǄ�ͯǁƢǎ'housepricedata.csv'����ƄǏƦŮƼ�ɥǃƞƭźǀǆ
dfɥſǇŵǇƼ�ǇǄ�ŤƼ�ŪƬƄƢƼ�ƀǎƄŭ�Ŭǁƴ�ţƁŝ������df����ŪŧŤŮƴ�ǈǇƉ�ƳǏƹơ�ŤƽƬ�ŏdfɥ��ŪǏƹŽ�notebook����ƘƦƕţǆ

��ͭƹơAlt + Enter��

df 

 
1 https://www.kaggle.com/c/zillow-prize-1/data 
2�https://drive.google.com/file/d/1h6LPHNs4F_FnxwfdE_fCIsGeEh30tDBf/view?usp=sharing 
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��ǆƀŨŭ�ƾř�ŦŶǎţƂǄ�ƷŲƼ�ƳŭŤŵƄžƼ��

�
���ŪǏƽƊŮƸţ��ũƆǏƽƸţ�ŤǁǎƀƸ�ƄǏŽʨţ�ſǇƽƢƸţ�ɥ�ͭƸǆʨţ�ũƄƎƢƸţ�ũƀƽơʨţ�ɥũſǇŵǇƼ�ŤǁǎƀƸ�ƶŤŽſʪţ�ƐšŤƒŽ

�ƘƉǇŮƽƸţ�ƿƼ�ͭƹơř�ƶƆǁƽƸţ�ƄƢƉ�ƷǄ��ŤǅƢưǇŭ�ƀǎƄǀ�ͯŮƸţ��ŕʬ�ƺř����ǆ��ƻƢǀ��ƧƸ���ƀƢŧ�ƾʦţ����ʬ��ƧƸ��
��Ʒͺƍ�Ťǁǎřƃ�ƾřŏūŤǀŤǏŨƸţ��ŤǅŮŶƸŤƢƽŧ�ƅŤǅŶƸţ�ƺǇƱǎ�ͭŮŹ�ūŤƬǇƭƒƼ�ͭƸŝ�ŤǅƹǎǇźŭ�ƀǎƄǀ���

dataset = df.values 

��ͭƸŝ�Ťǁŧ�ƏŤžƸţ�ūŤǀŤǏŨƸţ�ƃŤƙŝ�ƷǎǇźŮƸŏŪƬǇƭƒƼ����ƻǏư�ƿǎƆžŮŧ�ƺǇƱǀdf����ƠƼ��ƘƱƬdf.values��ɥ�
�ƄǏƦŮƼdataset����ƄǏƦŮƼ�ƷŽţſ�ƀŵǇǎ�ŤƼ�ŪƬƄƢƽƸ��dataset�ŏð��ŪŧŤŮƴ�ǈǇƉ�ƳǏƹơ�ŤƼdatasetɥ��
��ŪǏƹŽnotebook�����ŪǏƹžƸţ�ƷǏƦƎŭǆAlt + Enter����

dataset 

��ŤƽƴŏǈƄŭ��ƾʦţ�ŪƬǇƭƒƼ�ɥŤʽƢǏƽŵ�ŤǅǁǎƆžŭ�ƻŮǎ���

array([[ 8450,     7,     5, ...,     0,   548,     1], 
       [ 9600,     6,     8, ...,     1,   460,     1], 
       [11250,     7,     5, ...,     1,   608,     1], 
       ..., 
       [ 9042,     7,     9, ...,     2,   252,     1], 
       [ 9717,     5,     6, ...,     0,   240,     0], 
       [ 9937,     5,     6, ...,     0,   276,     0]]) 

���ƶŤŽſʪţ�ūŤƽƉ�ͭƸŝ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƾʦţ�ƻƊƱǀX��ŤǅƢưǇŭ�ƀǎƄǀ�ͯŮƸţ�ŪƽƊƸţǆ��Y����
��ţƂǅŧ�ƺŤǏƱƹƸŏŪƽƊƱƸţ���ͭƽƊǎ�ƄǏƦŮƼ�ͭƸŝ�ŪƬǇƭƒƽƸţ�ƿƼ�ͭƸǆʨţ�ũƄƎƢƸţ�ũƀƽơʨţ�ƿǏǏƢŮŧ�ŪƙŤƊŨŧ�ƺǇƱǀ

X����ͭƽƊǎ�ƄǏƦŮƼ�ͭƸŝ�ŪƬǇƭƒƽƸţ�ƿƼ�ƄǏŽʨţ�ſǇƽƢƸţǆY���ſǇƴ��ͯƹǎ�Ťƽƴ�ͭƸǆʨţ�ŪƽǅƽƸŤŧ�ƺŤǏƱƸţ���

X = dataset[:,0:10] 

��ƔƢŧ�ĽŤŨǎƄƥ�ţƂǄ�ǆƀŨǎ�ƀưŏŖͯƎƸţ����ƷƑţǇƭƸţ�ƷŨư�Ŗͯƍ�Ʒƴ��ƷŽţƀƸŤŧ�ŤƼ�ŷƄƍř�ƾř�ͯƸ�ţǇźƽƉţ�ƿͺƸ
��ƪǇƭƑ�ͭƸŝ�ƄǏƎǎ��ŏ�ŪƬǇƭƒƽƸţ����ũƀƽơř�ͭƸŝ�ƄǏƎǎ�ƷƑţǇƭƸţ�ƀƢŧ�Ŗͯƍ�ƷƴǆŪƬǇƭƒƽƸţ�Ťǁǀʨ�ţʽƄƞǀ��

�Ʒƒƭǀ�ʬŏƪǇƭƒƸţ��ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƪǇƭƑ�ƠǏƽŵ�ƂŽř�ͯǁƢǎ�ţƂǄ��ŪƹƑŤƭƸţ�ƷŨư�����ƠƖǀ�ŤǁǀŞƬ
��ɥŤǅƢƕǆǆX��ũƄƎƢƸţ �ũƀƽơʨţ �ųţƄžŮƉţ �ƀǎƄǀ ��ŏͭƸǆʨţ��� �ͯǁƢǎ �ƳƸƂƸ0:10��ƂŽř �ŪƹƑŤƭƸţ �ƀƢŧ ��
��ƿƼ�ũƀƽơʨţ�����ͭƸŝ�����ɥŤǅƢƕǆǆX����ſǇƽƢƸţ�ƿǏƽƖŭ�ƻŮǎ�ƻƸ�����řƀŨŭ���ʬţ��ƇƄǅƭƸţ�ƿƼ�ũƀƽơ�ŏ��

ţ�ũƄƎƢƸţ�ũƀƽơʨţ�ƾŞƬ�ţƂƸ��ƿƼ�ũƀƽơř�ͯǄ�ͭƸǆʨ�����ͭƸŝ�.�
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�ƿƼ�ƄǏŽʨţ�ſǇƽƢƸţ�ƿǏǏƢŮŧ�ƺǇƱǀ�ƻűŤǁŮƬǇƭƒƼ����ͭƸŝY���

Y = dataset[:,10] 

��ƶŤŽſʪţ�ƐšŤƒŽ�ͭƸŝ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƾʦţ�ŤǁƽƊư�ƀƱƸX���ŏūŤƼʭƢƸţǆ����ƀǎƄǀ�ŤƼ�ǌř
��ǃƢưǇŭY���ǃƊƭǀ�ǇǄ�ƶŤŽſʪţ�ƐšŤƒŽ�ƇŤǏƱƼ�ƾř�ƿƼ�ƀƴŚŮƸţ�ͯǄ�ŪŶƸŤƢƽƸţ�ɥŪǏƸŤŮƸţ�ũǇƚžƸţ���
ŏŤʽǏƸŤŹ����ŪǏƕƃʨţ�ŪŹŤƊƼ�ƷŲƼ�ūţƆǏƽƸţŏƪʬʦŤŧ����ƿƼ�ŪǏƸŤƽŵʪţ�ũſǇŶƸţ�ƗŤƱǀ�ŷǆţƄŮŭǆ�����ͭƸŝ��ŏ��

��ǇǄ�ƀưţǇƽƸţ�ſƀơǆ�����ǆř�����ǆř���Ŭưǆ�ɥŪǏŨƒƢƸţ�ŪͺŨƎƸţ�Ŗƀŧ�ŦƢƒƸţ�ƿƼ�ƷƢŶǎ�ţƂǄ��ŏƄͺŨƼ����ŤƽƼ
�ƽƸţ �ƔƢŧ�ŦŨƊǎ��ŪƼƆŹ�ƺţƀžŮƉţ �ɥūŤǀŤǏŨƸţ �ƇŤǏư �ƮƄƙ�ǈƀŹŝ�ƷŲƽŮŭ ��ŪǏƹƽƢƸţ �ƷƴŤƎscikit-

Learnʬǆř�ǃƹŽƀǀ����

from sklearn import preprocessing 

��ŪƼƆŹ�ɥŪƱŨƊƽƸţ�ŪŶƸŤƢƽƸţ�ſǇƴ�ƺţƀžŮƉţ�ƀǎƃř�ͯǁǀř�ǂʭơř�ſǇͺƸţ�ƶǇƱǎsklearn��ƀƢŧ��ŏƳƸƁ����ƺƀžŮƊǀ
ŪƸţſ����ƇŤǏƱƼ�ͭƽƊŭmin-max����ƐšŤƒŽ�ƠǏƽŵ�ƾǇƵŭ�ŰǏźŧ�ūŤǀŤǏŨƸţ �ŪơǇƽŶƼ�ƈǏƱǎ�ǌƂƸţ

��ƿǏŧ�ƶŤŽſʪţ��ǆ�����

min_max_scaler = preprocessing.MinMaxScaler() 
X_scale = min_max_scaler.fit_transform(X) 

��ŤǀƄŮŽţ�Ťǁǀř�ƜŹʬ���ǆ�����ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƿǎƆžŭ�ƾʦţ�ƻŮǎ��ŪǏŨƒƢƸţ�ŤǁŮͺŨƍ�Ŧǎƃƀŭ�ɥũƀơŤƊƽƹƸ
��ŪƬǇƭƒƼ�ɥŤǁǎƀƸ�ŪƉŤƱƽƸţX_scale��ǆƀŨǎ�ƫǏƴ�ǈƄŭ�ƾř�ƀǎƄŭ�Ŭǁƴ�ţƁŝ��X_scale ����ǈǇƉ�ƳǏƹơ�ŤƽƬ�ŏ

ŪǏƸŤŮƸţ�ŪǏƹžƸţ�ƷǏƦƎŭ��

X_scale  

��ſǇͺƸţ�ƂǏƭǁŭ�ƀƢŧŏǂʭơř��ͯƸŤŮƸţ�ųţƄŽʪţ�ǈƄŮƉ���
array([[0.0334198 , 0.66666667, 0.5       , ..., 0.5       , 0.        , 
        0.3864598 ], 
       [0.03879502, 0.55555556, 0.875     , ..., 0.33333333, 0.33333333, 
        0.32440056], 
       [0.04650728, 0.66666667, 0.5       , ..., 0.33333333, 0.33333333, 
        0.42877292], 
       ..., 
       [0.03618687, 0.66666667, 1.        , ..., 0.58333333, 0.66666667, 
        0.17771509], 
       [0.03934189, 0.44444444, 0.625     , ..., 0.25      , 0.        , 
        0.16925247], 
       [0.04037019, 0.44444444, 0.625     , ..., 0.33333333, 0.        , 
        0.19464034]]) 

ŏƾʦţ��Ƹţ�ŤǁƹƑǆ��ŪŶƸŤƢƼ�ɥũƄǏŽʨţ�ŪƹŹƄƽƸţ�ͭŏūŤǀŤǏŨƸţ����ͯǄǆ�ŪơǇƽŶƼ�ͭƸŝ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻǏƊƱŭ
ŦǎƃƀŮƸţ��ƃŤŨŮŽʬţ�ŪơǇƽŶƼǆ�ƯƱźŮƸţ�ŪơǇƽŶƼǆ�����ſǇͺƸţ�ƺƀžŮƊǁƉ�ţƂǅƸscikit-Learn����ͭƽƊƽƸţ

�train_test_splitŏñ��ŏǌƂƸţǆ����ͯŹǇǎ�ŤƽƴŏǃƽƉţ����ŪơǇƽŶƼ�ͭƸŝ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻƊƱǎ
ǃŵŤŮźǀ�ǌƂƸţ�ſǇͺƸţ�ƶŤŽſŞŧ�ƺǇƱǀ�˟ʬǆř��ŪǏŨǎƄŶŭ�ŪơǇƽŶƼǆ�Ŧǎƃƀŭ��

from sklearn.model_selection import train_test_split 

��ƻƊƱǀ�ƻűͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ��
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X_train, X_val_and_test, Y_train, Y_val_and_test = 
train_test_split(X_scale, Y, test_size=0.3) 

��ƫƚŮƱƼ�ƄŨžǎſǇͺƸţ����ǂʭơřscikit-Learn����ƻŶŹ�ƾřval_and_test ��ƾǇͺǏƉ����ͯƸŤƽŵŝ�ƿƼ�ǚ
��ƶǆř�ɥŪƽƊƱƽƸţ�ūŤǀŤǏŨƸţ�ſǇͺƸţ�ƾƆžǎ��ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�Ơŧƃř�����ǌǆŤƊŮƸţ�ŪƼʭơ�ƃŤƊǎ�ͭƹơ�ūţƄǏƦŮƼ

��ŖǇƊƸŏƜźƸţ����ǂƂǄ�ŤǀƀơŤƊŭŪƸţƀƸţ���ţʽƄƞǀ��ƿǎřƆŵ�ͭƸŝ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻǏƊƱŭ�ɥƘƱƬ
��ŪơǇƽŶƼǆ�ŪƹƒƭǁƼ�ƯƱźŭ�ŪơǇƽŶƼ�ƀǎƄǀ�ŤǁǀʨŏƃŤŨŮŽţ��ƺţƀžŮƉţ�Ťǁǁͺƽǎ����ƈƭǀŪƸţƀƸţ���ƠǎƅǇŮƸţ�ũſŤơʪ

��ͯƬval_and_test���

X_val, X_test, Y_val, Y_test = train_test_split(X_val_and_test, 
Y_val_and_test, test_size=0.5) 

��ƻŶŹ �ƻƊƱǎ �ǂʭơř �ſǇͺƸţval_and_test�����ƃŤŨŮŽʬţ �ŪơǇƽŶƼǆ �ƯƱźŮƸţ �ŪơǇƽŶƼ �ɥǌǆŤƊŮƸŤŧ
ŏƃŤƒŮŽŤŧ����ͯƸŤƽŵŝ�ƾʦţ�ŤǁǎƀƸŬƉ��ŤǅƼƀžŮƊǁƉ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ�ūţƄǏƦŮƼ��

� X_train  
� X_val  
� X_test  
� Y_train  
� Y_val  
� Y_test  

ŤǄſŤƢŧř�ͯǄ�ŤƼ�ǌř��ŤǅǁƼ�ƷͺƸ�ūŤƬǇƭƒƽƸţ �ǆƀŨŭ�ƫǏƴ�ǈƄŭ�ƾř�ƀǎƄŭ�Ŭǁƴ�ţƁŝŏ�����ǈǇƉ�ƳǏƹơ�ŤƼ
ͯƸŤŮƸţ�ſǇͺƸţ�ƷǏƦƎŭ���

print(X_train.shape, X_val.shape, X_test.shape, Y_train.shape, 
Y_val.shape, Y_test.shape) 

(1022, 10) (219, 10) (219, 10) (1022,) (219,) (219,)�

��ŤƽƴŏǈƄŭ����ͭƹơ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ǌǇŮźŭ��������ŪƚƱǀŏūŤǀŤǏŧ����ƿƼ�ŪơǇƽŶƼ�Ʒƴ�ǌǇŮźŭ�ŤƽǁǏŧ
�ͭƹơ�ƃŤŨŮŽʬţǆ�ƯƱźŮƸţ�ūŤơǇƽŶƼ�����ūţƄǏƦŮƽƸţ�ǌǇŮźŭ��ūŤǀŤǏŧ�ŪƚƱǀX��ͭƹơ����ƐšŤƒŽ

ŏƶŤŽſŝ���ūţƄǏƦŮƽƸţ�ǌǇŮźŭ�ŤƽǁǏŧY��ƘƱƬ�ũƀŹţǆ�ŜŨǁŭ�ŪǏƑŤŽ�ͭƹơ� 
��ǇǄ�ǃŧ �ƺŤǏƱƸţ �ŤǁǏƹơ�ƿǏƢŮǎ �Ŗͯƍ�ƶǆř ��ͭƸǆʨţ�ŪǏŨƒƢƸţ �ŤǁŮͺŨƍ�Ŧǎƃƀŭǆ�ŖŤǁŨƸ �ƾʦţ�ŬưǇƸţ �ƾŤŹ

ŨˀƸţ�ƿǎǇƵŭǏǁ�ˀŧ�ūţƁ�ŪǏŨƒơ�ŪͺŨƍ�ƀǎƄǀ�Ťǁǀř�ƓƄŮƭǁƸ��ŪͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŪǏǁ��
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�
��ũƃŤŨƢŧŏǈƄŽř��ūŤƱŨƚƸţ�ǂƂǄ�ƀǎƄǀ:�

� ��ŪǏƭžƽƸţ�ŪƱŨƚƸţ��������ƠƼ�ŪǏŨƒơ�ŪǏƹŽŪƸţſ��Ƹţ��ƘǏƎǁŮReLU�
� ��ŪǏƭžƽƸţ�ŪƱŨƚƸţ��������ƠƼ�ŪǏŨƒơ�ŪǏƹŽŪƸţſ��ƸţƘǏƎǁŮ�� ReLU�
� ��ŪƱŨƙūŤŵƄžƽƸţ��������ƠƼ�ŪǏŨƒơ�ŪǏƹŽŪƸţſ����ƘǏƎǁŮƸţSigmoid�

��ǂƂǄ�ƫƑǆ�ŤǁǏƹơ�ƾʦţɥŪǏƹͺǏǅƸţ����ųƁǇƽǁƸţ�ƺƀžŮƊǁƉ��ƇţƄǏƴƷƊƹƊŮƽƸţ���Sequential�ŏ����ͯǁƢǎ�ŤƽƼ
���ŦǏŭƄŮƸŤŧ �ŤǏƹƢƸţ �ūŤƱŨƚƸţ �ƫƑǆ �ͭƸŝ �ƘƱƬ �ųŤŮźǀ �Ťǁǀřŏ˟ʬǆř����ƷŽƀǀ �ŤǁơſſǇͺƸţ����ƿƼ �ťǇƹƚƽƸţ

Keras��

from keras.models import Sequential 
from keras.layers import Dense 

��ƀƢŧŏƳƸƁ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƷƊƹƊŮƽƸţ�ŤǁŵƁǇƽǀ�ƾř�ſƀźǀ��

model = Sequential([ 
    Dense(32, activation='relu', input_shape=(10,)), 
    Dense(32, activation='relu'), 
    Dense(1, activation='sigmoid'), 
]) 

��ŤǁƽƉƃ�ǌƂƸţ�ƯŧŤƊƸţ�ƷͺƎƸţ�ƷŲƼ�ŤʽƼŤƽŭǃƹͺǏǄŏ����ƫƚŮƱƼ�ſƀźǎ�ſǇͺƸţ����ƈƭǀ�ǂʭơřŪǏƹͺǏǅƸţ�ƿͺƽǎ��
��ƫƚŮƱƼ�ƄǏƊƭŭſǇͺƸţ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ǂʭơř:�

model = Sequential([���]) 

��ƿǎƆžŮŧ�ƺǇƱǀ�Ťǁǀř�ƆƼƄƸţ�ţƂǄ�ŸƕǇǎŤǁŵƁǇƽǀɥ�����ŪƱŨƙ�Ǉƹŭ�ŪƱŨƙ��ƷƊƹƊŮƸŤŧ�ǃƭƑǆǆ�ųƁǇƽǁƸţ�ƄǏƦŮƼ
ƇţǇưʨţ�ƿǏŧ��

Dense(32, activation='relu', input_shape=(10,))�
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��ͯƬ��ŪƱŨƚƸţ�ͭ Ƹǆʨţŏ����Ťǅŧ�ƷƼŤͺƸŤŧ�ŪƹƒŮƼ�ŪƱŨƙ�ŤǁǎƀƸ������ŪǏƹŽŏŪǏŨƒơ��ƘǏƎǁŮƸţ�ŪƸţſǆ��ReLU���Ʒͺƍǆ

��ƶŤŽſʪţ���ŏ����ŤǁǎƀƸ�ƾʨ������Ūƽƹƴ�ƾř�ƜŹʬ��ƶŤŽſŝ�ƐšŤƒŽ Dense��ŪƹƒŮƼ�ŪƱŨƙ�ͭƸŝ�ƄǏƎŭ��
ƷƼŤͺƸŤŧ���

Dense(32, activation='relu'),�
ŪǏǀŤŲƸţ�ŪƱŨƚƸţ����Ťǅŧ�ƷƼŤͺƸŤŧ�ŪƹƒŮƼ�ŪƱŨƙ�ŤʽƖǎř�ͯǄ�ŤǁǎƀƸ������ŪǏŨƒơ�ŪǏƹŽƘǏƎǁŮƸţ�ŪƸţſǆ��ReLU��

��Ʒͺƍ�ƫƑǆ�ŤǁǏƹơ�ƿǏƢŮǎ�ʬ�ǃǀř�ƜŹʬ�ŏƶŤŽſʪţ����ƧƸ�ƿͺƽǎ�ŰǏŹKeras���ųţƄŽŝ�ƿƼ�ƳƸƁ�ųŤŮǁŮƉţ
ͭƸǆʨţ�ŪƱŨƚƸţ��

Dense(1, activation='sigmoid'),�
��ŪƱŨƚƸţŪŲƸŤŲƸţŏ����ŪƱŨƙ�ǆřųţƄŽʬţŏ����ũƀŹţǆ�ŪǏŨƒơ�ŪǏƹŽ�Ťǅŧ�ƷƼŤͺƸŤŧ�ŪƹƒŮƼ�ŪƱŨƙ�ͯǄƘǏƎǁŮƸţ�ŪƸţſǆ�

Sigmoid��Ťƽƴ��ŏƾǆƄŭ����ƿƼ�ŤǁͺƽŭŪŶƼƄŧ��ƷͺǏǄ��Ťǁŧ�ŪƑŤžƸţ�ųƁǇƽǁƸţ���
��ŤǀſƀŹ �ƾř �ƀƢŧ �ƾʦţŪǎƃŤƽƢƽƸţŏ����ƷƖƬř �ſŤŶǎŝ �ͭƸŝ �ųŤŮźǀūʭƼŤƢƽƸţ����ŴƼŤǀƄŨƸţ �Ŗƀŧ �ƷŨư ��ŤǅƸ

ŏͯƽǏƹƢŮƸţ��ͯƹǎ�ŤƼ�ƶʭŽ�ƿƼ�ųƁǇƽǁƸţ�ƿǎǇƵŭ�ͭƸŝ�ųŤŮźǀ��
� ��ƿǏƊźŮƸţ�Ŗţſʨ�ŤǅƼţƀžŮƉţ�ƀǎƄŭ�ͯŮƸţ�ŪǏƼƅƃţǇžƸţ 
� �ŚƚžƸţ�ŪƸţſ���ŪƼƀžŮƊƽƸţ�� 
� �ţ��ƿơ�ƄƞǁƸţ�ƪƄƒŧ�ŤǅƢŨŮŭ�ƀǎƄŭ�ͯŮƸţ�ǈƄŽʨţ�ƈǏǎŤƱƽƸ�ŚƚžƸţ�ŪƸţſ���

��ǂƂǅŧ�ųƁǇƽǁƸţ�ƿǎǇƵŮƸ�ŏūţſţƀơʪţ����ŪƭǏƝǆ�ŖŤơƀŮƉţ�ͭƸŝ�ųŤŮźǀmodel.compile���ǇźǁƸţ�ͭƹơ�ŏ
ͯƸŤŮƸţ���

model.compile(optimizer='sgd', 
              loss='binary_crossentropy', 
              metrics=['accuracy']) 

��ƀƢŧ�ƿǏƉǇư�ƿǏŧ�ŪǏƸŤŮƸţ�ūţſţƀơʪţ�Ơƕmodel.compile���

optimizer='sgd',�
ƄǏƎǎ��
sgd��
��ͭƸŝͯšţǇƎƢƸţ�ͯƬſŤƒŮƸţ�ƃţƀźǀʬţ����ͭƸŝ�ŤǁǄ�ƄǏƎǎ��ƄǏƦƒƸţ�ͯƬſŤƒŮƸţ�ƃţƀźǀʬţ���

loss='binary_crossentropy',�
� �ƻǏư �ƂŽŚŭ �ͯŮƸţ �ūŤŵƄžƽƹƸ �ŪŨƊǁƸŤŧ�� �� �ǆř�ŏ� �� �ŪƸţſ �ƺţƀžŮƉţ �ƻŮǎ�ŚƚžƸţ��

'binary_crossentropy'���

metrics=['accuracy']�
ŏţ̔ƄǏŽř��ƠƼ�Ŧǁŵ�ͭƸŝ�ŤŨ̔ǁŵ�ŪưƀƸţ�ƠŨŮŭ�ƀǎƄǀŚƚžƸţ�ŪƸţſ�ǂƂǄ�ƷǏƦƎŮŧ�ƺǇƱǀ�ŤƼƀǁơ�ƾʦţ��ŏŪǏƹžƸţ��ƿźǀ

�ŦǎƃƀŮƹƸ�ƾǆƆǄŤŵ�
��ɥŪͺŨƎƸţ�ͭƹơ�ŦǎƃƀŮƸţkeras���ūŤƽǏƹƢŮƸţ�ƿƼ�ƘƱƬ�ƀŹţǆ�ƄƚƉ�ŪŧŤŮƴ�ŤǁƼ�ŦƹƚŮǎǆ�ŪǎŤƦƹƸ�ƘǏƊŧ

ŪǏŶƼƄŨƸţ��
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hist = model.fit(X_train, Y_train, 
          batch_size=32, epochs=100, 
          validation_data=(X_val, Y_val)) 

��ƺŤǏƱƹƸŏƳƸƂŧ����ƺƀžŮƊǀŪƸţſ���fitŏñ����ƻšʭŭ�ͯŮƸţūʭƼŤƢƽƸţɥ��ūŤǀŤǏŨƸţ�ƀǎƀźŭ�ͭƸŝ�ųŤŮźǀ��ūŤǀŤǏŨƸţ�
��ŤǅŭſƀŹ �ͯŮƸţǆ �ŤǅǏƹơ �ťƃƀŮǀ �ͯŮƸţX_train��ǆY_train��ƀƢŧ ��ŏƳƸƁ����ŪơǇƽŶƽƸţ �ƻŶŹ �ſƀźǀ

��ŪƚƉţǇŧ� �ŪǏơƄƭƸţƷƼŤƢƽƸţ��batch_size� �ŤǅŨǎƃƀŭ �ƀǎƄǀ �ͯŮƸţ �ŪǏǁƼƆƸţ �ũƄŮƭƸţ �ƶǇƙǆ��epochs����
ŏţ̔ƄǏŽř���ƠƼ �ƷƼŤƢŮƸţ �ŪǏƭǏͺŧ �ŤǀƃŤŨŽŝ �ƿƼ�ųƁǇƽǁƸţ �ƿͺƽŮǎ �ͭŮŹ�Ťǁŧ �ŪƑŤžƸţ �ƯƱźŮƸţ �ūŤǀŤǏŧ �ſƀźǀ

��ǂƂǄ�ƺǇƱŭ��ƾŤͺƼ�ǌř�ɥƯƱźŮƸţ�ūŤǀŤǏŧŪƸţƀƸţ����ƄǏƦŮƼ�ɥǃǁǎƆžŮŧ�ƺǇƱǀ�ƷŶƉ�ŖŤƎǀŞŧhist��ƺƀžŮƊǁƉ��
��ɥřƀŨǀ�ŤƼƀǁơ�ƄǏƦŮƽƸţ�ţƂǄ�ǆ�ƻƉƄƸţ���ŸǏƕǇŮƸţŏƾʦţ����ŴƼŤǀƄŨƸţ�ƀǄŤƍǆ�ŪǏƹžƸţ�ƷǏƦƎŮŧ�ƻưǍŨǎƃƀŮƸţ��

ͯƹǎ�Ťƽƴ�ƳŭŤŵƄžƼ�ǆƀŨŭ�ƾř�ŦŶǎ��Ťǅŧ�ƏŤžƸţ���
Epoch 1/100 
32/32 [==============================] - 0s 5ms/step - loss: 0.6990 - accuracy: 0.3542 - 
val_loss: 0.6974 - val_accuracy: 0.3699 
Epoch 2/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6955 - accuracy: 0.4022 - 
val_loss: 0.6943 - val_accuracy: 0.4110 
Epoch 3/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6926 - accuracy: 0.4706 - 
val_loss: 0.6915 - val_accuracy: 0.4703 
Epoch 4/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6899 - accuracy: 0.5499 - 
val_loss: 0.6889 - val_accuracy: 0.5616 
Epoch 5/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6874 - accuracy: 0.6468 - 
val_loss: 0.6864 - val_accuracy: 0.6758 
Epoch 6/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6849 - accuracy: 0.7133 - 
val_loss: 0.6842 - val_accuracy: 0.7123 
Epoch 7/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6828 - accuracy: 0.7524 - 
val_loss: 0.6821 - val_accuracy: 0.7489 
Epoch 8/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6807 - accuracy: 0.7564 - 
val_loss: 0.6801 - val_accuracy: 0.7717 
Epoch 9/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6787 - accuracy: 0.7779 - 
val_loss: 0.6781 - val_accuracy: 0.8037 
Epoch 10/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6767 - accuracy: 0.8072 - 
val_loss: 0.6761 - val_accuracy: 0.8128 
Epoch 11/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6746 - accuracy: 0.8317 - 
val_loss: 0.6740 - val_accuracy: 0.8219 
Epoch 12/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.6725 - accuracy: 0.8239 - 
val_loss: 0.6717 - val_accuracy: 0.8265 
� � 
� � � 
� 
Epoch 95/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.2931 - accuracy: 0.8865 - 
val_loss: 0.3051 - val_accuracy: 0.9041 
Epoch 96/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.2920 - accuracy: 0.8816 - 
val_loss: 0.3043 - val_accuracy: 0.8995 
Epoch 97/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.2911 - accuracy: 0.8855 - 
val_loss: 0.3044 - val_accuracy: 0.9041 
Epoch 98/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.2901 - accuracy: 0.8865 - 
val_loss: 0.3030 - val_accuracy: 0.8995 
Epoch 99/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.2896 - accuracy: 0.8806 - 
val_loss: 0.3025 - val_accuracy: 0.8995 
Epoch 100/100 
32/32 [==============================] - 0s 2ms/step - loss: 0.2884 - accuracy: 0.8816 - 
val_loss: 0.3017 - val_accuracy: 0.8995 
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��ͭƸŝ�ƄƞǁƸţ�ƶʭŽ�ƿƼ��ǃŨǎƃƀŭ�ƻŮǎ�ųƁǇƽǁƸţ�ƾř�ǈƄŭ�ƾʦţŏƺŤưƃʨţ����Ūǎśƃ�ͭƹơ�ţʽƃſŤư�ƾǇƵŭ�ƾř�ŦŶǎ

��ƓŤƭžǀţŚƚžƸţ����ǂƂǄ �ɥ�ŬưǇƸţ �ƃǆƄƽŧ �ŪưƀƸţ �ũſŤǎƅǆŏŪƹŹƄƽƸţ����ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ƃŤŨŮŽţ �Ƴǁͺƽǎ
ūʭƼŤƢƽŧ��ŪƱšŤƬ����ŴƼŤǀƄŨƸţ �ƄǏƦŮǎ �ƫǏƴ�ǈƄŮƸ �ǈƄŽř �ũƄƼ �ŤǎʭžƸţ �ƷǏƦƎŮŧ �ƻư ��ŪƭƹŮžƼ�ǍŨǎƃƀŮƸţ��

��ƄǏǏƦŮŧ�ƺǇƱŭ�ŤƼƀǁơ�Ƴŧ�ƏŤžƸţūʭƼŤƢƽƸţ��ŪƱšŤƭƸţ��ƳŵƁǇƽǀ�ƿơ�ŤƕƄƸŤŧ�ƄƢƎŭ�ƾř�ſƄŶƽŧ���ŏͯšŤǅǁƸţ��
��ɥǃƽǏǏƱŭ�Ƴǁͺƽǎ��ŪƑŤžƸţ�ƃŤŨŮŽʬţ�ŪơǇƽŶƼ�Ūưſ�ͭƹơ�ƃǇŲƢƹƸ��ƃŤŨŮŽʬţ�ŪơǇƽŶƼŏŤǁŧ����ƷǏƦƎŮŧ�ƺǇƱǀ
��ũƄƭƎƸţ�ƫƚŮƱƼŪǏƸŤŮƸţ�ŪǏŶƼƄŨƸţ��

model.evaluate(X_test, Y_test)[1] 

��ƇƄǅƭƸţ�ſǇŵǆ�ŦŨƉ�����ƠŵƄŭ�ŪƸţƀƸţ�ƾř�ǇǄ�ƻǏǏƱŮƸţ�ŪƸţſ�ƀƢŧŚƚžƸţ����ƾŤű�ƄƒǁƢƴ�ŪưƀƸţǆ�ƶǆř�ƄƒǁƢƴ
��ƓƄƢƸ�ͯƭͺǎ�Ťƽŧ�ƯǏưſ�ǃǀʨ�ţʽƄƞǀūŤŵƄžƽƸţŏ���ƠǎƅǇŮƹƸ�ţʽƄƞǀ��ŪƱǎƄƚƸţ�ǂƂǅŧ�ǃǏƸŝ�ƶǇƑǇƸţ�Ƴǁͺƽǎ

��ͯšţǇƎƢƸţūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ����ƳƸƂƴǆ��ŪŢǏǅŭƾţƅǆʨţŏ����́ʭǏƹư�ŪƭƹŮžƼ�ŪǏǀŤǏŨƸţ�ƺǇƉƄƸţǆ�ƺŤưƃʨţ�ƾǇƵŮƉ
��ƷǏƦƎŮŧ�ŤǅǏƬ�ƺǇƱǀ�ũƄƼ�Ʒƴ�ͯƬnotebook��Ƽǆ��Ťǁŧ�ƏŤžƸţ��Ơ�ŏƳƸƁ����ŬƢŨŭţ�ƀư�Ŭǁƴ�ţƁŝƷͺǏǅƸţ��

ŸƕǇƽƸţ��ŏǂʭơř����ƿƼ�ŷǆţƄŮŭ�ƃŤŨŮŽţ�Ūưſ�ͭƹơ�Ʒƒźŭ�ƾř�ŦŶǏƬ������ͭƸŝ��ǂŤǀſř�ųţƄŽʪţ�ƷŲƼ��ǚ���
7/7 [==============================] - 0s 2ms/step - loss: 0.3281 - accuracy: 0.8584 
0.8584474921226501 

���ŤǁǏǀŤǅŭƀƱƸ��ƻƽƒŭ�ƾţ�ŬƢƚŮƉţ��ťƃƀŭǆ��ͭƸǆʨţ�ŪǏŨƒƢƸţ�ƳŮͺŨƍ.�

��ƿơ �ŪƱŧŤƊƸţ �ƺŤƊưʨţ �ɥŤǁűƀźŭoverfitting����ƾř �ƪƄƢǀ �ƫǏƴ�ƾʦţ ��ƻǏƞǁŮƸţ �ūŤǏǁƱŭ �ƔƢŧǆ
��ŤǁŵƁǇƽǀŧ��ƷƢƭƸŤoverfittingŕ����ƻƉƃ�ǇǄ�ǃŧ�ƺŤǏƱƸţ�Ťǁǁͺƽǎ�ŤƼŚƚžƸţ��ǍŨǎƃƀŮƸţ��ǆŚƚŽ���ͭƹơ�ſŤƽŮơʬţ

��ŸǏƕǇŮƸ��ŤǄƂŽř�ƻŭ�ͯŮƸţ�ūţƃǆƀƸţ�ſƀơŏƳƸƁ����ŪƼƆŹ�ƺƀžŮƊǀmatplotlib���ŏũſŤƢƸŤƴ����ƶŤŽſŝ�ŤǁǏƹơ
ſǇͺƸţ��ǃƼţƀžŮƉţ�ƀǎƄǀ�ǌƂƸţ���

import matplotlib.pyplot as plt 
��ŸǏƕǇŭ�ƀǎƄǀ�ƻűŚƚŽ��ŦǎƃƀŮƸţ��'loss'ŚƚŽǆ��ſŤƽŮơʬţ'val_loss'��ƺŤǏƱƹƸ��ŏƳƸƂŧ���ţƂǄ�ƷǏƦƎŮŧ�ƻư��
ſǇͺƸţ�ƿƼ�ƠƚƱƽƸţ��

plt.plot(hist.history['loss']) 
plt.plot(hist.history['val_loss']) 
plt.title('Model loss') 
plt.ylabel('Loss') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='upper right') 
plt.show() 

ǎƄƚƉ�ƶǆř �ƶǇƱǎ ��ǂʭơř �ũƄƭƎƸţ �ƫƚŮƱƼ �ƿƼ �ƄƚƉ�Ʒƴ�ŷƄƎǁƉ��ƻƉƃ �ƀǎƄǀ �Ťǁǀř �ƿŚƚŽ���ŦǎƃƀŮƸţ��
'loss'ŚƚŽǆ��ſŤƽŮơʬţ'val_loss'���ƘƚžƽƸţ �ţƂǄ �ƾţǇǁơ �ŰƸŤŲƸţ �ƄƚƊƸţ �ſƀźǎ ��Model loss���

��ƿǎƃǇźƽƸţ�ŪǏƽƊŭ�ŦŶǎ�ŤƼ�ƈƼŤžƸţǆ�ƠŧţƄƸţ�ƾŤƚžƸţ�ŤǀƄŨžǎy����ǆx����ƄƚƊƸţ�ǌǇŮźǎ��ͯƸţǇŮƸţ�ͭƹơ
��ƏŤžƸţ�ƘƚžƽƹƸ�ƫƑǆ�ͭƹơ�ƇſŤƊƸţŏŤǁŧ����ͭƹơř�ɥƫƑǇƸţ�ƠưǇƼ�ƾǇͺǏƉǆŏƿǏƽǏƸţ���ƄƚƊƸţ�ƄŨžǎǆ

��ƠŧŤƊƸţnotebook��jupyter��ţƂǄ�ƷŲƼ�ƳŭŤŵƄžƼ�ǆƀŨŭ�ƾř�ŦŶǎ��ƘƚžƽƸţ�ƓƄƢƸ��



�YªÌ¼ ·Y�º¸ f·��¬Ì¼��ÈÌ^���È°^��LZÀ]�Öfu�cZÌ�Z�ÏY�¾»�È�]�·Y�È¤¸�½ÂjËZ^ 112  

 

�
ŤŮƸţ�ſǇͺƸţ�ƺţƀžŮƉŤŧ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�Ūưſǆ�ŦǎƃƀŮƸţ�Ūưſ�ƻƉƄƸ�ǃƊƭǀ�ŖͯƎƸţ�ƷƢƭǀ�ƾř�ŤǁǁͺƽǎͯƸ��

plt.plot(hist.history['accuracy']) 
plt.plot(hist.history['val_accuracy']) 
plt.title('Model accuracy') 
plt.ylabel('Accuracy') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='lower right') 
plt.show() 

��ɥ́ʭǏƹư�ţƂǄ�ǃŨƎǎ�ͯǀŤǏŧ�ƻƉƃ�ͭƹơ�Ʒƒźŭ�ƾř�ŦŶǎųţƄŽʪţ���

�
��ƿǏƊźŭ�ƠƼ�ŤƼ�ƀŹ�ͭƸŝ�ƯƬţǇŮŭ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ɥŤǁŵƁǇƽǀ�ͭƹơ�ŬƹŽſř�ͯŮƸţ�ūŤǁǏƊźŮƸţ�ƾʨ�ţʽƄƞǀ

��ƿƼ�ƯƱźŮƸţ�ŪơǇƽŶƼŏŪźƒƸţ����ƾř�ǆƀŨǎ�ʬoverfitting���ƳƸƁ�ƠƼǆ��ŤǁŵƁǇƽǀ�ɥũƄǏŨƴ�ŪƹͺƎƼ�ƷŲƽǎ
��ƿǏƊźŭ�ƯǎƄƙ�ƿơ�ǃǁǏƊźŭ�ƿͺƽǎūʭƼŤƢƽƸţ����ŪƱšŤƭƸţ�
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��Ʒŵř�ƿƼƻǏƞǁŭ��ƸţͺŨƎŪ��ŏŪǏŨƒƢƸţ����ŪơǇƽŶƼ�ƠƼ�ŸǎƄƼ�ƷͺƎŧ�ƺŖʭŮŭ�ŪǏŨƒơ�ŪͺŨƍ�ƻƽƒǀ�Ťǁơſ

ţƂǄ�ͯƽƊǀ��ŦǎƃƀŮƸţ��ųƁǇƽǁƸţ��model_2���

model_2 = Sequential([ 
    Dense(1000, activation='relu', input_shape=(10,)), 
    Dense(1000, activation='relu'), 
    Dense(1000, activation='relu'), 
    Dense(1000, activation='relu'), 
    Dense(1, activation='sigmoid'), 
]) 
 
model_2.compile(optimizer='adam', 
              loss='binary_crossentropy', 
              metrics=['accuracy']) 
               
hist_2 = model_2.fit(X_train, Y_train, 
          batch_size=32, epochs=100, 
          validation_data=(X_val, Y_val)) 

ŏŤǁǄ����ƿˌƊźˀƼ�ƺƀžŮƊǀǆ�ƄǏŲͺŧ�ƄŨƴř�ŤʽŵƁǇƽǀ�ͯǁŨǀAdam��ƀƢǎ��Adam���ƿǏƊźŭ�ūţǆſř�ƄŲƴř�ƀŹř
��ūŤͺŨƎƸţ�ūŤǎƃŤƽƢƼ�ɥŪƼƀžŮƊƽƸţ�ŤʽơǇǏƍ�ŖţſʨţŏŪǏŨƒƢƸţ��ǃǀʨ��ƠǎƄƉ��ǆ��ɥŦŨƊŮǎŚƚŽ���Ťǁƽư�ţƁŝ��Ʒưř

��ūŤƚƚžƼ�ŤǁƽƉƃǆ�ſǇͺƸţ�ţƂǄ�ƷǏƦƎŮŧŚƚžƸţ���ƧƸhist_2����ſǇͺƸţ�ƾř�ƜŹʬ��ͯƸŤŮƸţ�ſǇͺƸţ�ƺţƀžŮƉŤŧ
ǀ�ǇǄ��ƺƀžŮƊǀ�Ťǁǀř�ŖŤǁŲŮƉŤŧ�ǃƊƭhist_2����ƿƼ�˟ʬƀŧhist���

plt.plot(hist_2.history['loss']) 
plt.plot(hist_2.history['val_loss']) 
plt.title('Model loss') 
plt.ylabel('Loss') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='upper right') 
plt.show() 

��ƻƉƃ�ͭƹơ�ƷƒźǀͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ͯǀŤǏŧ��

�
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��ͭƹơ�Ūźƕţǆ�ŪƼʭơ�ǂƂǄoverfitting��ƠŵţƄŮŭ ��ŖŤƚŽʬţ��ŪǏŨǎƃƀŮƸţŏ����ƿͺƸŖŤƚŽţ���ͭƹơř �ſŤƽŮơʬţ

��ƿƼ�ƄǏŲͺŧŖŤƚŽʬţ��ŪǏŨǎƃƀŮƸţ��ͯƸŤŮƸţ�ſǇͺƸţ�ƺţƀžŮƉŤŧ�ŪưƀƸţ�ŤǁƽƉƃ�ţƁŝ��ƀǎţƆŮŭǆ��

plt.plot(hist_2.history['accuracy']) 
plt.plot(hist_2.history['val_accuracy']) 
plt.title('Model accuracy') 
plt.ylabel('Accuracy') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='lower right') 
plt.show() 

��ŪưƀƸţ�ƿǏŧ�Ÿƕǆř�ŤĽưƄƬ�ǈƄǀ�ƾř�ŤʽƖǎř�ŤǁǁͺƽǎŪǏŨǎƃƀŮƸţ'accuracy'��ǆ��ŪưſſŤƽŮơʬţ'val_accuracy'���

�
ŏƾʦţ����ƷǏƹƱŮƸ�ŤǁŭŤǏŶǏŭţƄŮƉţ�ƔƢŧ�ťƄŶǀ�Ťǁơſoverfitting��ƺŤƊưʨţ�ɥ�ŏŪƱŧŤƊƸţ����ŤǁƼƀư�ƮƄƙ�ũƀơ
�ƠǁƽƸoverfitting�ƠƼǆ��ŏƳƸƁɥ�ţƂǄ�ŏƻƊƱƸţ�ͯšţǇƎƢƸţ�ƪƂźƸţ�ƘƱƬ�ƺƀžŮƊǀ�dropout��ŏ˟ʬǆř��

��ƷŽƀǀ�ŤǁơſſǇͺƸţ��ŵŤŮźǀ�ǌƂƸţǃ��ͯƬſŤƒŮƸţ�ƪƂźƸţ�ŪƬŤƕʪ���

from keras.layers import Dropout 

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŰƸŤŲƸţ�ŤǁŵƁǇƽǀ�ſƀźǀ�ƻű���

model_3 = Sequential([ 
    Dense(1000, activation='relu',  input_shape=(10,)), 
    Dropout(0.5), 
    Dense(1000, activation='relu'),  
    Dropout(0.5), 
    Dense(1000, activation='relu'),  
    Dropout(0.5), 
    Dense(1000, activation='relu'),  
    Dropout(0.5), 
    Dense(1, activation='sigmoid'),  
]) 

��ƿǏŧ�ƮƄƭƸţ�ŪƬƄƢƼ�Ƴǁͺƽǎ�ƷǄųƁǇƽǁƸţ�����ųƁǇƽǁƸţǆ���ƀŹţǆ�ͯƊǏšƃ�ƪʭŮŽţ�ƲŤǁǄ�ŕ��

��ŪƬŤƕʪDropoutŏ��ǂƂǄ�ƷŲƼ�ũƀǎƀŵ�ŪƱŨƙ�Ťǁƭƕř��
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Dropout(0.5),�

��ŪƑƄƬ �ŤǅǎƀƸ �ŪƱŧŤƊƸţ �ŪƱŨƚƸţ �ɥŪǏŨƒƢƸţ �ŤǎʭžƸţ �ƾř �ͯǁƢǎ �ţƂǄ0.5��ŪƸţƅʫƸ���Ťǁơſ ��ŦǎƃƀŮƸţ �ŖŤǁűř
��ƈƭǁŧ�ŤǅƹƦƎǀǆ�ŤǅƢƽŶǀūʭƼŤƢƽƸţ��ųƁǇƽǀ�ƷŲƼ�����

model_3.compile(optimizer='adam', 
              loss='binary_crossentropy', 
              metrics=['accuracy']) 
               
hist_3 = model_3.fit(X_train, Y_train, 
          batch_size=32, epochs=100, 
          validation_data=(X_val, Y_val)) 

ŏƾʦţ����ūŤƚƚžƼ�ƻƉƄǀ�Ťǁơſ�ŚƚžƸţ��ŪưƀƸţǆ����

plt.plot(hist_3.history['loss']) 
plt.plot(hist_3.history['val_loss']) 
plt.title('Model loss') 
plt.ylabel('Loss') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='upper right') 
plt.show() 

��ͭƱƹŮǀ�ƪǇƉūŤŵƄžƽƸţ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

 
��ƾŞƬ�ŏǃŮǎśƃ�ƿͺƽǎ�ŤƽƴŚƚŽ����ųƁǇƽǁƸţ�ŪźƑ�ƿƼ�ƯƱźŮƸţ�����ƄŲƴřĽŤƱƬţǇŭ����ƠƼŤƚŽ��ŦǎƃƀŮƸţ���ƠƼǆ�

��ƈƭǁŧ�ŪưƀƸţ�ƻƉƄǁƸ���ƺƅʭƸţ�ƿƼ�ƄŲƴř�ųƁǇƽǁƸţǆ�ǃǏƬ�ťǇƥƄƼ�ƄǏƥ�ųƁǇƽǁƸţ�ţƂǄ�ƶţƆǎ�ʬ�ŏƳƸƁſǇͺƸţ���

plt.plot(hist_3.history['accuracy']) 
plt.plot(hist_3.history['val_accuracy']) 
plt.title('Model accuracy') 
plt.ylabel('Accuracy') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='lower right') 
plt.show() 

��ƪǇƉǆƄǅƞŭ��ūŤŵƄžƽƸţ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���
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�
��ĽŪǀƃŤƱƼųƁǇƽǁƸŤŧ�������ƷǏƹƱŮŧ�Ťǁƽư�ŏƀšţƆƸţ�ƘŨƖƸţ���Ťǅŧ�ƯŨƚǀ�ͯŮƸţ�ŪƱǎƄƚƸţ�ͯǄ�ǂƂǄ��ƛǇźƹƼ�ƷͺƎŧ

��ƷǏƹƱŮƸ�ƻǏƞǁŮƸţ�ūŤǏǁƱŭƀšţƆƸţ�ƘŨƖƸţ����ƄǏǏƦŭ�Ƴǁͺƽǎ�ŏ�ƿǎƄƽŮƴ��ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ͯƬūʭƼŤƢƽƸţ��
ŤǏƹƢƸţ��ŴšŤŮǁƸţ�ŪǀƃŤƱƼǆ���

� ��ͯƬ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�Ʒƽơ�ŪǏƭǏƴ�ͯƴŤźŭ�ŪǏŧŤƊŹ�ųƁŤƽǀ�ͯǄ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ
��ƣŤƼƀƸţ��ǌƄƎŨƸţ 

� ��ǆř�ũƀŹţǆ�ŪǏƭžƼ�ŪƱŨƙǆ�ųţƄŽŝ�ŪƱŨƙǆ�ƶŤŽſŝ�ŪƱŨƙ�ͭƹơ�ŪǏơŤǁƚƑţ�ŪǏŨƒơ�ŪͺŨƍ�Ʒƴ�ǌǇŮźŭ
��ƄŲƴř 

� ��ƻƉţ�ŪǏŨƒƢƸţ �ŤǎʭžƸţ�ŪŵƂƽǀ�ƿƼ�ƟǇǀ�ƘƊŧř �ͭƹơ�ƯƹƚˀǎPerceptron����ƾř �ƿͺƽǎ�ǌƂƸţǆ�ŏ
��ƀŹţǆ�ųƄžƽŧ�ūʭŽƀƽƸţ�ƿƼ�ƄǏŨƴ�ſƀơ�ͭƹơ�ǌǇŮźǎ 

� ��ƷŲƽŮǎ�ƀǏǏƱŮƸţ���ŪǏƴţƃſʪţ �ŪǏŨƒƢƸţ �ūŤͺŨƎƹƸ �ͯƊǏšƄƸţ�� Perceptron��ͭƹơ �ũƃƀƱƸţ �ƺƀơ �ͯƬ
��Ť̔ǏƚŽ�ŤǅƹƒƬ�ƿͺƽǎ�ʬ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƫǏǁƒŭ 

� ��ƻǏư�ƿƼ�ŪơǇƽŶƼ�ͭƹơ�ƃǇŲƢƸţ�ǇǄ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ƻƹƢŭ�ŪǏƹƽơ�ƿƼ�ƪƀǅƸţ�ƾţƅǆʬţ����ƷƢŶŭ�ͯŮƸţ
��ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŴŭŤǀ�ŤƱŧŤƚƼ����ŪǏƹƢƭƸţ�ŪƬƀǅŮƊƽƸţ�ƻǏƱƸţ�ƠƼ�ƾŤͺƼʪţ�ƃƀư 

� ��ƃƄƱŭ�ŪƸţſ���ƘǏƎǁŮƸţ���ŪǏŨƒƢƸţ�ŪǏƹžƸţ�ƘǏƎǁŭ�ŦŶǎ�ƾŤƴ�ţƁŝ�ŤƼ���ʬ�ƺţ�� 

�
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10� �ŕƻƹƢŮƸţ�ŪǏƹƽơ�ͭƹơ�ţĽƀŵ�ƄǏŨͺƸţ�ǆř�ţĽƀŵ�ƄǏƦƒƸţ�ƻƹƢŮƸţ�ƶƀƢƼ�ƃŤǏŮŽţ�ƄǏűŚŭ�ǇǄ�ŤƼ 
11� ��ũƄǄŤƝ�ƫƑ�ƃţƀźǀʬţ�ͯƍʭŭ�ŕ 
12� ��ŪŧǇƥƄƽƸţ�ūţƆǏƽƸţ�ͯǄ�ŤƼ�ƘǏƎǁŮƸţ�ŪƸţƀƸ�ŕ 
13� ��ͯǄ�ŤƼ�ƘǏƎǁŮƸţ�ŪƸţſ���ŕūŤŢƭƸţ�ſƀƢŮƼǆ�ͯšŤǁŲƸţ�ƫǏǁƒŮƸţ�ƷƴŤƎƽƸ�ųţƄŽʪţ�ŪƱŨƙ�ͯƬ�ŪƼƀžŮƊƽƸţ 
14� �ǃŨƢƹǎ�ǌƂƸţ�ƃǆƀƸţ�ŤƼ���ƿƊźƽƸţ��optimizer���ŕŪǏŨƒƢƸţ�ūŤͺŨƎƹƸ�ƻƹƢŮƸţ�ŪǏƹƽơ�ͯƬ 

�ŤǀŤǏŧ �ŪơǇƽŶƼ�ƫǏǁƒŮƸ �ƿǏŮǏƭžƼ �ƿǏŮƱŨƙ�ūţƁ �ŪǏŨƒơ�ŪͺŨƍ�ŖŤƎǀŞŧ �ƻư��ūIris��ūŤƚƚžƼ�ŸǏƕǇŮŧ �ƻư ��
�ŏŪưƀƸţ�ŚƚžƸţǆ���ŦǎƃƀŮƸţ�ŖŤǁűř�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţǆ�ŦǎƃƀŮƸţ�ŪơǇƽŶƽƸ��� 

�ūŤǀŤǏŨƸţ�ƶŤŽſʪ�ŸšŤƒǀ 
from sklearn.datasets import load_iris 
iris = load_iris() 
X = iris['data'] 
y = iris['target'] 
 

�ūŤǀŤǏŨƸţ�ƮŤƚǀ�ƠǏƉǇŮƸ�ŸšŤƒǀ 
scaler = StandardScaler() 
X_scaled = scaler.fit_transform(X) 
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��ţƂǄ �ͯƬŏƷƒƭƸţ����ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �ƻǏǄŤƭƼ �ƺƀƱǀŪǏƬŤƭŮƸʬţ���Convolutional neural 
network�ŏ����ǆř��ţƃŤƒŮŽţCNN���ƷͺƎŭ�ͯŮƸţ�ŪͺŨƎƹƸ�ŪǏƊǏšƄƸţ�ūŤǀǇͺƽƸţ�ƻǏǄŤƭƽƸţ�ǂƂǄ�ƿƽƖŮŭ

ˀŧ��ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ŪǏǁŪǏƬŤƭŮƸʬţ��ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �ƷƽƢŭ ���ŪǏƬŤƭŮƸʬţ����ŪŨƊǁƸŤŧ �ŪǎŤƦƹƸ �ƀǏŵ �ƷͺƎŧ
��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ŪǏǁŧ�ͭƹơ�ƷƼŤͺƸţ�ƪƄƢŮƸţ�ƀƢŧ��ƃǇƒƸţ�ƷŲƼ�ŪƹͺǏǅƽƸţ�ƄǏƥ�ūŤǀŤǏŨƹƸŪǏƬŤƭŮƸʬţ�ŏ�ɥ��

��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƺţƀžŮƉŤŧ�ͯƹƽơ�ƶŤŲƼ�ƂǏƭǁŮŧ�ƺǇƱǁƉ�ƷƒƭƸţ�ŪǎŤǅǀŪǏƬŤƭŮƸʬţɥ��keras��

CNN
��ͯƬūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪǏƼŤƼř��ŪǎƂƦŮƸţ����ŪƹƒŮƽƸţŏƷƼŤͺƸŤŧ����ŪƱŨƚŧ�ŪƑŤžƸţ�ƀƱƢƸţ�ƠǏƽŵ�ƷǏƑǇŭ�ƻŮǎ

ƾƅǆ�ǃƸ �ƶŤƒŭţ �Ʒƴ��ŪǏƸŤŮƸţ �ŪƱŨƚƸţ �ƀƱơ�ƠǏƽŶŧ�ũƀŹţǆ�� ݓǡ��ŪǏƼƅƃţǇŽ�ǃƽƹƢŮŭ �ƾř �ŦŶǎ�ǌƂƸţǆŏ
��ũƃǇƑ�ƿơ�ũƃŤŨơ�ŤǁŭʭŽƀƼ�ƾř�ƓƄŮƭǁƸ��ƻƹƢŮƸţ�������ƷƊͺŧ�����ţʽƄƞǀ��ǌſŤƼƃ�ƇŤǏƱƼ�ͭƹơ�ƷƊͺŧ

Ɗͺŧ�Ʒƴ�ƷǏŲƽŭ�ƿͺƽǎ�ǃǀʨ��ŪƽǏƱŧ�ǌſŤƼƃ�Ʒ�ŏ����ǇǄ�ũŤǁƱƸţ�ƻŶŹ�ƾŝ�ƶǇƱǀ��ũƃǇƒƸţ�ǂƂǄ�ƷǏŲƽŭ�ƿͺƽǎ��
��ƧŧͶ ൈ Ͷ ൈ ͳ ൌ ͶͲͻ������ũŤǁư��ſǇƽơ��ƫƑ���ƿƼǆ���ŏƻű��Ƹ�ƶŤŽſʪţ�ŪƱŨƙ�ƾŞƬ�ƹ��ŪͺŨƎŪǏŨƒƢƸţ�

ŪǏƼŤƼř��ŪǎƂƦŮƸţ����Ťǅŧ�ũƃǇƒƸţ�ǂƂǄ�ƷŲƼ�ŴƸŤƢŭ�ͯŮƸţ��������Ťǅŧ�ŪǏƸŤŮƸţ�ŪƱŨƚƸţ�ƾř�ƓƄŮƬţ��ũƀƱơ����
��ŪƹƒŮƼ �ŪǏƸŤŮƸţ �ūŤƱŨƚƸţ �ɥƀƱƢƸţ �ƠǏƽŵ �ƾʨ �ţʽƄƞǀ ��ũƀƱơŏŤʽƼŤƽŭ����ƪǇƊƬ�ƾţƅǆţ �ťŤƊźŧ �ƺǇƱǀ��

ͶͲͻ ൈ ͷͲͲ� ൌ ʹͲͶͺͲͲͲ����ƠƼǆ ��ͭƸǆʨţ �ŪǏƭžƽƸţ �ŪƱŨƚƸţǆ �ƶŤŽſʪţ �ƿǏŧŏƳƸƁ���ŪŨƊǁƸŤŧ
��ūʭͺƎƽƹƸŏũƀƱƢƽƸţ����ɥŪǏƭžƼ �ūŤƱŨƙ �ũƀơ �ͭƸŝ �ĽũſŤơ �ųŤŮźǀ�Ƹţ��ŪͺŨƎŪǏŨƒƢƸţ��ŪǏƼŤƼř���ŪǎƂƦŮƸţ��

��ŪƑŤžƸţŏŤǁŧ����ƾʨƸţ��ŪͺŨƎ�ŪǏŨƒƢƸţ��ŪǏƼŤƼř��ŪǎƂƦŮƸţ���ƿǏǏƢŭ�ųƁǇƽǀ�ƻƹƢŭ�ͭƹơ�ũƃſŤư�ƾǇƵŭ�ʬ�ƀư�ŪƚǏƊŨƸţ
��ƻưŤƭŭ �ͭƸŝ �ũſƀƢŮƼ�ŪǏƭžƼ�ūŤƱŨƙ�ſǇŵǆ�ǌſŜǎ��ŦǎƃƀŮƸţ �ūŤǀŤǏŧ �ɥūŤŵƄžƽƸţ �ͭƸŝ �ūʭŽƀƽƸţ

ǏŨƴ�ſƀơ�ſǇŵǆ�ŪƹͺƎƼ�ƄŲƴř�ƻƹƢŮƸţ�ŪǏƹƽơ�ƷƢŶǎǆ�Ťǁŧ�ŪƑŤžƸţ�ŪǎƂƦŮƸţ�ŪͺŨƍ�ɥƾţƅǆʨţ�ƿƼ�ţĽƀŵ�Ƅ
��ſƃţǇƽƸţǆ�ŬưǇƸţǆ�ŦǎƃƀŮƸţ�ƿƼ�ƀǎƆƽƸţ�ŸǏŮǎ�ǃǀř�Ťƽƴ��ŰźŨƸţ�ŪŹŤƊƼ�ƻŶŹ�ũſŤǎƅ�ƯǎƄƙ�ƿơ�ŪŧǇƢƑ

��ͭƸŝ�ŪƬŤƕʪŤŧŏƳƸƁ����ƿƼ�ţʽƄǏŨƴ�ţʽſƀơ�ƾŞƬūʭƼŤƢƽƸţ����ͭƸŝ�ŪͺŨƎƸţ�ƷǏƼ�ƿƼ�ƀǎƆǎƀšţƆƸţ�ƘŨƖƸţ���ŏƳƸƂƸ��
ƸŤƢƼ�Ʒŵř�ƿƼ��ǂƂǄ�ŪŶŏūʭͺƎƽƸţ����ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƻǎƀƱŭ�ƻŭŪǏƬŤƭŮƸʬţ (CNN) ��ƠšŤƍ�ƄǎǇƚŮƴ

��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ��ŪǏƉŤǏƱƸţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƹƸ�ţĽƀŵŪǏƬŤƭŮƸʬţ ��ƿƼ�ŪŢƬ�ͯǄūŤͺŨƎƸţ��ŪǏŨƒƢƸţ��ŪǏƼŤƼř��
ŪǎƂƦŮƸţ����ūŤƱŨƙ �ƺƀžŮƊŭ �ͯŮƸţƪŤƭŮƸʬţ����ŤǏŵǇƸǇŨƙ �ƺţƀžŮƉŤŧ �ūʭŽƀƽƸţ �ƷǏƹźŮƸŏŪͺŨƎƸţ����ƷŲƼ

��ͭƹơ �ūŤͺŨƎƸţ �ǂƂǄ �ƻƉţ �ƀƽŮƢǎ ��ǇǎƀǏƭƸţ �ƠƙŤƱƼǆ �ƃǇƒƸţŪƸţſ����ͭƽƊŭ �ŪǏƕŤǎƃ�ƪŤƭŮƸʬţŏ����ͯŮƸţǆ
���ƻǅŮǏǁŧ�ɥŤǅǀǇƼƀžŮƊǎŏƃŤƒŮŽŤŧ����ūŤͺŨƎƸţŪǏƬŤƭŮƸʬţ ��ƺƀžŮƊŭ�ŪǏŨƒơ�ūŤͺŨƍ�ͯǄƪŤƭŮƸʬţ����˟ʬƀŧ

Ƽ�Ʒưʨţ�ͭƹơ�ũƀŹţǆ�ŪƱŨƙ�ɥŪƬǇƭƒƽƸţ�ťƄƕ�ƿƼŤǅŭŤƱŨƙ�ƿ.�

��ŪͺŨƍ�ƆǏƽǎ�ŤƼ��ŪǏŨƒƢƸţŪǏƬŤƭŮƸʬţ����ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƿǏŧ�ūʬŤƒŭʬţ�ƻǏƞǁŭ�Ťǅŧ�ƻŮǎ�ͯŮƸţ�ŪƱǎƄƚƸţ�ǇǄ
��ũƄƎƱƸţ�ƷŽţſ�Ťǁŧ�ŪƑŤžƸţ�ŪǏšƄƽƸţ�ūŤǀŤǏŨƸţ�ŪŶƸŤƢƼ�ŪǏƸŗ�ƿƼ�ũŤŹǇŮƊƽƸţ�ũƀǎƄƭƸţ�ŪǏƭžƽƸţ�ŪƱŨƚƸţ�ŪǏǁŧǆ
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��ƈƵơ�ͭƹơ��ŤǁǎƀƸ �ŪǎƄƒŨƸţƸţͺŨƎūŤ���ŪǏŨƒƢƸţ��ŪǏƼŤƼř��ŏŪǎƂƦŮƸţ��Ƹţ��ɥūŤƱŨƚCNN��ƻƞŮǁŭ���ŪűʭŲŧ

ƯƽƢƸţǆ�ƟŤƭŭƃʬţǆ�ƓƄƢƸţ��ſŤƢŧř����

��ŪͺŨƎƸţ�ūţƆǏƼ�ƻǄř�ƿƼ�ũƀŹţǆŪǏƬŤƭŮƸʬţ����ɥŤǅƢƖŭ�ƾř�ŦŶǎ�ͯŮƸţŏƲƃŤŨŮơţ���ſƀơ�ƿơ�ƄƞǁƸţ�ƔƦŧ
��ɥũſǇŵǇƽƸţ�ūŤƱŨƚƸţˀŧŏŤǅŮǏǁ����ŪͺŨƎƸ�ŪƹƼŤͺƸţ�ŪǏǁŨƸţ�ƾř�ͯǄCNN���ƿǏǏƊǏšƃ�ƿǎřƆŵ�ƿƼ�ƾǇƵŮŭ��

� �ƆǏƽƸţ �ųţƄžŮƉţ�ūţ�Features Extraction�������ƂǏƭǁŮŧ �ŪͺŨƎƸţ �ƺǇƱŭ �ŏ �ŪƱŨƚƸţ �ǂƂǄ�ͯƬ
��ƪŤƭŮƸʬţ�ƷƼţǇơ�ƿƼ�ŪƹƊƹƉ�convolution����ƠǏƽŶŮƸţǆ�pooling���ƀǎƀźŭ�Ťǀſƃř�ţƁŝ��

�ƷŲƼ�ŪǁǏƢƼ�ūţƆǏƼ�ͭƹơ�ƪƄƢŮƸţ�ǃǏƬ�ƻŮǎ�ǌƂƸţ�ŖƆŶƸţ�ǇǄ�ţƂǅƬ�ŏ�ũƃǇƒƸţ�ͯƬ�Ūƚư�ũƃǇƑ
�ƽǅƼ�ƷŲƽŮŭ�ŏ�ƃŤƒŮŽŤŧ��ƘƚƱƸţ�ǆƄƬ�ƾǇƸǆ�ƪǇƭͺƸţǆ�ƿǏǀƁʨţ��ƪƄƢŮƸţ�ͯƬ�ŪƱŨƚƸţ�ǂƂǄ�Ū

��ƪƄƢŮƸţ�ƶŤŽſʪţ�ͭƸŝ�ťƄưʨţ�ūŤƱŨƚƸţ�ƻƹƢŮŭ��ũƃǇƒƸţ�ūʭƊͺŧ�ͯƬ�ŪƽǅƽƸţ�ūţƆǏƽƸţ�ͭƹơ
��Ưƽơʨţ�ūŤƱŨƚƸţ�ŴƼƀŭ�ŤƽǁǏŧ�ŏ�ƾţǇƸʨţ�ūŤŵƃƀŭǆ�ƪţǇźƸţ�ƷŲƼ�ŪƚǏƊŨƸţ�ƐšŤƒžƸţ�ͭƹơ

ţĽƀǏƱƢŭ�ƄŲƴř�ƐšŤƒŽ�ƠƼ�ŪƚǏƊŧ�ƐšŤƒŽ�� 
� �ƫǏǁƒŮƸţ�����ŤǁǄ��ũƆǏƽƸţ�ųţƄžŮƉţ�ũǇƚŽ�ƀƢŧ�ƫǁƒƽƴ�ƷƼŤͺƸŤŧ�ŪƹƒŮƽƸţ�ŪƱŨƚƸţ�ƷƽƢŭ

�ͭƹơ�ʽŖŤǁŧ�ũƃǇƒƸţ�ŪŢƬ�ƠưǇŮŭ�ͯǅƬ�ţƂƸ�ŏ�ŪǁǏƢƼ�ŪŢƭŧ�ŪƹƑ�ƄŲƴʨţ�ũƆǏƽƸţ�ŪƱŨƚƸţ�ǂƂǄ�ſƀźŭ
��Ūǎśƃ�ƿͺƽǎ��ŪƱŧŤƊƸţ�ūţǇƚžƸţ�ͯƬ�ŪŵƄžŮƊƽƸţ�ƐšŤƒžƸţŤǅŮǎƃŤƽƢƼ����ƷͺƎƸţ�ͯƬ�ŪƼŤƢƸţ

��� 

��
�ƷͺƍϰĹϭ���ŪͺŨƎƸţ�ƷͺǏǄ�ƿơ�ŪƼŤơ�ŪźƽƸ��ŪǏŨƒƢƸţ�ŪǏƬŤƭŮƸʬţ 

ǈƄŽʨţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸŤŧ�ŪǀƃŤƱƼ�ũƆǏƽƼ�ƐšŤƒŽ�ůʭŲŧ�ŪǏƬŤƭŮƸʬţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƆǏƽŮŭ��

1� ��ŪǏƹźƽƸţ�ūʬŤŶƽƸţ�ŪǏƸŤŨƱŮƉʬţ����local receptive fields��������ͯƬ�ŪǏŨƒơ�ŪǏƹŽ�ƷƴCNN��

�ƗŤƽǀř�ƻƹƢŮŧ�ŪǏŨƒƢƸţ�ŤǎʭžƹƸ�ŸƽƊǎ�ţƂǄǆ�ŏ�ƶŤŽſʪţ�ūŤǀŤǏŧ�ƿƼ�ũſƀźƼ�ŪƱƚǁƼ�ƿơ�ŪƸǆŜƊƼ
�ŪƱƚǁƽƸţ �ǂƂǄ �ͭƽƊŭ ��ũƃǇƒƸţ �ƷͺƎŭ �ͯŮƸţ �ũƄǏƦƒƸţ �ƷǏƑŤƭŮƸţǆ �ƪţǇźƸţǆ �ƗǇƚžƸţ �ƷŲƼ

��ƶŤŽſʪţ�ūŤǀŤǏŧ�ͯƬ�ũƀŹǆ�ǆř�ŪǏŨƒơ�ŪǏƹŽ�ŤǅƸ�ƓƄƢŮŭ�ͯŮƸţ�ŖŤƖƭƸţ�ƿƼ�ũſƀźƽƸţ��ƶŤŶƽƸţ
�ͯ ƸŤŨƱŮƉʬţ�ͯƹźƽƸţ��ƪˊƄƢˀǎ����ƻŶźŧ�ͯƸŤŨƱŮƉʬţ�ƶŤŶƽƸţƄŮƹƬ���ŪǏŨƒơ�ŪͺŨƍ�ͯƬ�ŪƱŨƚƸţ�ǌſŤŹř

ŪǏƬŤƭŮƸţ��� 
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2� �ūʭƼŤƢƽƸţ �ŪƴƃŤƎƼ� ��parameters sharing��� �� �ǆ�ƗŤŨŭƃʬţ �Ƹţ�ͬ ƹźƽ� ���Local 

connectivity��������ŪƱŨƙ�Ʒƴ�ǌǇŮźŭŪǏƬŤƭŮƸţ����ũƀơ�ͭƹơƄŭʭƬŏ����ţƂǄǆƷƼŤƢƼ��ƯšŤƬ��ſƀźƼ�����ŤĽƱŨƊƼ
��ǂƂǄ�ƿƼ�Ʒƴ�ǌǇŮźǎƄŭʭƭƸţ����ͯƹźƽƸţ�ƶŤŨƱŮƉʬţ�ƶŤŶƼ�ƠƼ�ƯƬţǇŮǎ�ƶƀƢƼ�ƟŤƭŭƃţǆ�ƓƄơ�ͭƹơ

��ͰƎǁŁŭ��ŪǏŨƒƢƸţ�ŤǎʭžƹƸƄŭʭƭƸţ����ŪƚǎƄŽ�ƶŤŽſʪţ�ūŤǀŤǏŧ�ͭƹơ�ƷƽƢŭ�ͯŮƸţƸţ�ųţƄŽŝ�ƀǁơ�ƻƸŤƢƽ
Ƹţ��ŪƱŨƚŪǏƬŤƭŮƸʬţ���ƻƸŤƢƽƸţ�ŪƴƃŤƎƼ����ͯƬ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƠǏƽŵ�ŪƚƉţǇŧ�ƾţƅǆʨţ�ŪƴƃŤƎƼ�ͯǄ

��ƿƼ�ŏ�ͯƹźƽƸţ�ƶŤƒŭʬţ��ƻƸŤƢƽƸţ�ŪƚǎƄŽ�ŪƚŨŭƄƼ�ŪǏŨƒơ�ŪǏƹŽ�Ʒƴ�ƾř�ƺǇǅƭƼ�ǇǄ�ŏ�ǈƄŽř�ŪǏŹŤǀ
��ƘŨŭƄŭ�ͯŮƸţ�ŪǏƼŤƼʨţ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ƈƵơ�ͭƹơ�ŏ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƿƼ�ŪǏơƄƬ�ŪơǇƽŶƽŧ�ƘƱƬ

�ſƀơ�ƷǏƹƱŭ�ͯƬ�ūţƆǏƽƸţ�ǂƂǄ�ƀơŤƊŭ��ƷƼŤƴ�ƷͺƎŧ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƠǏƽŵ�ŤǅǏƬ�ūʭƼŤƢƽƸţ�
ũŖŤƭƴ�ƄŲƴř�ŪŨƉǇźƸţ�ƷƢŵǆ�ƺŤƞǁƸţ�ŖŤźǀř�ƠǏƽŵ�ͯƬ�  

3� �ūŤǁǏƢƸţ�Ơƽŵ����sub-sampling������ƠǏƽŶŮƸţ�ǆţ��pooling��������ūŤǁǏƢƸţ�ƂŽř�ͯŭŚǎ�ŤƼ�ŤŨ̔ƸŤƥ
�ŪǏơƄƭƸţ����ŪͺŨƍ�ͭƹơ�ƪŤƭŮƸʬţ�ŪƱŨƙ�ƀƢŧ�ţʽƃǇƬ�ŴƼƀƸţ�ǆřCNN��ƔƭŽ�ͯƬ�ŤǄƃǆſ�ƷŲƽŮǎ��

��ŪƱŨƚƸţ�ŴŭŤǀŪǏƬŤƭŮƸʬţ����ŪǏƊǏšƄƸţ�ŪƭǏƝǇƸţ�ƷŲƽŮŭ��ƓƄƢƸţǆ�ƟŤƭŭƃʭƸ�ŪǏǀŤͺƽƸţ�ſŤƢŧʨţ�ƶǇƙ�ͭƹơ
�ƠǏƽŶŮƹƸ��ſƀơ�ƷǏƹƱŭ�ͯƬūʭƼŤƢƽƸţ���ŤʽƖǎř�ũƆǏƽƸţ�ǂƂǄ�ƷƹƱŭ��ŪͺŨƎƸţ�ŤǅƽƹƢŮŭ�ƾř�ŦŶǎ�ͯŮƸţ
��ƄǏűŚŭ�ƿƼoverfitting���ŤǅŮưſǆ�ƺŤơ�ƷͺƎŧ�ŪͺŨƎƸţ�Ŗţſř�ũſŤǎƅ�ͭƸŝ�ǌſŜǎ�ŤƽƼ�ŏ 

Ê§�Z0¼Æ»�Y0�Á{�ÈÌ§Z¨f·ÓY�cZ°^�·Y�d^ ·����tmZ¿Á�ºÆ»�µZj»�ZÆ¿S��ªÌ¼ ·Y�º¸ f·Y�xË�Ze
�¾»�ÈÌ§Z¨f·ÓY�ÈÌ^� ·Y�cZ°^�·Y�d¿Z �̄�Ê·ÍY�º¸ f·Y�cZ¬Ì^�e�Ê§�¡Z»|·Y�È�Y�|·�ZÀ¼Æ¨·
��µZ¼�ÏY �cZ¬Ì^�e �~Ì¨ÀeÁ �¶u �Ê§ �ZÆ»Y|zf�Y �ºe �Êf·Y �Ö·ÁÏY �ÈÌ^� ·Y �cZ°^�·Y �¾Ì]

,È¼Æ¼·Y�� f·Y�Ê§�µZ¼�ÏY�cZ¬Ì^�e�È Ì¸��Ê§�ÊÆ§�Y~Å�ZÀ»ÂË�ÖfuÁ��ªÌ¼ ·Y�º¸ 
�

���f¼feÓY§Z¨f·ÓY �cZ°^�ÈÌ����kY�zf�YÁ �Ç��°» ��Z¼¿O �Ö¸� ��Âj ·Y �Ö¸� �Ç�Ì^¯ �Ç�|¬]
ÈÌ¸v¼·Y�cY�Ì¼·Y�� 

��ūŤͺŨƎƸţ �ͯƽŮǁŭŪǏƬŤƭŮƸʬţ����ũƃǇƒƸţ �ƂŽŚŭ �ͯŮƸţ �ŪǏŨƒƢƸţ �ūŤͺŨƎƸţ �ƿƼ�ŪơǇƽŶƼ�ͭƸŝ�ŏūʭŽƀƽƴ�
��ƾţƅǆʨţ�ƿƼ�ŪơǇƽŶƽƸ�ŤǅƕƄƢŭǆŏūţƆǏźŮƸţǆ����ųƄžŮƊŭǆŏūţƆǏƽƸţ����ͭƸŝ�ƷǏƽŭ��ŴšŤŮǁƸţ�ͭƹơ�Ʒƒźŭǆ

��ƺţƀžŮƉŤŧ �ŪƹŽƀƽƸţ �ũƃǇƒƸţ �ƻŶŹ �ƷǏƹƱŭ�ƷǀƄǏͺƸţ����ƄŮƹƭƸţ�ŏ����ƷǅƊƸţ �ƿƼ �ƷƢŶǎ �ŤƽƼ��ųţƄžŮƉţ
ūţƆǏƽƸţ����ŪͺŨƎƸţ�ƇŤƉř��ŪǎƂƦŮƹƸ�ŪǏŨƒƢƸţ�ŪͺŨƎƸŤŧ�ĽŪǀƃŤƱƼŪǏƬŤƭŮƸʬţ����ǇǄƷƼŤơ��ƪŤƭŮƸʬţ�� 

ƪŤƭŮƸʬţ����řƀŨŭ��ŤʽǏŨƊǀ�ŪƚǏƊŧ�ŪǏƹƽơ�ƇŤƉʨţ�ɥǇǄ�ſŤƢŧʨţ�ͯšŤǁűƷǀƄǏͺŧ��ŪƬǇƭƒƼ�ƿơ�ũƃŤŨơ�ͯǄǆ�ŏ
��ƯƸƆǁŭ ��ƾţƅǆʨţ�ƿƼ�ũƄǏƦƑ��ƷǀƄǏͺƸţ��ŪǏšŤǁű �ƶŤŽſʪţ�ūŤǀŤǏŧ �ͭƹơŏſŤƢŧʨţ����ŖƆŵ�ɥƿšŤͺƸţ �ťƄƖŭǆ

��ǃǏƹơ�ſǇŵǇƽƸţ�ƶŤŽſʪţŏŤʽǏƸŤŹ����ƷͺƎƸţ��ųţƄŽʪţ�ƷƊͺŧ�ɥŴšŤŮǁƸţ�Ɛžƹŭ�ƻű�Ĺ���ƃƄƵŭ����ƷǀƄǏͺƸţ
Ǆ��ƯƸƆǁŭ�ƠưǇƼ�ƷͺƸ�ŪǏƹƽƢƸţ�ǂƂ�ǃǏƹơ���ǃǏƹơ�ƫŮƹŭ�ŏ����ƐšŤƒžƸţ�ƿƼ�ſŤƢŧʨţ�ŪǏšŤǁű�ŪƬǇƭƒƼ�ƶǇźŭǆ

��ƟǇƽŶƼ�ƇŤƉʨţ�ɥͯǄ�ųţƄŽʪţ�ƐšŤƒŽ��ǈƄŽř�ſŤƢŧʨţ�ŪǏšŤǁű�ƐšŤƒŽ�ŪƬǇƭƒƼ�ͭƸŝƾţƅǆʬţ��
ƶŤŽſʪţ�ŪƱŨƙ�ɥųţƄŽʪţ�ƷƊͺŧ�ƷŲƼ�ƠưǇƽƸţ�ƈƭǀ�ɥŤŨ̔ǎƄƱŭ�ƾǇƵŭ�ͯŮƸţ�ƶŤŽſʪţ�ƐšŤƒžƸ����
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�
�ƷͺƍϰĹϮ����ƷƼŤơ���ƪŤƭŮƸʬţ�

��ƶŤŲƽƸţ�ͯƬŏǂʭơř����ͯǄ�ƶŤŽſʪţ�ƐšŤƒŽ����� ���ųţƄŽʪţ�ƐšŤƒŽǆ�ŏ� ������ŬǀŤƴ�ţƁŝ��

��ŪƹƒŮƼ�ŪǏƉŤǏư�ŪƱŨƙ�ǂƂǄŏƷƼŤͺƸŤŧ����ƷƼŤƢƼ�ƻưƄŧ�ƾƅǆ�ŪƬǇƭƒƼ�ͭƹơ�ƷƒźǁƊƬ������ ��ŏ����ŰǏŹ
��ŤǁƸ�ŸƽƊŭ��ƶŤŽſŝ�ŪǏƑŤŽ�ƷͺƸ�ͯƸŤƽŵʪţ�ƾƅǇƸţ�ͯǄ�ūŤŵƄžƼ�ŪǏƑŤŽ�Ʒƴ�ƾǇƵŭūŤƬŤƭŮƸʬţ����ŖţƄŵŞŧ

��ƺţƀžŮƉŤŧ�ƷǎǇźŮƸţ�ţƂǄ���ūʭƼŤƢƼ��ƘƱƬ����
��ƄǏűŚŭƪŤƭŮƸʬţ����ƷǎƀƢŭ�ƿͺƽǎ��ŪƭƹŮžƽƸţ�ƶŤͺƍʨţ�ſǆƀŹ�ͭƹơ�ƀǏƴŚŮƸţ�ǇǄƷǀƄǏͺƸţ����ŪǏŨƹŮƸ�ũƄǏƦŮƽƸţ

��ƠƼǆ��ŪƑŤžƸţ �ūŤŵŤǏŮŹʬţŏƳƸƁ����ƳƸƂŧ �ƺŤǏƱƸţ �ŪƸǆŤźƼ�ƿƼ�˟ʬƀŧŏŤʽǎǆƀǎ����ƺǇƱŭƸţ��ŪͺŨƎŪǏƬŤƭŮƸʬţ��
ƸţƻƹƢŮƸţ�ŪǏƹƽƢƸ�ƺŤǅƽƸţ�ǂƂǄ�ƔǎǇƭŮŧ�ŪƱǏƽƢ���

��ǌƅţǇŮƽƸţ�ƯǏŨƚŮƸţ�ǌſŜǎūʭǀƄǏͺƹƸ���ƄŭʭƭƸţƸŝ�ŪƭƹŮžƽƸţ���ƘƊŨŭ�ƾř�ƿͺƽǎ�ũƀƱƢƼ�ūʭŽţƀŭ�ͭ
��Ť̔ƼŤƽŭ�ŪƹƒŮƽƸţ�ŪƱŨƚƸţ�ƿǏŧ�ͯƊǏšƄƸţ�ƪʭŮŽʬţ�ƷŲƽŮǎ��ƫǏǁƒŮƹƸ�ŤĽƱŹ�ŪƽǅƽƸţ�ūţƆǏƽƸţ�ųţƄžŮƉţ

��ŪƱŨƚƸţǆɥŪǏƬŤƭŮƸʬţ����ƠƼ�ƷƽƢƸţ�ͭƹơ�ŪǏǀŤŲƸţ�ŪƱŨƚƸţ�ũƃƀưŪƉƀǁǄ����ƄƑŤǁƢƸţ�ƠǏƽŵ�ƄǏƭƎŮŧ�ƺǇƱŭ�ũſǇŵǇƼ
Ƹţ�ǂƂǄ�ƻǏƽƢŭ�ƿͺƽǎ�ʬ��ƄŽŗ�ƿơ�ƿšŤƴ�ƆǏǏƽŮƸ�ŪƼƅʭƸţ��ͭƹơ�ƄƑŤǁƢŏƃǇƭƸţ���ƿƼ�ţĽƀǎƆƼ�ŦƹƚŮŭ�ŤǅǁͺƸǆ

��ƷǏŨƉ�ͭƹơ��ƓǇƽƦƸţ�Ŗţſʨ�ŪŶƸŤƢƽƸţŏƶŤŲƽƸţ����ƻǏƊƱŭ�ƿͺƽǎ�ƫǏƴ��ŤŨ̔ǎƄƱŭ�ƾŤŮƱŧŤƚŮƼ�ƫǀʨţǆ�ƾŤǁǏƢƸţ
��ŤǅƬŤƎŮƴţ �ƿͺƽǎ �ŪƱǏưſ �ūŤƬʭŮŽţ �ƲŤǁǄ ��ųǆſƆƼ �ƷǏƹźŮŧ �ŪŧŤŵʪţ �ͯŭŚŭ �ŕŸǏźƑ�ƷͺƎŧ �ũƃǇƒƸţ

��ƺţƀžŮƉŤŧƄŭʭƭƸţ��ŏŪƱǏưƀƸţ����ƿƼ�ƻǄʨţǆŏƳƸƁ���ǁǅƸţ�ƾř��ŪǏƹŽţſ�ūŤưʭơ�ͭƸŝ�ƀǁŮƊŭ�ūŤǁšŤͺƹƸ�ŪǏƹͺƸţ�ŪƉƀ
��ƷǏŨƉ�ͭƹơ��ŤŨ̔ǎƄƱŭ�ŪŮŧŤűŏƶŤŲƽƸţ����ǌǆŤƊŮƼ�ŤĽŲƹŲƼ�ƫǀʨţǆ�ƾŤǁǏƢƸţ�ƷͺƎŭ�ƾř�ŦŶǎŏƟʭƕʨţ����ƯƉŤǁŭ�ƾʨ

��ƳƸƂŧ�ƺŤǏƱƸţ�ƿͺƽǎ��ƫǀʨţǆ�ƿǏơ�Ʒƴ�ƿǏŧ�ŪƬŤƊƽƸţ�ƈƭǀ�ͯǁƢǎ�ǃŵǇƸţŏŤĽƱŨƊƼ����ūŤǏǁƱŭ�ƿƼ�ƀǎƀƢƸţ�ƷŲƼ
��ŪŶƸŤƢƼŏƃǇƒƸţ����ŪƸţſ�ƾʨ�ţʽƄƞǀ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ũǇư�ƷƖƭŧ�ƻƹƢŮƸţ�ŪǏƹƽƢƸ�ǃƴƄŭ�ƿͺƽǎ�ǆřŚƚžƸţ���ūŤŢƬǆ

��ɥŤʽǏǁƽƕ�ƻͺźŮŭ �ūŤŵƄžƽƸţŏūŤƬʭŮŽʬţ����ŪͺŨƎƹƸ �ƿͺƽǎ�ŪǏƬŤƭŮƸʬţ��ǏƽƢƸţ��ƻǅƼ �ǇǄ �ŤƼ �ŪƬƄƢƼ �ŪƱ
�ŪǎƀŶƽƸţ�ƄǏƥ�ƷǏƑŤƭŮƸţ�ƠǏƽŵ�ƿƼ�ƐƹžŮƸţ�ƠƼ�ſƀźƼ�ƪƀǄ�ƯǏƱźŮƸ 

ᏋቲᏟኤᑢᕕቨ 
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��ƻǄř�ͯǄ�ƪŤƭŮƸʬţ�ŪƱŨƙɥŪǁŨƸ����ŪͺŨƍ�ŖŤǁŧCNN��ƿƼ�ŪơǇƽŶƼ�ͭƹơ�ŪƱŨƚƸţ�ǂƂǄ�ǌǇŮźŭ��ƄŭʭƭƸţ�ŏ��
��ƻƉŤŧ �ŤʽƖǎř �ƪƄƢŁŭ��ƷǀƄǏͺƸţ��kernel�����ƻƸŤƢƽƸţ �ūŤƭƍŤƴ�ǆř�feature detectors�ŏ���ƻŮǎ �ŰǏŹ

��Ʒƴ�ƯǏŨƚŭƄŮƹƬ����ͭǁƢƽŧ ��ƶŤŽſʪţ �ūŤǀŤǏŧ �ƯƙŤǁƼ �ƠǏƽŵ�ͭƹơŏƄŽŗ���ŪƱŨƚƸ �ŪǏƊǏšƄƸţ �ŪƽǅƽƸţ �ƷŲƽŮŭ
��ũƃǇƒƸ�ŪǏƹźƽƸţ�ƯƙŤǁƽƸţ�ɥũſǇŵǇƽƸţ�ƐšŤƒžƸţ�ƀǎƀźŭ�ɥƪŤƭŮƸʬţŏƶŤŽſʪţ����ŪƴƄŮƎƼ�ƾǇƵŭ�ͯŮƸţǆ

��ŪƚǎƄŽ�ųŤŮǀŝ�ţƂǄ�ũƆǏƽƸţ�ͭƹơ�ƪƄƢŮƸţ�ƿơ�ŴŮǁǎ��ŤǅƹƽƴŚŧ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ�ūţƆǏƽƸţ���ƻƸŤƢƽƸţ�ǆţ��
��ŪƱŨƙ�ƯŨƚŭ��ŪǏƭƒŮƸţ�ƷƼţǇơ�ƯǏŨƚŭ�ƯǎƄƙ�ƿơƪŤƭŮƸʬţ��ţƄŮƹƬ���ƿơ�ŴŮǁǎ��ƶŤŽſʪţ�ũƃǇƑ�ͭƹơ�Ť̔ǏƹźƼ

��ͭǁƢƽŧ��ũƃǇƒƸţ�ƈƭǀ�ɥŤĽƙŤŨŭƃţ�ƄŲƴʨţ�ũƃǆŤŶƽƸţ�ƷƊͺŨƸţ�ūţƀŹǇƸ�ƷƖƬř�ƫǏǁƒŭ�ţƂǄŏƄŽŗ���ƿͺƽǎ
��ƷǏŨƉ�ͭƹơ��ƔƢŨƸţ�ŤǅƖƢŨŧ�ŪƹŽƀƽƸţ�ƃǇƒƸŤŧ�ŪƑŤžƸţ�ƷƊͺŨƸţ�ūţƀŹǆ�ƘŨŭƄŭ�ƾřƶŤŲƽƸţŏɥ��ƃǇƑ�

ŏǃŵǇƸţ���ƿƼ �ŪǏơƄƬ �ŪơǇƽŶƼ �ͭƹơ �ŸƍƄƽƸţ �ƯŨƚǀ �ŤƼƀǁơ ��ƻƭƸţǆ �ƿǏǁǏƢƸţ �ƿǏŧ �Ťƽ̔šţſ �ƫǀʨţ �ƾǇͺǎ
ŏũƃǇƒƸţ����ŪƱŨƙ�ƻƉŤŧ�ŤʽƖǎř�ŪƱŨƚƸţ�ǂƂǄ�ͭƸŝ�ƃŤƎǎ��ŪǏƹźƽƸţ�ƐšŤƒžƸţ�ƔƢŧ�ųƄžŮƊǀ�ŤǁǀŞƬ��ųţƄžŮƉţ
�ūţƆǏƽƸţ���ƻƸŤƢƽƸţ�ǆţŪƱŨƚƸţ�ǂƂǄ�ɥũƃǇƒƸţ�ƐšŤƒŽ�ųţƄžŮƉţ�ƻŮǎ�ǃǀʨ��.�

��ƿƼ�ũſƀźƼ�ŪơǇƽŶƼ�ͭƹơ�ƪŤƭŮƸţ�ŪƱŨƙ�Ʒƴ�ǌǇŮźŭūʭƼŤƢƽƸţ��ŏŪƱšŤƭƸţ����ſƀơ�ſƀźǎ�ŤǅǁƼ�Ʒƴ
��ƘšţƄžƸ�ųţƄŽʪţ�ƻŶŹǆ�ūʬŤƒŭʬţūţƆǏƽƸţ���

x �ƷǀƄǏͺƸţ �ƻŶŹ�����ͯƉŤƉʨţ �ƻŶźƸţ �ƫƒǎK����ŤĽǀŤǏŹř �ͭƽƊǎ���ƻŶŹ�ƄŮƹƭƸţ��ƷƱźƸţ ��
ƂǄ�ũſŤǎƅ�ŸƽƊŭ��ƶŤŽſʪţ�ƠưţǇƼ�ƠǏƽŵ�ͭƹơ�ƯŨƚǁǎ�ǌƂƸţ�ͯƸŤŨƱŮƉʬţ��ƷƼŤƢƽƸţ�ţ��ŪƱŨƚƸ

��ͯƬ�ŪͺŨƎƸţ�ƾţƅǆř�ſƀơ�ũſŤǎƅ�ƠƼ�ŏ�ŪǏǀŤͺƽƸţ�ūŤƼǇƹƢƽƸţ�ƿƼ�ƀǎƆƽƸţ�ƶŤŨƱŮƉŤŧ�ƪŤƭŮƸʬţ
ŬưǇƸţ�ƈƭǀ� 

x �ſƀơ���ƷǀƄǏͺƸţ�����ſƀơ�ƯƬţǇŮǎūʭǀƄǏͺƸţ����ſƀơ�ƠƼ�ƄƍŤŨƼ�ƷͺƎŧūʭƼŤƢƽƸţ����ƻƹƢŮƹƸ�ŪƹŧŤƱƸţ
��ƯƽơǆD����ŪƱŨƙ�ųţƄŽŝ�ƻŶźƸƪŤƭŮƸʬţ��Ʒƴ�ŴŮǁǎ�ŤƽƹŲƼ��ƷǀƄǏƴ����ŪƚǎƄŽūţƆǏƼ����ūŤŵƄžƼ

��ƾŞƬ�ŏ�ŪƹƒƭǁƼūʭǀƄǏͺƸţ��D����ŪƚǎƄŽ�ŴŮǁŭūţƆǏƼ����ƯƽƢŧ�ūŤŵƄžƼD� 
x �Ƹţ�ũǇƚž�����ƃŤŨŮơţ �ƿͺƽǎƪŤƭŮƸʬţ�����ƮʬƆǀţ� �ƯǎƄƙ �ƿơ �ŤʽǏƽƴţƄŭƷǀƄǏͺƸţ���ƻŶŹ �ͭƹơ

�Ʒƴ�ͯƬ�ƀŹţǆ�ƷƊͺŧ�ŪƬŤƊƼ�ͭƹơ��ƮʬƆǀʬţ��ůƀźǎ�ƾř�ŦŶǎ�ʬ�ŏ�ƳƸƁ�ƠƼǆ��ƶŤŽſʪţ
��ǃƭƒŭ�ŤƼ�ǇǄǆ�ŏ�ũƄƼũǇƚžƸţ��(Stride)��ũǇƚžƸţ�ſƀźŭ��S����ͯŮƸţ�ƷƊͺŨƸţ�ūţƀŹǆ�ſƀơ

��ŤǅƹƱǁŭƷǀƄǏͺƸţ���ƘšţƄŽ�Ťƽ̔ŶŹ�ƄŨƴʨţ�ūţǇƚžƸţ�ŴŮǁŭ��ųţƄŽʪţ�ŪǏƑŤžƸ�ťŤƊŹ�Ʒƴ�ƿǏŧ
ūţƆǏƼ��Ƅŵŝ�ƻŮǎ�ǃǀʨ�ƄƦƑř�ūŤŵƄžƼ�ţƂǄ�Ƅǅƞǎ��ŪǏŧŤƊźƸţ�ūŤǏƹƽƢƸţ�ƿƼ�Ʒưř�ſƀơ�Ŗţ

ǂŤǀſř�ƷͺƎƸţ�ͯƬ�ƺǇǅƭƽƸţ� 



�YªÌ¼ ·Y�º¸ f·��¬Ì¼��ÈÌ^���È°^��LZÀ]�Öfu�cZÌ�Z�ÏY�¾»�È�]�·Y�È¤¸�½ÂjËZ^ 124  

 

 
x �Ƹţ�ƄƭƒƸţ �ūŤƱŨƚ�Ūǎ�����ŪǏƹƽơ �ƷǏƦƎŮƸ �ţʽƄƞǀƪŤƭŮƸʬţ����ŪǎƄƭƒƸţ �ūŤƱŨƚƸţ �ƺƀžŮƊŁŭ �ŏ

(Padding)��ǇƎźƸţ�ǆţ�ƿƼ�ƄŨƴř�ūŤźƍƄƼ�ƯǏŨƚŭ�ƀƢŧ�ſŤƢŧʨţ�ɥƻͺźŮƹƸ������ƠǁƽƸǆ
��ͯƬ�ūŤƼǇƹƢƽƸţ�ƾţƀƱƬͯƍţǇźƸţţ�ƺţƀžŮƉţ�ƻŮǎ�ŤƼ�ŤŨ̔ƸŤƥ�ŏ�ƄŽŗ�ͭǁƢƽŧ����ŪǎƄƭƒƸţ�ŪƱŨƚƸ

��ŪƬŤƕŝ�ƯǎƄƙ�ƿơ��ͯǄ�Ťƽƴ�ųţƄŽʪţǆ�ƶŤŽſʪţ�ūŤƱŨƚƸ�ŪǏǀŤͺƽƸţ�ſŤƢŧʨţ�ͭƹơ�ƛŤƭźƹƸ
��ƀǁơ�ŪǏǀŤͺƽƸţ�ſŤƢŧʨţ�ƋŤƽƵǀţ�ŦǁŶŭ�ƿͺƽǎ�ŏ�ƘǏźƽƸţ�ƶǇŹ�ŪǎƄƭƑ�ūʭŽƀƼƪŤƭŮƸʬţ���

��ͯǀŤͺƼ�ƀƢˀŧ �ƷͺƸ�ŦǀŤŵ�Ʒƴ�ͭƹơ�ŪƬŤƖƽƸţ�ƃŤƭƑʨţ�ŪƽǏư�ƀƢŭ�ƷƼŤƢƼ����ͯƬŤƕŝ�ƯšŤƬܲ��
��ͭƹơ�ƶŤŲƼ�ƄǅƞǎǂŤǀſř�ƷͺƎƸţ�ͯƬ�ǌƄƭƒƸţ�ƻǏƊƱŮƸţ�  

 
x �Ƹţ�ſƀƽŮ���Dilation������ǆţ�ſƀƽŮƸţ��ŪźŮƭƸţ�݀���ͯǄ�ţʽƄŽŜƼ�ŤǅƸŤŽſŝ�ƻŭ�ͯŮƸţƷƼŤƢƼ��ƯšŤƬ���ǈƄŽř��

ǎ��ŪƱŨƚƸ�ŸǏŮƪŤƭŮƸʬţ����ƛŤƭźƸţ�ƠƼ�ŏ�ƶŤŽſʪţ�ƿƼ�ũŖŤƭƴ�ƄŲƴř�ƶŤŨƱŮƉţ�ƶŤŶƼ�ŤǅƸ�ƾǇͺǎ�ƾř
�ƻŶŹ�ͭƹơƷǀƄǏͺƸţ���ŪƬŤƊƽƸţ�ƶŤŽſŝ�ƯǎƄƙ�ƿơ�ƳƸƁ�ͭƹơ�ƶǇƒźƸţ�ƻŮǎ��ŤĽŮŧŤű݀��Ʒƴ�ƿǏŧ
��ƿƼ�ŪǏƹŽƷǀƄǏͺƸţ��ŪƙŤƊŨŧ�ͯƉŤǏƱƸţ�ƪŤƭŮƸʬţ�ƺƀžŮƊǎ��ſƀƽŮƸţ�����ŤǅƸ�ƾŞƬ�ƻű�ƿƼǆ���ƷǀƄǏƴ��

ŪƱŨƚƸ�ƿͺƽǎ�ŏ�ŪŹŤƊƽƸţ�ũſŤǎƅ�ƶʭŽ�ƿƼ��ũƄƽŮƊƼ����ƿƼ�ƄŨƴř�ŪŹŤƊƼ�ƷƦƎŭ�ƾř�ƪŤƭŮƸʬţ
��ƺǇǅƭƼ�Ƅǅƞǎ��ũƄƴţƂƸţ�ƲʭǅŮƉţ�ūŤŨű�ͭƹơ�ƛŤƭźƸţ�ƠƼ�ƶŤŽſʪţūŤƬŤƭŮƸʬţ��ŪǎſƀƽŮƸţ���ŏ

��ŤĽǀŤǏŹř�ͭƽƊŭ�ͯŮƸţ�ūŤƬŤƭŮƸʬţ����ŪǏǁǎƁʨţ�atrous convolutions��ŏ����ƷͺƎƸţ�ͯƬ�Ĺ�Ĺ���
��ƠƼūţſƀƽŭ��ŪƭƹŮžƼ� 

��ƶŤŽſʪţ�ƻŶźƸ�ŤĽƱƬǆܹ����ƻŶŹ�ŏƷǀƄǏͺƸţ����ƧƸܭ����ũǇƚžƸţ�ŏܵ����ŏſƀƽŮƸţ��݀����ǆܲ��ŪƱŨƙ��ŪǎƄƭƒƸţ��ƻŮǎ�ŏ
ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŴŭŤǁƸţ�ųţƄŽʪţ�ƻŶŹ�ťŤƊŹ���

ܹ ൌ ඌ
ܹ  ʹܲ െ ܭ െ ሺܭ െ ͳሻሺ݀ െ ͳሻ

ܵ ඐ  ͳǤ 

���ᑰᒐ ᢕᣂᑢቨK=3��ᒻᓗᎣዳᑢቨ�͕S=3��ᓗ፮ዲᑢቨP=1 
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�
�ƷͺƍϰĹϯ���Ƹţ�ſƀƽŮ���ŪƭƹŮžƼ�ƺŤŶŹŚŧ�ſŤƢŧʨţ�ŪǏšŤǁű�ūʭŽƀƼ�ͭƹơ���

��ƺţƀžŮƉţƪŤƭŮƸʬţ�����ŪƽǅƼ �ŤǎţƆƼ �ůʭű �ǃƸ�ŏ˟ʬǆř����ŪǏŨƒƢƸţ �ūŤͺŨƎƹƸ �ƾǇͺǎ �ŤƼ �ĽũſŤơ�ŪǏƬŤƭŮƸʬţ��
��ūʭơŤƭŭŪưƄƭŮƼ���Sparse interactions���ƺƀžŮƊŭ��ƸţͺŨƎūŤ��ŪǏŨƒƢƸţ��ŪǏƼŤƼř��ŪǎƂƦŮƸţ����ŪƬǇƭƒƼ

��ƿƼūʭƼŤƢƽƸţ����ųţƄŽŝ�ũƀŹǆ�Ʒƴ�ƾř�ͯǁƢǎ�ţƂǄ��ųţƄŽʪţǆ�ƶŤŽſʪţ�ūţƀŹǆ�ƿǏŧ�ŪưʭƢƸţ�ƫƒŭ�ͯŮƸţ
��ƠƼǆ��ƶŤŽſŝ�ũƀŹǆ�Ʒͺŧ�ŪƹƒŮƼŏƳƸƁ����ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƾŞƬŪǏƬŤƭŮƸʬţ����ŤǅƸ��ŪưƄƭŮƼ�ūʭơŤƭŭ��ƻŮǎ

�ƐǏƹƱŭ�ƯǎƄƙ�ƿơ�ǃƱǏƱźŭƷǀƄǏͺƸţ��ƷǏŨƉ�ͭƹơ��ūʭŽƀƽƸţ�ƿƼŏƶŤŲƽƸţ��ũƃǇƒƸţ�ǌǇŮźŭ�ƾř�ƿͺƽǎ
��ūţƀŹǆ�ƪʬŗ�ǆř�ƿǏǎʭƼ�ͭƹơŏƷƊͺŨƸţ����ƺţƀžŮƉŤŧ�ŤǅŮŶƸŤƢƼ�ŖŤǁűř�ƿͺƸǆƷǀƄǏͺƸţŏ����ƀǎƀźŭ�Ťǁǁͺƽǎ

�ƿǏƢŮǎ�ǃǀř�ͯǁƢǎ�ţƂǄ��ƷƊͺŨƸţ�ūţƀŹǆ�ƿƼ�ūŤŢƼ�ǆř�ūţƄƎơ�ƿƼ�ƾǇƵŮŭ�ͯŮƸţ�ũƀǏƭƽƸţ�ūŤƼǇƹƢƽƸţ
��ƿƼ�Ʒưř�ſƀơ�ƿǎƆžŭ�ŤǁǏƹơūʭƼŤƢƽƸţ����ũƄƴţƂƸţ�ͭƸŝ�ŪŵŤźƸţ�ƿƼ�ƷƹƱŭ�ʬ�ͯŮƸţŏŦƊźƬ���ƷƽƢŭ�Ʒŧ

���ųƁǇƽǁƹƸ�ͯšŤƒŹʪţ�Ŗţſʨţ�ƿǏƊźŭ�ͭƹơ�ŤʽƖǎřŏŤʽǏǀŤű����ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƺƀžŮƊŭŪǏƬŤƭŮƸʬţ����ŪƴƃŤƎƼ
ūʭƼŤƢƽƸţ��ƈƭǀ�ƺţƀžŮƉţ�ƾǆƀǏƢǎ�ƻǅǀř�ǌř��ūʭƼŤƢƽƸţ����ƿƼ�ƀǎƀƢƹƸƶţǆƀƸţ��ͯƚƢŭ��ūʭƼŤƢƽƸţ��

��ŪǏƊǏšƄƸţ�ũƆǏƽƸţ�ŤʽƖǎř�ŪƴƄŮƎƽƸţŏũƄǏŽʨţ���ťƃŤƱŮƸţ��(Equivariance)��ŪƸŤŹ�ɥǃǀř�ͯǁƢǎ�ťƃŤƱŮƸţ��
ŪŹţƅţ��ŏūʭŽƀƽƸţ����ūŤǀŤǏŨƸţ�ŪŶƸŤƢƽƸ�ŪǎƃǆƄƕ�ũƆǏƽƸţ�ǂƂǄ��ŪƱǎƄƚƸţ�ƈƭǁŧ�ūŤŵƄžƽƸţ�ŪŹţƅŝ�ƻŮǎ
��ŪǏšŤǁűŏſŤƢŧʨţ����ɥƄŽŗ�ƠưǇƼ�ͭƸŝ�ŤǅǁƼ�ŖƆŵ�ǆř�ũƃǇƑ�ƷƱǀ�ƻŭ�ţƁŝ�ǃǀʨŏũƃǇƒƸţ����ƈƭǀ�ŤǅƸ�ƾǇͺǏƊƬ
ƓƄƢƸţ��

] �µZy{S �ÈÌ^���ÈÌ¸y �¶¯�ÈË~¤f¸· �ÈÌ^� ·Y �cZ°^�·Y ��]�e��Ê§ �ÈÌ^� ·Y �ZËÔz·Y ��Ì¼n
��È¬^�·Y,ÈÌ·Zf·Y�����»Á��È¸»Z°·Y �µZ�eÓY�ÈÌ¸¼��Ö¼�e�Êf·YÁ�,®·}����È¬Ë��·Y�Ã~Å�\¸�fe

ᑢቨᑰᒐ ᢕᣂ��͗ϯпϯ��͕�ጕጤᑿኤᑢቨ�͗ϭ ᑢቨᑰᒐ ᢕᣂ��͗ϯпϯ��͕�ጕጤᑿኤᑢቨ�͗Ϭ 

 ᑢቨᑰᒐ ᢕᣂ��͗ϯпϯ��͕�ጕጤᑿኤᑢቨ�͗ϯ  ᑢቨᑰᒐ ᢕᣂ��͗ϯпϯ��͕�ጕጤᑿኤᑢቨ�͗Ϯ 
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�¾»�0Ó|]��k}Â¼À·Y�\Ë�|e�È����Ö¸���Ì^¯�¶°�]��iRe�È¬Ë��]�ÈÌ§Z�ÑY�½Y�ÁÏY�[Z�u

��µZ�eY�LY�mS�,¶»Z¯����¹|zf�eCNN����Z0·Z�eY�,Z0ÌW�m����È¸�f»�ÈÌ^���ÈÌ¸y�¶¯�½O�ÊÀ Ë�Z¼»
§��ÈÌ^� ·Y �ZËÔz¸· �Ê¸v¼·Y �µZn¼·Y �º�Z] �È§Á� ¼·Y �µZy{ÑY �È¬^� �¾» �È¬�À¼] ��¬

���ÈÌ¨z¼·Y,®·~·����È°^��ÉÂfveCNN����Ö¸�cÔ»Z »��ÈÌ^� ·Y �È°^�·Y �¾»�¶«O����ÈÌ»Z»Y
ÈË~¤f·Y�������O�\Ë�|e�È���]��f¼fe�Ê·Zf·Z]Á 

�

��cZ¬^� �Ê§,¥Z¨f·ÓY�����WY�y �Ö¸� �µÂ�v·Y �ºfËcY�Ì¼·Y����¹Y|zf�Z] �µZy{ÑY �cZ¿ZÌ] �¾»
��¥Z¨f·ÓY�¶»Z� 

keras 
��ɥƪŤƭŮƸţ�ŪƱŨƙ�ŖŤƎǀʪKerasͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŪŧǇƹƚƽƸţ�ūţƀŹǇƸţ�ƶŤŽſŝ�˟ʬǆř�ƳǏƹơ�ŦŶǎ�ŏ�� 

from keras.layers import Conv2D 

ʬţ�ŪƱŨƙ�ŖŤƎǀŝ�ƳƸƁ�ƀƢŧ�ƳǁͺƽǎƸͯƸŤŮƸţ�ƯǏƊǁŮƸţ�ƺţƀžŮƉŤŧ�ƪŤƭŮ���

Conv2D� �(filters, kernel_size, strides, padding, activation='relu', 
input_shape) 

ŪǏƸŤŮƸţ�ūŤƚǏƉǇƸţ�ƶŤŽſŝ�ƳǏƹơ�ŦŶǎ��

� filters��ſţƀƢŭ���ƄŭʭƭƸţ 
� kernel_size���ƪŤƭŮƸʬţ�ũƂƬŤǀ�ƓƄơǆ�ƟŤƭŭƃţ�ͭƸŝ�ƄǏƎǎ�ƻưƃ���ƷǀƄǏͺƸţ�ƻŶŹ��� 
� strides�����ũǇƚŽƪŤƭŮƸʬţ��ƻŮǏƊƬ�ŏ�Ŗͯƍ�ǌř�ſƀźŭ�ƻƸ�ţƁŝ��ŤʽǏƕţƄŮƬţ�ƀŹţǆ�ͭƹơ�ǃǁǏǏƢŭ�� 
� padding���valid��ǆţ��same 
� activation�����ƺţƀžŮƉţ�ƻŮǎ�ŤƼ�ũſŤơŪƸţſ��ƘǏƎǁŮƸţ��relu� 

��ŪƱŨƙ�ƺţƀžŮƉţ�ƀǁơƪŤƭŮƸʬţ����ɥͭƸǆř �ŪƱŨƚƴ�Ƴŧ�ŪƑŤžƸţ�ŏųƁǇƽǁƸţ���ŪƚǏƉǆ�ƶŤŽſŝ�ƳǏƹơ�ŦŶǎ
input_shape���ͯƸţǇŮƸţ�ͭƹơ��ŤǅƱƽơǆ�ŤǅƕƄơǆ�ūʭŽƀƽƸţ�ƟŤƭŭƃţ�ſƀźŭ�ŪơǇƽŶƼ�ǂƂǄ��ŪǏƬŤƕŝ���

��È�Ì�Á�¾Ì¼�e �¹|� �¾» �|¯Peinput_shape����È¬^��¾°e �º· �Y}S¥Z¨f·ÓY����È¬^�·Y �ÊÅ
®f°^��Ê§�Ö·ÁÏY�� 

�ſƀơ�ƷƹƱŭ�Ťǅǀř�ɥƪŤƭŮƸʬţ�ūŤƱŨƙ�ŤǎţƆƼ�ǈƀŹŝ�ƷŲƽŮŭūʭƼŤƢƽƸţ��ƷƹƱŭǆ�Ŗţſʨţ�ƿƊźŭǆ�ŪŧǇƹƚƽƸţ
��ƿƼƀšţƆƸţ �ƘŨƖƸţ��ŪǏƹƽơ �ƀƢŧ ��ŏƪŤƭŮƸʬţ�����ǈƄŽř �ŪǏƹƽơ �ŖţƄŵŝ �ƻŮǎ �ŤƼ �ŤŨ̔ƸŤƥţ�Ƹ�ŴƼƀ���ƠǏƽŶŮƸţ �ǆţ��

(Pooling)��ŪƱŨƙ�ƀơŤƊŭ���ƠǏƽŶŮƸţ����ūŤǀŤǏŨƸţ�ŪŶƸŤƢƽƸ�ŪŧǇƹƚƽƸţ�ŪŨƉǇźƸţ�ũǇư�ƃţƀƱƼ�ƷǏƹƱŭ�ͭƹơ
��ũƀơŤƊƽŧ��ſŤƢŧʨţ�ƷǏƹƱŭ�ƿơ�ŪƸǆŜƊƼ�ͯǄǆ��ƷǏƹƱŭŏſŤƢŧʨţ����ŪŧǇƹƚƽƸţ�ŪŶƸŤƢƽƸţ�ũǇư�ƃţƀƱƼ�ƷǏƹƱŭ�ƻŮǎ

� �ƻǏƊƱŭ �ƿͺƽǎ ��ūŤǀŤǏŨƸţ �ŪơǇƽŶƼ �ŪŶƸŤƢƽƸ�ƠǏƽŶŮƸţ� �� ��ƿǏơǇǀ �ͭƸŝƠǏƽŶŭ� ���ͭƒưʨţ �ƀźƸţ
�maximum pooling����ƠǏƽŶŭ���Ƹţ��ƘƉǇŮƽ����average pooling���ŤʽơǇǏƍ�ƄŲƴʨţ�ƟǇǁƸţ���ƠǏƽŶŮƹƸ��
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��ƿƼ�ͭƒưʨţ�ƀźƸţ�ǇǄ�ƠǏƽŶŮƸţ����ūŤͺŨƎƸţǆ�����ͭƒưř�ƠƼ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƃŤǏŮŽţǆ�ŖƆŵ�Ʒƴ�ɥ�

��ƷǎƆŭ�ŪǏƹƽƢƸţ�ǂƂǄ�ƷŲƼ�ƾř�ŸƕţǇƸţ�ƿƼ��ͯưŤŨƸţ�ſŤƢŨŮƉţǆ�ŪͺŨƍ�Ʒƴ�ɥƘǏƎǁŮƸţ�ƿƼ�ƃƀư���ƿƼ�ǚ
ƒƢƸţ �ŤǎʭžƸţ �ͭƹơ �ƘƱƬ �ƜƬŤźŭǆ �ŪǏŨƒƢƸţ �ŤǎʭžƸţ��ɥ�ƄŨƴʨţ �ƃǆƀƸţ �ŦƢƹŭ �ͯŮƸţ �ŪǏŨ�ŏƷŧŤƱƽƸţɥ��

ƘƉǇŮƽƸţ�ͭƹơ�ƀƽŮƢƽƸţ�ƠǏƽŶŮƸţ����ƘƉǇŮƼ�ťŤƊŹ�ƻŮǎ�ŏ��ŪƽǏưƷǀƄǏͺƸţ���Ƹţ��ƷͺƎ�Ĺ����

�

�ƷͺƍϰĹϰ���ͭƒưʨţ�ƀźƸţƠǏƽŶŮƹƸ����ƘƉǇŮƼǆ�ƠǏƽŶŮƸţ�
��ŪƱŨƙ�ƷͺƸŏŴƼſ����ƲŤǁǄƾʭƼŤƢƼ�������ŪǏƹžƸţ�ƻŶŹ�ŤǅŭǇƚŽǆŏ���ƃţƄƥ�ͭƹơūʭƼŤƢƼ����ūŤƱŨƚƸţǆ�ũǇƚžƸţ

��ŪǏƹžƸţ�ƻŶŹ�ƃŤǏŮŽţ�ǇǄ�ƠšŤƎƸţ�ƃŤǏžƸţ��ƪŤƭŮƸʬţ�ūŤƱŨƙ�ͯƬ�����ũǇƚžƸţǆ���ƠƼǆ��ŏƳƸƁ����ƃŤǏŮŽţ�ƾŞƬ
��ŪǏƹžƸţ�ƻŶŹ�����ũǇƚžƸţǆ����ţʽƄǏŨƴ�ŪǏƹžƸţ�ƻŶŹ�ƾŤƴ�ţƁŝ�ǃǀř�ͭƸŝ�ũƃŤƍʪţ�ƃƀŶŭ��ƪǇƸŚƽƸţ�ƄǏƥ�ƿƼ�ƈǏƸ

ŏţĽƀŵ��ƷǄŤŶŮŭ�ƀƱƬ����ŪƱŨƙŴƼƀƸţ��ũƀǏƭƼ�ƾǇƵŭ�ʬ�ƀưǆ�ūŤƼǇƹƢƽƸţ�ƿƼ�ƄǏŲͺƸţ��

��¹Y|zf�Y �ÈÌ¨Ì¯ �¶j» �Ä¿O �Ö·S �Ç�Z�ÑY ��|neÁµYÁ{����Z0�ËO �ZÀÀ°¼Ë �,È¨¸fz¼·Y ��Ì�Àf·Y
�¶»YÂ��¹Y|zf�Y��Ì¼ne����»Á��È¨¸fz»,®·}��¹Y|zf�Y�| Ë���Ì¼ne�����j¯O�|uO�Ö�«ÏY�|v·Y
��¶Ì¤�f·Y�¶»YÂ�,Z0�ÂÌ�����¾°·Á·Y��Ì¼ne����Âf¼���Ì·����ÈÌuZÀ·Y�¾»��Y0�{Z¿,ÈÌ¸¼ ·Y���Z0̂·Z£

��¶°�]�¶»Z°f·Y�¾»�Ö�«ÏY�|v·Y�¶¼ Ë�Z»,¶�§O����È¸���j¯ÏY�¶¯ZÌÆ·Y�Ö¸���§ZvË�Ä¿Ï
Ç�Â�·Y�Ê§�� 

�

��ÉO�¦Ì�e�Ó�l»|·Y�cZ¬^��½O��uÓcÔ»Z »��,Ç|Ë|m����¶j»��ºÌ¬·Y�k�zf�e�È�Z�^]�ZÆ¿Ï
���ZÌv¿Y�ÁO�Ê§Z�S�½�Á�Ö·S�ÈmZv·Y�½Á{��Ö�«ÏY�|v·Y 

keras 
�ƫǏǁƒŮƸƸţŏƃǇƒ��ƿƊźƸ��ũƃǇƑ�ƷͺƸ�ūŤƼʭƢƸţǆ�ūŤǀŤǏŨƸţ�ƿƼ�ŪơǇƽŶƼ�ͭƸŝ�˟ʬǆř�ųŤŮźǀŏƜźƸţ���ʬ

��ŤǁǏƹơ�ƿǏƢŮǎƫǎƄŶŭ��ŦǎǇƸţ���scrape���Ť̔ǎǆƀǎ����ŤǅǏƹơ�ŪƼʭơ�Ơƕǆǆ�ƃǇƒƸţ�ƿơ�ŤĽŲźŧŏŤǁƊƭǀŚŧ����ŰǏŹ

ᣕᏸቨ�ጤዠ�Ꮓᔏᑿዱ 

�ᏃᔏᑿዱᎧ።ᓗኤᑻ 
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��ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ�ƿƼ�ƀǎƀƢƸţ�ƀŵǇŭ(Dataset)����ţƂǄ�ɥ�ŤǅƼţƀžŮƉţ�Ťǁǁͺƽǎ�ͯŮƸţ�ŪǏƉŤǏƱƸţŏƶŤŲƽƸţ��

Ƽ�ƺƀžŮƊǀ�ƪǇƉ��ūŤǀŤǏŧ�ŪơǇƽŶCIFAR-10ͯƹǎ�Ťƽƴ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƷǏƑŤƭŭ��:�

� �ũƃǇƒƸţ�ſŤƢŧř�����ũƄƦƒƼ�ũƃǇƑ�������ƷƊͺŧ���
� �ūŤƼʭƢƸţ����ūŤǏƽƊŮƸţ��������ūŤƼʭơ���ūŤŵƄžƼ�����ŏ�Ūƚư�ŏ�ƄšŤƙ�ŏ�ũƃŤǏƉ�ŏ�ũƄšŤƙ��ƷƽƎŭ

ŪǁŹŤƍǆ�ŪǁǏƭƉ�ŏ�ƾŤƒŹ�ŏ�Ɵƀƭƕ�ŏ�Ŧƹƴ�ŏ�ƶţƆƥ��
� �ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻŶŹ�������������ͭƸŝ�ŪƽƊƱƼ�ũƃǇƑ���������ǆ�ŦǎƃƀŮƹƸ�ūŤǀŤǏŧ������

ƃŤŨŮŽʭƸ�ūŤǀŤǏŧ���

��ƠƼ�ţƂǄ�ƷƢƭǀ��ũƃǇƒƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ſţƄǏŮƉţ�ǇǄ�ǃŧ�ƺŤǏƱƸţ�ŤǁǏƹơ�ƿǏƢŮǎ�Ŗͯƍ�ƶǆřKeras����ƿơ
��ͭƹơ�ͯƸŤŮƸţ�ſǇͺƸţ�ƷǏƦƎŭ�ƯǎƄƙjupyter notebook��

from keras.datasets import cifar10 
(x_train, y_train), (x_test, y_test) = cifar10.load_data() 

Downloading data from https://www.cs.toronto.edu/~kriz/cifar-10-python.tar.gz 
170500096/170498071 [==============================] - 2s 0us/step 
170508288/170498071 [==============================] - 2s 0us/step 

� �ŪƹŧŤƱƽƸţ �ūŤƬǇƭƒƽƸţ �ɥŤǅŵŤŮźǀ �ͯŮƸţ �ūŤǀŤǏŨƸţ �ƿǎƆžŭ �ƾʦţ �ƻŮǎ(x_train, y_train����ǆ
(x_test, y_test�ǆƀŨŭ �ƫǏƴ�ǈƄǀ �ŤǀǇơſ ��ūŤǀŤǏŨƸţ �ŪơǇƽŶƼ �ͭƹơ �ŪƒŹŤƬ �ũƄƞǀ �ͯƱƹǀ �Ťǁơſ ��

ŤǁǎƀƸ�ƶŤŽſʪţ�ƐšŤƒŽ�ŪƬǇƭƒƼ�� 

print('x_train shape:', x_train.shape) 

x_train shape: (50000, 32, 32, 3) 

��ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƾř�ŪƬǇƭƒƽƸţ�Ʒͺƍ�ŤǀƄŨžǎx_train��Ƽ�ͭƹơ�ǌǇŮźŭͯƹǎ�Ť:�

� ����� ũƃǇƑ�
� ��ƟŤƭŭƃţ����ƷƊͺŧ�
� ��ƓƄơ�����ƷƊͺŧ�
� ��Ưƽơ���Ʈƃƅʨţǆ�ƄƖŽʨţǆ�ƄƽŹʨţ�ƾǇƹƸŤŧ�ƘŨŭƄƼ��ƷƊͺŧ 

ūŤƼʭƢƸţ�ŪƬǇƭƒƼ�ǆƀŨŭ�ƫǏƴ�ǈƄǀ�ŤǀǇơſ���ūŤŵƄžƽƸţ���

print('y_train shape:', y_train.shape) 

y_train shape: (50000, 1) 

��ŤĽƚŨŭƄƼ��Ťƽ̔ưƃ�ƲŤǁǄ�ƾř�ͯǁƢǎ�ţƂǄŪƼʭƢƸŤŧ��ƿƼ�ũƃǇƑ�ƷͺƸ������������ũƃǇƑŏƾʦţ���Ūǎśƃ�ƶǆŤźǀ�Ťǁơſ
ƷƖƬř�ƻǅƭƸ�ŤǅŮƼʭơǆ�ũƃǇƑ�ͭƹơ�ƶŤŲƼ��

print(x_train[0]) 
 [[[ 59  62  63] 
  [ 43  46  45] 
  [ 50  48  43] 
  ... 

https://www.cs.toronto.edu/~kriz/cifar-10-python.tar.gz
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  [158 132 108] 
  [152 125 102] 
  [148 124 103]] 
 
 [[ 16  20  20] 
  [  0   0   0] 
  [ 18   8   0] 
  ... 
  [123  88  55] 
  [119  83  50] 
  [122  87  57]] 
 
 [[ 25  24  21] 
  [ 16   7   0] 
  [ 49  27   8] 
  ... 
  [118  84  50] 
  [120  84  50] 
  [109  73  42]] 
 
 ... 
 
 [[208 170  96] 
  [201 153  34] 
  [198 161  26] 
  ... 
  [216 184 140] 
  [151 118  84] 
  [123  92  72]]] 

��ǂƂǅŧ�ũƃǇƒƸţ�ƄŭǇǏŨƽͺƸţ�ǈƄǎ�ŤƽǁǏŧŏŪƱǎƄƚƸţ����ũƃǇƑ�ŸƕǇǀ�ŤǀǇơſ�ƳƸƂƸ��ŤǁƸ�ţĽƀŵ�ũƀǏƭƼ�ŬƊǏƸ�ŤǅǀŞƬ
x_train[0]��@���ŪƼƆŹ�ƺţƀžŮƉŤŧ�>matplotlib���

import matplotlib.pyplot as plt 
img = plt.imshow(x_train[0]) 

�
plt.imshow����ɥŪƽưƄƽƸţ �ƷƊͺŨƸţ �ƻǏư �ƓƄƢŭ �ŪƸţſ �ͯǄx_train[0]����ũƃǇƒƸţ ��ŪǏƹƢƬ �ũƃǇƒƴ

��ŪƚƱǁƼ�ǂʭơř�ŪźƕǇƽƸţŏŪǎŤƦƹƸ����ǇǄ�ũƃǇƒƸţ�ƻŶŹ�ƾʨ�ƳƸƁǆ��������������ţĽƀŵ�ƄǏƦƑ�ǇǄǆ�ƷƊͺŧ
Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ɥũƃǇƒƸţ�ǂƂǄ�ŪƼʭơ�ͯǄ�ŤƼ�ǈƄǀ�ŤǀǇơſ�ƾʦţ��

print('The label is:', y_train[0]) 

The label is: [6] 

��ŪǏƽƊŮƸţ�ƾř�ǈƄǀ���ƪƄŹř�ͭƹơ�ʽŖŤǁŧ�ūŤǏƽƊŭ�ͭƸŝ�ƺŤưƃʨţ�ƷǎǇźŭ�ŦǏŭƄŭ�ƻŮǎ�����ŪǎƆǏƹŶǀʪţ�ŪǎƀŶŧʨţ
ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

�
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�ŪǏƽƊŮƸţ��ƻưƄƸţ�

��Z�»���
�Ç�ZÌ����
��Â¨�����
�È�«���
�µY�£���
�\¸¯���
��|¨����
�½Z�u���
�ÈÀÌ¨����
�ÈÀuZ����

ŏƳƸƂƸ����Ɵƀƭƕ�ũƃǇƑ�ŤǅǀŚŧ�ŬƭƑǆ�ǂʭơř�ũƃǇƒƸţ�ƾř�ƶǆƀŶƸţ�ƿƼ�ǈƄǀŪǏƽƊŮƸţ����ũƄƞǀ�̞ƯƹǁƸ���
��ͭƸŝ�ƇƄǅƭƸţ�ƄǏǏƦŭ�ƯǎƄƙ�ƿơ�ũƃǇƒƹƸ�ƄŽŗ�ƶŤŲƼ�ͭƹơ�����ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ɥŪǏǀŤŲƸţ�ũƃǇƒƸţ�

��ƿƼ�˟ʬƀŧ��Ťǁŧ����Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ɥͭƸǆʨţ�ũƃǇƒƸţ����

img = plt.imshow(x_train[1]) 

�
��Ƅǅƞǀ�ŤǀǇơſŪƼʭƢƸţ��ƳƸƂƴ���

print('The label is:', y_train[1]) 

The label is: [9] 

��ƶǆƀŶƸţ�ƺţƀžŮƉŤŧŏƯŧŤƊƸţ����ũƃǇƒƸţ�ǂƂǄ�ƾř�ǈƄǀŪƽƹƢƼ��ŪǁŹŤƍ�Ťǅǀř�ͭƹơ.�
��ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ŤǁƢŵţƃ�ƾř�ƀƢŧ�ƾʦţŏŤǁŧ����ͯŮƸţ�ͭƸǆʨţ�ŪƞŹʭƽƸţ��ŤǅŮŶƸŤƢƼ�ͭƸŝ�ųŤŮźǀ

��ƾř�ͯǄ�ŤǅǎƄŶǀŤǁŭŤǏƽƊŭ����ŸǏƕǇŮƸ��ŦǏŭƄŮƸŤŧ�ŬƊǏƸ�ƶǇƒƭƸţ�ƾʨ�ţƂǄ��ŪŢƬ�ƻưƄƴ�ţĽƀŵ�ũƀǏƭƼ�ŬƊǏƸ
��ǂƂǄŏŪƚƱǁƸţ����ŬǀŤƴ�ţƁŝ�ŤƼ�ƀǎƀźŭ�ƿƼ�ŪǏŨƒƢƸţ�ŤǁŮͺŨƍ�ƿͺƽŮŭ�ƻƸ�ţƁŝ�ůƀźǎ�ţƁŤƼ��˟ʬŤŲƼ�ͯƚƢǀ�Ťǁơſ

��ũƃŤǏƉ�ũƃǇƒƸţŪǏƽƊŮƸţ������ŪǁŹŤƍ�ǆř��ŪǏƽƊŮƸţ������ƘƉǇŮƽƸţ�ƄŨŮƢǀ�ƾř�ŦŶǎ�ƷǄ����Ŧƹͺƴ�ǃƢưǇŮǀǆ
�ŪǏƽƊŮƸţ����ŧ�ŕ�ǃƸ�ͭǁƢƼ�ʬ�ŖͯƎƸţ�ţƂǄ�ƷŲƼ�ƀǏƴŚŮƸŤ.�
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��ƺţƀžŮƉŤŧ�ƶƅŤǁƽƸţ�ƃŤƢƉŚŧ�ŜŨǁŮƹƸ�ͭƸǆʨţ�ŪǏŨƒƢƸţ�ŤǁŮͺŨƍ�ŤǀŚƎǀř�ŏ�ƯŧŤƊƸţ�ƷƒƭƸţ�ͯƬKeras����ŏ

@�ͯŮƼʭơ�ƺţƀžŮƉţ�ƿƼ�Ťǁǁͺƽŭ�ŦŨƉ�ƿơ�ƶŖŤƊŮŭ�ƀư�@�ǆ�>���ƘƱƬ�ƿǏŮŢƬ�ſǇŵǆ�ŦŨƊŧ�ţƂǄ��ƲŤǁǄ�>
�ǁƢƽŧ��ƶŤƽŮŹţ�ǃǀř�ͭƹơ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŴŭŤǀ�ƄǏƊƭŭ�Ťǁǁͺƽǎǆ��ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŴŭŤǀ�ƾŤƴ�ţƁŝ�ŏ�ͭ����

��ŪŨƊǁŧ�ͭƹơř�Ťǅǀř�ƀƱŮƢŭ�Ťǅǀř�ͯǁƢǎ�ţƂǅƬ�ŏ����ƘƉǇŮƼ�ƿƼ�ǚ��ţƂǄ�ƷƽƢǎ�ʬ�ŏ�ƳƸƁ�ƠƼǆ��ƶƆǁƽƸţ�ƄƢƉ
�ƿƼ�ƀŹţǆ�ͭƸŝ�ũƃǇƒƸţ�ͯƽŮǁŭ�ƾř�ƿͺƽǎ�ŰǏŹ�ŏ�ƶŤŲƽƸţ�ţƂǄ�ƷŲƼ�ūŤƱŨƚƸţ�ũſƀƢŮƼ�ūŤǁǎǇƵŭ�ͯƬ���

ŪƭƹŮžƼ�ūŤŢƬ.�
Ƹţ�ƿƼ�ŪŢƬ�Ʒƴ�ƶŤƽŮŹţ�ǇǄ�ŤĽƱŹ�ǂƀǎƄǀ�ŤƼ��ͭƸŝ�ųŤŮźǀ�ŏ�ƳƸƁ�Ʒŵř�ƿƼ��ŪƭƹŮžƽƸţ�ƄƎƢƸţ�ūŤŢƭ����

��ŤǁǎƀƸ�ƾʨ�ţʽƄƞǀ��ŪǏŨƒƢƸţ�ŤǁŮͺŨƍ�ͯƬ�ŪŶŭŤǀ�ūŤǀǇŨƒơ�����ƯŧŤƚŮŭ�ƾř�ŦŶǎ�ŏ�ŪŶŭŤǀ�ŪǏŨƒơ�ŤǎʭŽ
��ƿƼ�ŪơǇƽŶƼ�ͭƸŝ�ŪǏƽƊŮƸţ�ƷǎǇźŮŧ�ƺǇƱǀ�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ��ŤʽƖǎř�ŤǁŭŤǏƽƊŭ������ƄǏƎǎ�ŤǅǁƼ�Ʒƴ�ŏ�ƺŤưƃř

ƹŭ�ͭƸŝ�ͯƽŮǁŭ�ũƃǇƒƸţ�ŬǀŤƴ�ţƁŝ�ŤƼ�ͭƸŝ��ŏͭƸǆʨţ�ŪŢƭƸţ�ͭƸŝ�ͯƽŮǁŭ�ũƃǇƒƸţ�ŬǀŤƴ�ţƁŝ�ƳƸƂƸ��ʬ�ƺř�ŪŢƭƸţ�Ƴ
��ǂƂǄ�ͯƬ�ƶǆʨţ�ƻưƄƸţ�ƾǇͺǏƊƬŪŢƭƸţ�������ǂƂǄ�ͯƬ�ǈƄŽʨţ�ƺŤưƃʨţ�ƠǏƽŵǆŪŢƭƸţ����ƾǇƵŮƉ�ţƂǄ�ͭƽƊǎ����

ƆǏƼƄŭ��(one-hot)��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƶŤŲƽƸţ�ţƂǅƸ�ƷǎǇźŮƸţ�ƶǆƀŵ�ƾǇͺǎǆ�ŏ���

ƆǏƼƄŭ�one-hot��ŪǏƽƊŮƸţ��ƻưƄƸţ�

[1000000000] ��Z�»���

[0100000000]��Ç�ZÌ����

[0010000000]���Â¨�����

[0001000000]��È�«���

[0000100000]��µY�£���

[0000010000]��\¸¯���

[0000001000]���|¨����

[0000000100]��½Z�u���

[0000000010]��ÈÀÌ¨����

[0000000001]��ÈÀuZ����

��ƺƀžŮƉţ�ŏ�ƷǎǇźŮƸţ�ţƂǅŧ�ƺŤǏƱƹƸKeras��ǈƄŽř�ũƄƼ��

from keras.utils import np_utils 
y_train_one_hot = keras.utils.np_utils.to_categorical(y_train, 10) 
y_test_one_hot = keras.utils.np_utils.to_categorical(y_test, 10) 

�ƄƚƊƸţ�ͯǁƢǎy_train_one_hot = keras.utils.np_utils.to_categorical(y_train, 10)�

��ƻưƄŧ �ŪǏƹƑʨţ �ŪƬǇƭƒƽƸţ �ƂŽŚǀ �Ťǁǀřy_train����ͭƸŝ �ŤǅƸǇźǀǆ �ƘƱƬy_train_one_hot����ƳƸƁǆ
��ƆǏƼƄŭ�ƺţƀžŮƉŤŧone_hot��ƻưƄƸţ��������ƃŤŨŽŝ�ƳǏƹơ�ŦŶǎ�ǃǀʨ�ƷƼŤƢƽƴ�ťǇƹƚƼŪƸţƀƸţ����ūŤŢƭƸţ�ſƀƢŧ

ũſǇŵǇƽƸţ���
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��ǆƀŨŭ�ƫǏƴ�ǈƄǀ�ƾř�ƀǎƄǀ�Ťǁǀř�ƓƄŮƭǁƸ�ŏ�ƾʦţŪǏƽƊŭ�����ŪƼʭƢƸţ�ūţƁ�ŪǁŹŤƎƸţ��ŪǏǀŤŲƸţ�ũƃǇƒƸţ���

��ţƂǄ�ͯƬſǇͺƸţ��

print('The one hot label is:', y_train_one_hot[1]) 

The one hot label is: [0. 0. 0. 0. 0. 0. 0. 0. 0. 1.] 

��ūŤƼʭơ�ŤǁŶƸŤơ�ƾř�ƀƢŧ�ƾʦţy��ŤǁŭƃǇƑ�ŪŶƸŤƢƼ�ͯƬ�ŦƥƄǀ�ƀư�ŏ�Ťǁŧ�ŪƑŤžƸţ��x��ũǇƚžƸţ��ŤʽƖǎř��
��ƿǏŧ�ƻǏƱƸţ�ƲƄŭ�ͯǄ�ŤǄƂžŮǀ�ͯŮƸţ�ŪƢšŤƎƸţ�����ǆ�����ţʽƄƞǀ��ŪǏŨƒƢƸţ�ŤǁŮͺŨƍ�Ŧǎƃƀŭ�ͭƹơ�ƀơŤƊǎ�ŤƽƼ�ŏ

��ƿǏŧ�Ťƽ̔Ǐư�ƷƢƭƸŤŧ�ƂŽŚŭ�ŤǁǎƀƸ�ƷƊͺŨƸţ�ƻǏư�ƾʨ�����ǆ�������ŏ��ͭƹơ�ŤǅƽǏƊƱŭ�ͭƸŝ�ŪƙŤƊŨŧ�ųŤŮźǀ�ƿźǁƬ
������

x_train = x_train.astype('float32') 
x_test = x_test.astype('float32') 
x_train = x_train / 255 
x_test = x_test / 255 

ŤǏƹƽơ�� �ͭƸŝ �ƟǇǁƸţ �ƷǎǇźŭ�ǇǄ�ǃŧ �ƺǇƱǀ�ŤƼ �ŏfloat32��ͯƬ�ƻǏƱƸţ �ƿǎƆžŭ�ǃǁͺƽǎ�ūŤǀŤǏŧ �ƟǇǀ�ǇǄǆ�ŏ��
��ͭƹơ�ŪǏƹŽ�Ʒƴ�ƻƊƱǀ�ƻű��ŪǎƄƎƢƸţ�ƃǇƊͺƸţ����ͭƹơ�ũƄƞǀ�ŖŤƱƸŝ�Ƴǁͺƽǎ�ŏ�ƳƸƁ�ͯƬ�ŦƥƄŭ�Ŭǁƴ�ţƁŝ��

��ƻǏưūŤƬǇƭƒƽƸţ����ũƃǇƒƹƸŪǏŨǎƃƀŮƸţ��ŪǏƹžƸţ�ƂǏƭǁŭ�ƯǎƄƙ�ƿơ�ͭƸǆʨţ��

x_train[0] 

array([[[0.23137255, 0.24313726, 0.24705882], 
        [0.16862746, 0.18039216, 0.1764706 ], 
        [0.19607843, 0.1882353 , 0.16862746], 
        ..., 
        [0.61960787, 0.5176471 , 0.42352942], 
        [0.59607846, 0.49019608, 0.4       ], 
        [0.5803922 , 0.4862745 , 0.40392157]], 
 
       [[0.0627451 , 0.07843138, 0.07843138], 
        [0.        , 0.        , 0.        ], 
        [0.07058824, 0.03137255, 0.        ], 
        ..., 
        [0.48235294, 0.34509805, 0.21568628], 
        [0.46666667, 0.3254902 , 0.19607843], 
        [0.47843137, 0.34117648, 0.22352941]], 
 
       [[0.09803922, 0.09411765, 0.08235294], 
        [0.0627451 , 0.02745098, 0.        ], 
        [0.19215687, 0.10588235, 0.03137255], 
        ..., 
        [0.4627451 , 0.32941177, 0.19607843], 
        [0.47058824, 0.32941177, 0.19607843], 
        [0.42745098, 0.28627452, 0.16470589]], 
 
       ..., 
 
       [[0.8156863 , 0.6666667 , 0.3764706 ], 
        [0.7882353 , 0.6       , 0.13333334], 
        [0.7764706 , 0.6313726 , 0.10196079], 
        ..., 
        [0.627451  , 0.52156866, 0.27450982], 
        [0.21960784, 0.12156863, 0.02745098], 
        [0.20784314, 0.13333334, 0.07843138]], 
 
       [[0.7058824 , 0.54509807, 0.3764706 ], 
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        [0.6784314 , 0.48235294, 0.16470589], 
        [0.7294118 , 0.5647059 , 0.11764706], 
        ..., 
        [0.72156864, 0.5803922 , 0.36862746], 
        [0.38039216, 0.24313726, 0.13333334], 
        [0.3254902 , 0.20784314, 0.13333334]], 
 
       [[0.69411767, 0.5647059 , 0.45490196], 
        [0.65882355, 0.5058824 , 0.36862746], 
        [0.7019608 , 0.5568628 , 0.34117648], 
        ..., 
        [0.84705883, 0.72156864, 0.54901963], 
        [0.5921569 , 0.4627451 , 0.32941177], 
        [0.48235294, 0.36078432, 0.28235295]]], dtype=float32) 

��ͯƬ�ſƃţǇƸţ�ƶŤŲƽƸţ�ƈƵơ�ͭƹơ��ũƀŹţǆ�ƃŤŨŮŽţ�ŪơǇƽŶƼǆ�ũƀŹţǆ�Ŧǎƃƀŭ�ŪơǇƽŶƼ�ŤǁǎƀƸ�ƾʦţ�ͭŮŹ
��ţƂǅƸ�ƃŤƒŮŽţ�ƀŵǇǎ�ŰǏŹ�ŏ�ŤʽƼƀƱƼ�Ťǁŧ�ŪƑŤžƸţ�ƯƱźŮƸţ�ŪơǇƽŶƼ�ƻǏƊƱŮŧ�ƺǇƱǀ�ʬ�ŏ�ƯŧŤƊƸţ�ƷƒƭƸţ

ŤĽƱŹʬ�ǃƽǎƀƱŮŧ�ƺǇƱǁƉ���
��ƀǎƀźŭ �˟ʬǆř �ŤǁǏƹơ �ŦŶǎ�ŏ �ƯŧŤƊƸţ �ƶŤŲƽƸţ �ƃţƄƥ �ͭƹơŪǎƃŤƽƢƼ�����Ťǁŧ �ŪƑŤžƸţ �ųƁǇƽǁƸţ�ŪǎƃŤƽƢƼ��

CNN��ͯƹǎ�Ťƽƴ�ͯǄ�ŤǅǏǁŨǁƉ�ͯŮƸţ��

�
��ƻǏưǆūʭƼŤƢƼ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƐžƹŮŭ�ǂʭơř�ũƃǇƴƂƽƸţ�ŪǎƃŤƽƢƽƸţ��

x Conv Layer (32 Filter size 3ൈ3) 
x Conv Layer (32 Filter size 3ൈ3) 
x Max Pool Layer (Filter size 2ൈ2) 
x Dropout Layer (Prob of dropout 0.25) 
x Conv Layer (64 Filter size 3ൈ3) 
x Conv Layer (64 Filter size 3ൈ3) 
x Max Pool Layer (Filter size 2ൈ2)�� 
x Dropout Layer (Prob of dropout 0.25) 
x FC Layer (512 neurons) 
x Dropout Layer (Prob of dropout 0.5) 
x FC Layer, Softmax (10 neurons) 

��ǂƂǄ�ǌǇŮźŭŪǎƃŤƽƢƽƸţ���ƿƼ�ŪǏǁŨƼ�Ťǅƹƴ�ŤǅǁͺƸ�ŏ��ƷŨư�ƿƼ�ǂŤǁǎřƃ�ŤƽƼ�ƄŲƴř��ūŤƱŨƚƸţ�ƿƼ�ƄǏŲͺƸţ�ͭƹơ
�ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƿƼ�ƘƱƬ�ƀŹţǆ�ƄƚƊŧ�ŪƱŨƙ�Ʒƴ�ŖŤƎǀŝ�ƻŮǎ�ŏ�ƳƸƁ�ƠƼǆ��ƷŨư�ƿƼ�ŤǄŤǁǎřƃ�ƻǏǄŤƭƼ
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��ŪƭǏƝǆ�ƾř �ƜŹʬ��ƯƹƱƹƸ �ͯơţſ �ʬǆsoftmax����ŪƙŤƊŨŧ �ƺǇƱŭ��ͭƸŝ �ŪƱŧŤƊƸţ �ŪƱŨƚƸţ �ųţƄŽŝ �ƷǎǇźŮŧ

Ťǁŧ�ŪƑŤžƸţ�ƫǏǁƒŮƸţ�ŪƹͺƎƽƸ�ǂƀǎƄǀ�ŤƼ�ǇǄǆ�ŏ�ŪƹƽŮźƼ�ūŤƢǎƅǇŭ���
ŪŶƼƄŨƸ����ųƁǇƽǀ�ƺƀžŮƊǁƉ�ŏ�ţƂǄKeras����ƿƼ�ƀǎƀƢƸţ�ŤǁǎƀƸ�ƾʨ�ţʽƄƞǀ�ŏ�ƳƸƁ�ƠƼǆ��ƷƊƹƊŮƽƸţ

�ƿͺƽŮŭ�ͭŮŹ�ţʽƄƚƉ�ţʽƄƚƉ�ſǇͺƸţ�ƄŨơ�Ƅƽǀ��ƷƊƹƊŮƹƸ�ũƀǎƀŵ�ŪƱǎƄƙ�ƺƀƱǀ�ŤǁǀŞƬ�ŏ�ŤǁŵƁǇƽǀ�ͯƬ�ūŤƱŨƚƸţ
ŤǅŵŤŮźǀ�ͯŮƸţ�ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƔƢŧ�ƶŤŽſŞŧ�ƺǇƱǀ�˟ʬǆř��ƘŨƖƸŤŧ�ǃƹƢƭǀ�ŤƼ�ŪƢŧŤŮƼ�ƿƼ��

from keras.models import Sequential 
from keras.layers import Dense, Dropout, Flatten, Conv2D, MaxPooling2D 

ƣƃŤƬ�ͯƹƊƹƊŭ�ųƁǇƽǀ�ŖŤƎǀŞŧ�ƺǇƱǀ�ƻű��

model = Sequential() 

��ƷͺƎƸţ�ƿƼ�ƄƴƂŮŭ�Ŭǁƴ�ţƁŝ��ͭƸǆʨţ�ŪƱŨƚƸţ��ũƄƼ�Ʒƴ�ͯƬ�ƣƃŤƭƸţ�ųƁǇƽǁƸţ�ţƂǄ�ͭƸŝ�ũƀŹţǆ�ŪƱŨƙ�ƫǏƖǀ
��ŪƱŨƙ�ͯǄ��ƯŧŤƊƸţƪŤƭŮƸʬţ����ƻŶŹ�ƠƼƄŮƹƬ���������ũǇƚžƸţ�ƻŶŹǆ�ŏ�����Ưƽơǆ����ŤǅƊƭǀ�ͯǄ�ŪƱŨƚƸţ��

��ǇǄ�ƘƎǁƽƸţǆ�relu�����ūŤƱŨƙ�ƠǏƽŵ�ͭƹơ�ƾŤƱŨƚǁǎ �ƾŤǁǎǇƵŮƸţ �ƾţƂǄ�CNN�Ťǁơſ�ŏƳƸƁ�ƠƼǆ���
ſƀźǀ���ŨƚƸţ��ͭƸǆʨţ�ŪƱſǇͺƸŤŧ��ͯƸŤŮƸţ���

model.add(Conv2D(32, (3, 3), activation='relu', padding='same', 
input_shape=(32,32,3))) 

��ţƂǄ �ǃƹƢƭǎ �ŤƼſǇͺƸţ����ƺţƀžŮƉŤŧ �ƣƃŤƭƸţ �ƷƊƹƊŮƽƸţ �ŤǁŵƁǇƽǀ �ͭƸŝ �ŪƱŨƚƸţ �ǂƂǄ �ŪƬŤƕŝ �ǇǄ�ŪƸţƀƸţ��
model.add() �������ŏ�ƶǆʨţ�ƻưƄƸţ������ſƀơ�ͭƸŝ�ƄǏƎǎ�ŏƄŭʭƭƸţ��ƺŤưƃʨţ�ƿƼ�ͯƸŤŮƸţ�ųǆƆƸţ���ŏ���ƄǏƎǎ��

��ƓƄơ�ͭƸŝƻŶŹǆ��ƄŮƹƭƸţ��ǇǄǆ�ƘǏƎǁŮƸţ�ſƀźǀ�ƻű��'relu����ŪƱŨƚƸţǆ'same'�ſƀźǀ�ƻƸ�Ťǁǀř�ƜŹʬ��
ŏ �ũǇƚŽ����ƾʨ�ţƂǄstride=1����ͯƬ �ŦƥƄǀ �ƻƸ �ŤƼ �ǂƀǎƀźŭ�ͭƸŝ �ŪŵŤźŧ�ŤǁƊƸǆ�ͯƕţƄŮƬţ �ſţƀơŝ �ͯǄ

ƄƴƂŮŭ�Ŭǁƴ�ţƁŝ��ǂƄǏǏƦŭ����ǌǇŮźŭ�ʬ��ͭƸǆʨţ�ŤǁŮƱŨƚƸ�ƶŤŽſʪţ�ƻŶŹ�ƀǎƀźŭ�ͭƸŝ�ŤʽƖǎř�ŪŵŤźŧ�ƿźǁƬ�ŏ
��ųţƄŽʪţ�ƻŶŹ�ƿƼ�ƶŤŽſʪţ�ƻŶŹ�ųŤŮǁŮƉţ�Ťǅǁͺƽǎ�ŰǏŹ�ŏ�ūŤƭƑţǇƽƸţ�ǂƂǄ�ͭƹơ�ŪƱŹʭƸţ�ūŤƱŨƚƸţ
�ƶŤŽſʪţ�ƻŶŹ�ƀǎƀźŭ�ͭƸŝ�ųŤŮźǀ�ʬ��ǇźǁƸţ�ţƂǄ�ͭƹơ�ſǇͺƸţ�ͯƬ�ŪǏǀŤŲƸţ�ŪƱŨƚƸţ�ǆƀŨŭ��ŪƱŧŤƊƸţ�ŪƱŨƚƹƸ��

model.add(Conv2D(32, (3, 3), activation='relu', padding='same')) 

��ŪƱŨƙ�ͯǄ�ŪǏƸŤŮƸţ�ŪƱŨƚƸţ��ƀŹƠǏƽŶŮƸţ�ƿƼ�ͭƒưţ����ƻŶźŧƠǏƽŶŭ��������������ƿǏŭǇƚŽǆ��ƻŶźƸţ��ͯƕţƄŮƬʬţ
Ƹ��ŪƱŨƚ�ƠǏƽŶŮƸţ�ƿƼ�ƀŹ�ͭƒưţ���ǇǄ�����������ƀǎƀźŭ�ͭƸŝ�ųŤŮźǀ�ʬ�ƳƸƂƸ�ŏ��ǂƂǄũǇƚžƸţ��

model.add(MaxPooling2D(pool_size=(2, 2))) 

��ŪƱŨƙ�ƫǏƖǀ�ŏ�ţʽƄǏŽřƸţƪƂź��ͯšţǇƎƢƸţ����ƶŤƽŮŹţ�ƠƼ��������ƠǁƽƸoverfitting���

model.add(Dropout(0.25)) 

ŤĽƱŹ�ŪǅŧŤƎŮƼ�ŪǏƸŤŮƸţ�Ơŧƃʨţ�ūŤƱŨƚƸţ�ǆƀŨŭ��ſǇͺƸţ�ƠƼ�ūŤƱŨƙ�Ơŧƃř�ƶǆř�ŖŤƎǀŞŧ�Ťǁƽư�ƾʦţ��

model.add(Conv2D(64, (3, 3), activation='relu', padding='same')) 
model.add(Conv2D(64, (3, 3), activation='relu', padding='same')) 
model.add(MaxPooling2D(pool_size=(2, 2))) 
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model.add(Dropout(0.25)) 

�ͭƸŝ�ųŤŮźǀ�ŏ�ţʽƄǏŽřŪŶƼƄŧ��Ƹţ�ͯƬ�ƶŤŲƽƸţ�ͯƬ�ǂŤǁƹƢƬ�ŤƼ�ǃŨƎǎ�ŤƼ�ǇǄǆ�ŏ�ƷƼŤͺƸŤŧ�ŪƹƒŮƽƸţ�ŪƱŨƚƸţ��Ʒƒƭ
���ƫƑ�ƿƼ�˟ʬƀŧ�ŦƢͺƼ�ͯƬ�ŤǁǎƀƸ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ŦǏŭƄŭ�ƻŮǎ�ŏ�ŪƹŹƄƽƸţ�ǂƂǄ�ͯƬ�ŏ�ƳƸƁ�ƠƼǆ��ƯŧŤƊƸţ
�˟ʬǆř�ƺǇƱǀ�ƾř�ŦŶǎ�ŏ�ƀŹţǆ�ƫƑ�ͯƬ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ƿƼ�ŦƢͺƽƸŤŧ�ǃǏŨƎƸţ�ƷͺƎƸţ�ţƂǄ�ƠƕǇƸ

��ŪƱŨƙ�ŪƬŤƕŝ�ƯǎƄƙ�ƿơ�ƳƸƂŧ�ƺǇƱǀ��ǃŮǎǇƊŮŧFlatten��

model.add(Flatten()) 

��Ťǅŧ�ƷƼŤͺƸŤŧ�ŪƹƒŮƼ�ŪƱŨƙ�ŖŤƎǀŝ�ͭƸŝ�ŪŵŤźŧ�ƿźǀ�ŏ�ƾʦţ�������ŪǏŨƒơ�ŪǏƹŽƘǏƎǁŮƸţ�ŪƸţſǆ��relu��

model.add(Dense(512, activation='relu')) 

��ƶŤƽŮŹŤŧ�ƄŽŗ�ŤʽǏšţǇƎơ�ŤĽƬƂŹ�ƫǏƖǀ�ƻű������

model.add(Dropout(0.5)) 

��ŪƹƒŮƼ�ŪƱŨƙ�ŖŤƎǀŞŧ�Ťǁƽư�ŏ�ţʽƄǏŽř��ƷƼŤͺƸŤŧ��Ťǅŧ������ŪǏŨƒơ�ŤǎʭŽƘǏƎǁŮƸţ�ŪƸţſǆ��softmax��

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

��ŖŤǁŧ�ƿƼ�ƾʦţ�ŖŤǅŮǀʬţ�ƻŭŤǁŮǎƃŤƽƢƼ��ƐžƹƼ�ŪǎśƄƸ�ŏ�ƾʦţ��ŪǎƃŤƽƢƽƹƸ���ſǇͺƸţ�ƷǏƦƎŮŧ�ƺǇƱǀ�ŏ�ŪƹƼŤͺƸţ
ͯƸŤŮƸţ���

model.summary() 

Model: "sequential" 
_________________________________________________________________ 
Layer (type)                Output Shape              Param # 
================================================================= 
conv2d (Conv2D)             (None, 32, 32, 32)        896 
 
conv2d_1 (Conv2D)           (None, 32, 32, 32)        9248 
 
max_pooling2d (MaxPooling2D)  (None, 16, 16, 32)       0 
 
max_pooling2d_1 (MaxPooling2D) � (None, 8, 8, 32)         0 
 
 
dropout (Dropout)           (None, 8, 8, 32)          0 
 
flatten (Flatten)           (None, 2048)              0 
 
dense (Dense)               (None, 512)               1049088 
 
dropout_1 (Dropout)         (None, 512)               0 
 
dense_1 (Dense)             (None, 10)                5130 
 
================================================================= 
Total params: 1,064,362 
Trainable params: 1,064,362 
Non-trainable params: 0 
_________________________________________________________________ 

��ƺţƀžŮƉŤŧ�ųƁǇƽǁƸţ�ƠǏƽŶŮŧ�ƺǇƱǀ�ŏ�ƳƸƁ�ƀƢŧŪǏƸŤŮƸţ�ūţſţƀơʬţ��

model.compile(loss='categorical_crossentropy', 
              optimizer='adam', 
              metrics=['accuracy']) 
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��ͭƽƊŭŪƸţſ��ŚƚžƸţ��ŪƢƙŤƱŮƽƸţ �ŤǏŧǆƄŮǀʬţ �ŪŢƬ �ŤǅƼƀžŮƊǀ �ͯŮƸţ��'categorical_crossentropy'���

��ǇǄ�ŤǁǄ�ŤǁǎƀƸ�ƿƊźƽƸţadamŤǁŵƁǇƽǀ�Ūưſ�ƠŨŮŭ�ƀǎƄǀ�ŏ�ţʽƄǏŽř��.��
��ŴƼŤǀƄŧ�ƷǏƦƎŮƸ�ƾʦţ�ŬưǇƸţ�ƾŤŹŦǎƃƀŭ��ƸţųƁǇƽǁ��

hist = model.fit(x_train, y_train_one_hot,  
           batch_size=32, epochs=20,  
           validation_split=0.2) 

��ƿƼ�ūŤƢƬſ�ƺŤŶŹŚŧ�ŤǁŵƁǇƽǀ�ŦǎƃƀŮŧ�ƺǇƱǀ������ǆ������ͯƬ�ŤĽƬʭŮŽţ�ŬƞŹʬ�ƷǄ�ŏ�ƳƸƁ�ƠƼǆ��ũƃǆſ
��ſţƀơʪţ�ƺƀžŮƊǀ�ŕſǇͺƸţvalidation_split = 0.2����ƿƼ�˟ʬƀŧvalidation_data��ţƂǄ�ƺţƀžŮƉŤŧ��

��ŪơǇƽŶƼǆ�Ŧǎƃƀŭ�ŪơǇƽŶƼ�ͭƸŝ�Ťǁŧ�ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƻǏƊƱŭ�ͭƸŝ�ųŤŮźǀ�ʬ�ŏ�ƃŤƒŮŽʬţ
��ŪƼƀžŮƊƽƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƃţƀƱƼ�ŪƙŤƊŨŧ�ſƀźǀ�ŏ�ƳƸƁ�ƿƼ�˟ʬƀŧ��ŪǎţƀŨƸţ�ͯƬ�ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ

��ƺţƀžŮƉţ�ƻŮǎ�ŏ�ŪƸŤźƸţ�ǂƂǄ�ͯƬ��ŪźƒƸţ�ƿƼ�ƯƱźŮƸţ�ŪơǇƽŶƽƴ��ŶƼ�ƿƼ�ǚ��ŪƑŤžƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽ
ŦǎƃƀŮƸţ�řƀŨǎ�ųƁǇƽǁƸţ�ƾř�ǈƄŮƉǆ�ŪǏƹžƸţ�ƷǏƦƎŮŧ�ƻư��ƯƱźŭ�ŪơǇƽŶƽƴ�Ťǁŧ���

Epoch 1/20 
1250/1250 [==============================] - 27s 14ms/step - loss: 1.4824 - accuracy: 0.4623 - val_loss: 1.1698 - 
val_accuracy: 0.5885 
Epoch 2/20 
1250/1250 [==============================] - 17s 14ms/step - loss: 1.1323 - accuracy: 0.6000 - val_loss: 1.0689 - 
val_accuracy: 0.6276 
Epoch 3/20 
1250/1250 [==============================] - 17s 13ms/step - loss: 0.9810 - accuracy: 0.6534 - val_loss: 0.9494 - 
val_accuracy: 0.6725 
Epoch 4/20 
1250/1250 [==============================] - 17s 14ms/step - loss: 0.8859 - accuracy: 0.6900 - val_loss: 0.9151 - 
val_accuracy: 0.6828 
Epoch 5/20 
1250/1250 [==============================] - 18s 15ms/step - loss: 0.8015 - accuracy: 0.7171 - val_loss: 0.9117 - 
val_accuracy: 0.6802 
Epoch 6/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.7203 - accuracy: 0.7469 - val_loss: 0.8959 - 
val_accuracy: 0.6874 
Epoch 7/20 
1250/1250 [==============================] - 17s 14ms/step - loss: 0.6486 - accuracy: 0.7709 - val_loss: 0.8811 - 
val_accuracy: 0.7066 
Epoch 8/20 
1250/1250 [==============================] - 17s 14ms/step - loss: 0.5960 - accuracy: 0.7902 - val_loss: 0.9053 - 
val_accuracy: 0.7055 
Epoch 9/20 
1250/1250 [==============================] - 17s 13ms/step - loss: 0.5312 - accuracy: 0.8129 - val_loss: 0.9100 - 
val_accuracy: 0.6982 
Epoch 10/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.4887 - accuracy: 0.8262 - val_loss: 0.9183 - 
val_accuracy: 0.7077 
Epoch 11/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.4483 - accuracy: 0.8415 - val_loss: 0.9454 - 
val_accuracy: 0.7083 
Epoch 12/20 
1250/1250 [==============================] - 17s 13ms/step - loss: 0.4195 - accuracy: 0.8514 - val_loss: 1.0072 - 
val_accuracy: 0.7062 
Epoch 13/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.3889 - accuracy: 0.8625 - val_loss: 0.9655 - 
val_accuracy: 0.7089 
Epoch 14/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.3591 - accuracy: 0.8764 - val_loss: 1.0041 - 
val_accuracy: 0.7042 
Epoch 15/20 
1250/1250 [==============================] - 17s 13ms/step - loss: 0.3372 - accuracy: 0.8814 - val_loss: 1.0220 - 
val_accuracy: 0.7133 
Epoch 16/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.3242 - accuracy: 0.8868 - val_loss: 1.0927 - 
val_accuracy: 0.7041 
Epoch 17/20 
1250/1250 [==============================] - 23s 18ms/step - loss: 0.3053 - accuracy: 0.8925 - val_loss: 1.0579 - 
val_accuracy: 0.7046 
Epoch 18/20 
1250/1250 [==============================] - 18s 14ms/step - loss: 0.2917 - accuracy: 0.8990 - val_loss: 1.0833 - 
val_accuracy: 0.7061 
Epoch 19/20 
1250/1250 [==============================] - 17s 14ms/step - loss: 0.2825 - accuracy: 0.9014 - val_loss: 1.0957 - 
val_accuracy: 0.7165 
Epoch 20/20 



 137 ·Y�¶�¨��]Y�·Y���ÈÌ^� ·Y�È°^�·Y�ÈÌ§Z¨f·ÓY�

 
1250/1250 [==============================] - 17s 14ms/step - loss: 0.2700 - accuracy: 0.9064 - val_loss: 1.0855 - 
val_accuracy: 0.7131 

��ţƂǄ�ƺţƀžŮƉţ�Ťǁǁͺƽǎ�ŏ�ŦǎƃƀŮƸţ�ƿƼ�ŖŤǅŮǀʬţ�ƀƢŧſǇͺƸţ���ŏͭƸǆʨţ�ŪǏŨƒƢƸţ�ŤǁŮͺŨƍ�ŖŤǁŧ�ͯƬ�ǂŤǁǎřƃ�ǌƂƸţ�ŏ
ŸǏƕǇŮƸ��ŚƚŽ����ŪźƒƸţ�ƿƼ�ƯƱźŮƸţǆ�ŦǎƃƀŮƸţſƀƢƸ�ŪŨƊǁƸŤŧ��ūţƃǆƀƸţ��

plt.plot(hist.history['loss']) 
plt.plot(hist.history['val_loss']) 
plt.title('Model loss') 
plt.ylabel('Loss') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='upper right') 
plt.show() 

�
ŪưƀƸţ�ŸǏƕǇŭ�ŤʽƖǎř�Ťǁǁͺƽǎ��

plt.plot(hist.history['loss']) 
plt.plot(hist.history['val_loss']) 
plt.title('Model loss') 
plt.ylabel('Loss') 
plt.xlabel('Epoch') 
plt.legend(['Train', 'Val'], loc='upper right') 
plt.show() 

�
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��ŤƽƴŸƖŮǎ����ŏ��ƾţ��ųƁǇƽǁƸţoverfitting��ƿƼ�ƀǎƀƢƸţ�ŪŧƄŶŭǆ�ũſǇƢƸŤŧ�ͯƑǆř�ŏ�ŪƹŹƄƽƸţ�ǂƂǄ�ͯƬ��

ūʭƼŤƢƽƸţ����ƄǏǏƦŭ �ƷŲƼŪǎƃŤƽƢƽƸţ���Ƴǁͺƽǎ �ƾŤƴ�ţƁŝ �ŤƼ �ŪƬƄƢƽƸ �ŪǏŨǎƃƀŮƸţ �ūţƃǆƀƸţ �ſƀơ �ƄǏǏƦŭ �ǆř
Ūưſ�ͭƹơ�ƶǇƒźƸţ�� val���ǃƽǏǏƱŭ�Ƴǁͺƽǎ�ŏ�Ƴŧ�ƏŤžƸţ�ųƁǇƽǁƸţ�ƿơ�ŤƕƄƸŤŧ�ƄƢƎŭ�ƾř�ſƄŶƽŧ��ƷƖƬř

ƃŤŨŮŽʬţ�ŪơǇƽŶƼ�ͯƬ��

model.evaluate(x_test, y_test_one_hot)[1] 

313/313 [==============================] - 2s 5ms/step - loss: 1.1410 - accuracy: 0.6924 
0.6923999786376953 

ͯšţǇƎƢƸţ�ƿǏƽžŮƸţ�ƿƼ�ƷƖƬř�ƷͺƎŧ�ƷƽƢǎ�ǇǅƬ�ŏ�ƳƸƁ�ƠƼǆ��ŪǎŤƦƹƸ�ƶŤƢƬ�ƄǏƥ�ųƁǇƽǁƸţ�ŏ�ŸƖŮǎ�Ťƽƴ���
Ǉƽǀ�ͯǁŨŭ�Ƴǀř�ƓţƄŮƬŤŧ��ť́ƃƀƽƸţ�ƳŵƁǇƽǀ�ƜƭŹ�ͯƬ�ŦƥƄŭ�ƀư�ŏ�ŪƹŹƄƽƸţ�ǂƂǄ�ͯƬ�ƀǏŵ�ŤʽŵƁ

��ƯǏưſ�ƘŨƕ�ƠƼ�ŖţſʨţūʭƼŤƢƽƹƸ����ͭƽƊǎ�ƫƹƼ�ͯƬ�ųƁǇƽǁƸţ �ƿǎƆžŭ�ƻŮǎ ���ŪƱšŤƭƸţHDF5���ƠƼ�
��ſţƀŮƼʬţh5ŪǏŶƼƄŨƸţ�ūŤƽǏƹƢŮƸţ�ƿƼ�ƄƚƊƸţ�ţƂǅŧ�ŤǁŵƁǇƽǀ�Ɯƭźǀ�����

model.save('my_cifar10_model.h5') 

��ƄƚƉ�ƺƀžŮƉţͯƸŤŮƸţ�ſǇͺƸţ��ƷŨƱŮƊƽƸţ�ͯƬ�ƛǇƭźƽƸţ�ųƁǇƽǁƸţ�ƷǎƆǁŭ�ƀǎƄŭ�Ŭǁƴ�ţƁŝ�ţƂǄ���

from keras.models import load_model 
model = load_model('my_cifar10_model.h5') 

��ŪͺŨƍ�ƶǆř�ŤǀŚƎǀř�ŏ�ƃŤƒŮŽŤŧCNN����ųƁǇƽǀ�ŤǁƼƀžŮƉţ�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ��ƃǇƒƹƸ�ƫǁƒƼ�ŖŤƎǀʪ�ŤǁǎƀƸ
Keras Sequential����ŤǅŨǎƃƀŭǆ �ŪǏǁŨƸţ �ƀǎƀźŮƸ��ŤǅŮŶƸŤƢƽŧ �Ťǁƽư �ͯŮƸţ �ūŤǀŤǏŨƸţ �ūŤơǇƽŶƼ �ͭƹơ

��ƾǆſ�ƃǇƒƸţ�ƫǏǁƒŮƸ�ŤĽƱŹʬ�ǃƼţƀžŮƉţ�ƿƼ�ƿͺƽŮǀ�ͭŮŹ�ŤǁŵƁǇƽǀ�Ɯƭźŧ�ŤʽƖǎř�Ťǁƽư�ƀƱƸ��ƷƢƭƸŤŧ
ųƁǇƽǁƸţ�Ŧǎƃƀŭ�ũſŤơŝ�ͭƸŝ�ŪŵŤźƸţ� 

�ʽŖŤǁŧ��ũƃǇƑ�ƷǎƆǁŮŧ�ƻư�ŏ�ƳƸƂŧ�ƺŤǏƱƹƸ��ŤǀƃǇƑ�ͭƹơ�ǃŧƄŶǀ�Ťǁơſ�ŏ�ųƁǇƽǀ�ŤǁǎƀƸ�ŸŨƑř�ƾř�ƀƢŧ�ƾʦţ
��ƀƹŶƼ �ƈƭǀ �ͯƬ �ŤǅƢƕǆ �ŬǀƄŮǀʪţ �ƿƼ ��ƄƎƢƸţ �ūŤǀŤǏŨƸţ �ūŤơǇƽŶƼ �ūŤŢƬ �ƿƼ �ũƀŹţǆ �ͭƹơ

notebookǂŤǀſř�ŪƚƱƸţ�ũƃǇƑ�ƺƀžŮƊǀ�����

�
ƫƹƼ��ũƃǇƒƸţ����ǇǄcat.jpg��ƫƹƼ�ƾʦţ�řƄƱǀ���JPEG���ţƂǄƷƊͺŨƸţ�ƻǏư�ƿƼ�ŪơǇƽŶƽƴ��

my_image = plt.imread("cat.jpg") 
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��ƻŶŹ�ƄǏǏƦŭ�ǇǄ�ǃŧ�ƺŤǏƱƸţ�ŤǁǏƹơ�ƿǏƢŮǎ�Ŗͯƍ�ƶǆřƸţ��ũƃǇƒƸţ��ͯƬ�ŤǅƢƕǆ�ƿƼ�ƿͺƽŮǀ�ͭŮŹ�ŤǁǎƀƸ�ŪƚƱ

��ƶŤŽſʪţ �ƻŶŹ��ŤǁŵƁǇƽǀ�����������������ƿƼ�˟ʬƀŧ ���ŪŶƼƄŧ���ŪƸţſ���Ťǁơſ�ŏ �ŤǁƊƭǀŚŧ �ƻŶźƸţ �ƄǏǏƦŭ
���ͭƽƊŭ�ŪƼƆŹ�ƺƀžŮƊǀscikit-imageƳƸƂŧ�ƺŤǏƱƸţ�ͯƬ�ŤǁŭƀơŤƊƽƸ����

from skimage.transform import resize 
my_image_resized = resize(my_image, (32,32,3)) 

��ŤǁǁͺƽǎŪǎśƃ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŤǅƽŶŹ�ƄǏǏƦŭ�ƻŭ�ͯŮƸţ�ŤǁŭƃǇƑ���

img = plt.imshow(my_image_resized) 

�
��ƿǏŧ�ƷƢƭƸŤŧ�ŤǅƉŤǏư�ƻŭ�ƷƊͺŧ�ƻǏư�ͭƹơ�ǌǇŮźǎ�ŤǅƽŶŹ�ƄǏǏƦŭ�ƻŭ�ͯŮƸţ�ũƃǇƒƸţ�ƻŶŹ�ƾř�ƜŹʬ���ǆ

�����ŴƼŤǀƄŨƸţ�ũƃǇƒƸ�ŤĽƱŧŤƉ�Ťǅŧ�Ťǁƽư�ͯŮƸţ�ŪƱŨƊƽƸţ�ŪŶƸŤƢƽƸţ�ūţǇƚŽ�ƯǏŨƚŭ�ͭƸŝ�ųŤŮźǀ�ʬ�ƳƸƂƸ�ŏ
ƸţǍŨǎƃƀŮ����ſǇͺƸţ�ƺţƀžŮƉŤŧ�ŏ�ƾʦţ��Ťǁŧ�ŪƑŤžƸţmodel.predict���ŤǁŵƁǇƽǀ�ŴŭŤǀ�ǆƀŨǏƉ�ƫǏƴ�ǈƄǀ�ŏ

Ūƚư�ũƃǇƑ�ŤǁšŤƚơŝ�ƀǁơ�ťƃƀƽƸţ���

import numpy as np 
probabilities = model.predict(np.array( [my_image_resized,] )) 

��ŴŭŤǀ�ǇǄ�ǂʭơř�ſǇͺƸţ�ŴŭŤǀ������ƠǎƅǇŮŧ�ŪƚŨŭƄƼ�ŪǏŨƒơ�ŤǎʭŽ�Ťǁƽư�ţƁŝ��ūŤŢƭƸţ�ͭƹơ�ūʬŤƽŮŹʬţ
ŤǁǎƀƸ�ƾǇͺǏƉ�ŏ�ŪǏƹžƸţ�ƷǏƦƎŮŧ���

probabilities 

array([[2.6720341e-02, 3.1344647e-05, 1.5095539e-01, 3.8518414e-01, 
        3.3354717e-03, 3.2324010e-01, 5.1648129e-02, 5.7933435e-02, 
        9.2716294e-04, 2.4454062e-05]], dtype=float32) 

��ƫƚŮƱƼ�ƂǏƭǁŮŧ�ƻưſǇͺƸţ��ŪƸǇǅƊŧ�ųƁǇƽǁƸţ�ūŤƢưǇŭ�ũŖţƄƱƸ�ͯƸŤŮƸţ��
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number_to_class = ['airplane', 'automobile', 'bird', 'cat', 'deer', 'dog', 'frog', 
'horse', 'ship', 'truck'] 
index = np.argsort(probabilities[0,:]) 
print("Most likely class:", number_to_class[index[9]], "-- Probability:", 
probabilities[0,index[9]]) 
print("Second most likely class:", number_to_class[index[8]], "-- Probability:", 
probabilities[0,index[8]]) 
print("Third most likely class:", number_to_class[index[7]], "-- Probability:", 
probabilities[0,index[7]]) 
print("Fourth most likely class:", number_to_class[index[6]], "-- Probability:", 
probabilities[0,index[6]]) 
print("Fifth most likely class:", number_to_class[index[5]], "-- Probability:", 
probabilities[0,index[5]]) 

Most likely class: cat -- Probability: 0.31140402 
Second most likely class: horse -- Probability: 0.296455 
Third most likely class: dog -- Probability: 0.1401798 
Fourth most likely class: truck -- Probability: 0.12088975 
Fifth most likely class: frog -- Probability: 0.078746535 
��ţƂǄ�ŏ�ƳƸƁ�ƠƼǆ��Ūƚư�ũƃǇƑ�ƠưţǇƸţ�ͯƬ�ŬǀŤƴ�ŪƹŽƀƽƸţ�ũƃǇƒƸţ�ƾř�Ūưƀŧ�ųƁǇƽǁƸţ�ƠưǇŭ�ŏ�ǈƄŭ�Ťƽƴ
�ţƂǄ�ͯƚƦǎ��ǃǁƼ�ƄǏŲͺƸţ�ƠưǇŮŭ�ƾř�ŦŶǎ�ʬ�ƳƸƂƸ�ŏ�ţĽƀŵ�ŪƖƭžǁƼ�ǃŮưſǆ�ŤǁǎƀƸ�ųƁǇƽǀ�ƷƖƬř�ƈǏƸ

��ūŤͺŨƍ�ūŤǏƉŤƉř�ƶŤŲƽƸţCNN���ͅ ƽǎ�ŏ�ƿǎƄƽŮƴ��ţĽƀŵ�ŪƚǏƊŧ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ͯƬ�ƘƱƬ�ŖŤǁŧ�Ƴǁ
ŴšŤŮǁƸţ�ŪǀƃŤƱƼǆ�ǂƂǄ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ�ǈƄŽř�ųƁŤƽǀ���

� ��ũƀŹţǆ�ŪƱŨƙ�ͯƬ�ŪƬǇƭƒƽƸţ�ŪƭơŤƖƼ�ƿƼ�˟ʬƀŧ�ƪŤƭŮƸʬţ�ŪǏƬŤƭŮƸʬţ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƺƀžŮƊŭ
�ŤǅŭŤƱŨƙ�ƿƼ�Ʒưʨţ�ͭƹơ�� 

� �ƆǏƽƸţ�ƀǎƀźŭ�ǌſŜǎ��ūţ��ƯǏŨƚŭ�ƶʭŽ�ƿƼ�ƄŭʭƭƸţ����ŪƚǎƄŽ�ųŤŮǀŝ�ͭƸŝūţƆǏƽƸţ�� 
� ��ųţƄžŮƉţ �ŪƱŨƙ �ƻƉŤŧ �ŤʽƖǎř �ƪŤƭŮƸʬţ �ŪƱŨƙ �ͭƸŝ �ƃŤƎǎ�ūţƆǏƽƸţ��ƐšŤƒŽ�ųţƄžŮƉţ �ƻŮǎ �ǃǀʨ ��

�ŪƱŨƚƸţ�ǂƂǄ�ͯƬ�ũƃǇƒƸţ�� 

1� ��ͯǄ�ŤƼ�ŪǎƃŤƽƢƽƸţ����ŪͺŨƎƹƸ�ŪƼŤƢƸţ�ŪǏƬŤƭŮƸʬţ�ŕ 
2� ��ūŤͺŨƎƹƸ�ŪűʭŲƸţ�ũƆǏƽƽƸţ�ūŤƽƊƸţ�ͯǄ�ŤƼ�ŪǏƬŤƭŮƸʬţ�ŕ 
3� ��ŪƱŨƙ�ŖţƆŵř�ͯǄ�ŤƼ�ƪŤƭŮƸʬţ�ŕ 
4� ��ƺţƀžŮƉţ�ƀšţǇƬ�ͯǄ�ŤƼ�ŕƪŤƭŮƸʬţ 
5� ��ŪƱŨƙ�ƃǆſ�ǇǄ�ŤƼ�ƠǏƽŶŮƸţ����ūŤͺŨƎƸţ�ͯƬ�ŪǏƬŤƭŮƸʬţ�ŕ�

� 
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�ŬŧŤű �ƻŶŹ�ūţƁ�ūʭŽƀƼ�ŪƱŧŤƊƸţ �ƶǇƒƭƸţ �ɥŤǅŮƎưŤǁƼ�Ŭƽŭ�ͯŮƸţ �ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ŪǏǁŧ �ͭƱƹŮŭ
��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƿơ�ŪƼƀƱƼ�ƷƒƭƸţ�ţƂǄ�ŤǁƸ�ƺƀƱǎ��ŬŧŤű�ƻŶŹ�ūţƁ�ūŤŵƄžƼ�ƄƬǇŭǆũƃƄƵŮƽƸţ��

��Recurrent Neural Networks��ŏ����ǆř��ţƃŤƒŮŽţRNN��ūŤͺŨƍ �ŤǀƀơŤƊŭ ��RNN�ɥ��
�ǂƂǄ �ͭƹơ �ŪƢŵţƄƸţ �ŪǎƂƦŮƸţ �ŪƱƹŹ �ƀǎƀźŭ �ƶʭŽ �ƿƼ �ƶǇƚƸţ �ũƄǏƦŮƼ �ūʭƊƹƊŮƸţ �ƠƼ �ƷƼŤƢŮƸţ

�ūʭƊƹƊŮƸţ�sequences���ūŤͺŨƍ �ƐƒžƽƸţ �ƶŤŽſʪţ �ƷƊƹƊŭ �ŪŶƸŤƢƼ �ͭƹơ �ũƃƀƱƸţ �ƷƢŶŭ ��
RNN����ɥ�ƀǎƆƽƸţǆ�ƺʭͺƸţ�ͭƹơ�ƪƄƢŮƸţǆ�ŪƦƹƸţ�ŪŵƂƽǀ�ƷŲƼ�ƺŤǅƼ�ɥƺţƀžŮƉʭƸ�ŪƹŧŤưŏƠưţǇƸţ����ƿƼ
��ŪǏŹŤǁƸţŏŪǎƄƞǁƸţ����ƯǏŨƚŭ�ƿͺƽǎRNNs����Ťǅǀř�ŬŨű�ǃǀʨ�ŪƹͺƎƼ�ǌř�ͭƹơComplete-Turing1���

��ŪǏŹŤǁƸţ�ƿƼ�ǃǀř�ͯǁƢǎ�ţƂǄŏŪǎƄƞǁƸţ����ǃŧŤƊŹ�ǌſŤƢƸţ�ƄŭǇǏŨƽͺƸţ�ƠǏƚŮƊǎ�ʬ�ŴƼŤǀƄŧ�ǌř�ũŤƴŤźƼ�ƻǅǁͺƽǎ
��ƷǏŨƉ�ͭƹơŏƶŤŲƽƸţ����ŷƄŮưţGoogle DeepMind����ͯŮƸţ �ŪǏŨƒƢƸţ �ŴǁǎƃǇŭ �ūʬŗ�ͭƽƊǎ�ŤʽŵƁǇƽǀ

��ƷǏƦƎŭ�ŪǏƭǏƴ�ƳƽƹƢŭ�ƾř�ƿͺƽǎƅƄƭƸţ�ƷŲƼ�ŪƚǏƊŧ�ūŤǏƼƅƃţǇŽ��

��ƷƒƭƸţ�ͯƬŏƯŧŤƊƸţ����ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ŪǏǁŧ�ŤǁƭƑǆŪǏƬŤƭŮƸʬţ����Ūƽƞǀř�ƿƼ�ƀǎƀƢƹƸ�ƇŤƉʨţ�ƷͺƎŭ�ͯŮƸţ
��ƠƼǆ��ŪƼƀƱŮƽƸţ�ŪǏŧǇƉŤźƸţ�ŪǎśƄƸţŏƳƸƁ���ƷǏŨƉ�ͭƹơ��ǂƀŹǆ�ƄƒŨƸŤŧ�ŤǁƸǇŹ�ƿƼ�ƻƸŤƢƸţ�Ʋƃƀǀ�ʬ�ŤǁǀŞƬ

ŏƶŤŲƽƸţ����ƄŲƴř�ƷͺƎŧǆ��ţĽƀŵ�Ťƽ̔ǅƼ�ţʽƃǆſ�ŤʽƖǎř�ūǇƒƸţ�ŦƢƹǎ�ŏţĽƀǎƀźŭ����ƷƑţǇŮƸţ�ƄƎŨƸţ�ƿźǀ�Ŧźǀ
��ƿƼǆ��ũſƄŶƼ�ūʭǏŲƽŭǆ�ŪǎƆƼƃ�ūʭƊƹƊŭ�ƶʭŽ�ƿƼ�ũƀƱƢƽƸţ�ƃŤƵƬʨţǆ�ƃŤƵƬʨţ�ƿơ�ƄǏŨƢŮƸţǆ�ŏƻű�

ʬʦţ�ƾǇƵŭ�ƾř�ƀǎƄǀ�Ťǁǀř�ͯƱƚǁƽƸţ�ƿƽƬŪƹƊƹƊŮƽƸţ�ūŤƼǇƹƢƽƸţ�ƻǅƬ�ͭƹơ�ũƃſŤư�ū����
��ŤǄśŤƎǀŝ�ƻŭ�ͯŮƸţ�ƠƚƱƸţ�ƠƼ�ŪưʭƢƸţ�ƿƼ�ƟǇǀ�ŪƢƚư�ƷͺƸ�ƾǇͺǎ�ŰǏźŧ�ūŤǀŤǏŨƸţ�ŦǏŭƄŭ�ƻŮǎ�ŤƼƀǁơ

��ŤǅƹŨưŏŤǄƀƢŧǆ�����ūʭƊƹƊŮƸţ�ƻƉŤŧ�ŤǅǏƸŝ�ƃŤƎǎ��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţũƃƄƵŮƽƸţ����ūŤͺŨƎƸţ�ƿƼ�ƟǇǀ�ͯǄ
ǏŨƸţ�ɥƗŤƽǀʨţ�ƪŤƎŮƴʬ�ŪƽƽƒƽƸţ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ��ƐǁƸţ�ƷŲƼ�ŪƹƊƹƊŮƽƸţ�ūŤǀŤŪǏűţƃǇƸţ�ũſŤƽƸţ��

���ƳƸƁ �ͭƸŝ �ŤƼǆ �ƻǅƉʨţ �ƮţǇƉřǆ �ŪǏǁƼƆƸţ �ƷƉʭƊƸţ �ūŤǀŤǏŧǆ �ŪưǇƚǁƽƸţ �ūŤƽƹͺƸţǆ �ŪǎǆƀǏƸţ �ŪŧŤŮͺƸţǆ
���ŤĽƱŧŤƉ�ŪƚŨŭƄƽƸţ�ŤǎʭžƸţ�ƿƼ�ƻƹƢŮƸŤŧ�ŤǎʭžƹƸ�ŸƽƊŭ�Ťǅǀř�ͯǄ�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ǂƂǄ�Ŗţƃǆ�ƿƼ�ũƄƵƭƸţ

��ƶǇƱƸţ�ƿͺƽǎƾŝ����ƿƼǆ��ŤƼ�ŪƱǎƄƚŧ��ũƄƴţƁ��ŤǅƸ�ŤǎʭžƸţ�ǂƂǄŏƻű����ƿƼ�ţĽƀǏƱƢŭ�ƄŲƴř�ŪƬƄƢƼ�ƾǇǁŨǎ�ƻǅǀŞƬ
ƶŤŽſʪţ�ūŤǀŤǏŧ��

�ŪǏƹƽơ�ƿƼ�ŖŤǅŮǀʬţ�ƀƢŧ��ƀŹţǆ�Ŗͯƍ�ͯƬ�ŪƱŧŤƊƸţ�ƶǇƒƭƸţ�ͯƬ�ŤǅŮƉţƃſ�Ŭƽŭ�ͯŮƸţ�ųƁŤƽǁƸţ�ƲƄŮƎŭ
ƾř�ŸƕţǇƸţ�ƿƼ��ƘƱƬ�ƶŤŽſʪţ�ŪǁǏơ�ͭƹơ�ūŤŵƄžƽƸţ�ƀƽŮƢŭǆ�ƾţƅǆʨţ�ŷʭƑŝ�ƻŮǎ�ŏ�ŦǎƃƀŮƸţ����ţƂǄ

��ŤǅǏƬ�ŠŨǁŮƽƸţ�ͭƹơ�ŦŶǎ�ͯŮƸţ�ūŤǄǇǎƃŤǁǏƊƸţ�ƿƼ�ƀǎƀƢƸţ�ƲŤǁǄ�ƿͺƸǆ�ŏ�ƫǁƒƽƸţ�ƿƼ�ƠưǇŮƼ�ƲǇƹƊƸţ
��ŤǁǏƹơ�ƾř�ƓƄŮƭǁƸ��ƳƸƁ�ͭƹơ�ͯͺǏƉʭƴ�ƶŤŲƼ�ͯǄ�ŪǏǁƼƆƸţ�ŪƹƊƹƊƸţ��ƶŤŽſʪţ�ƻǏư�ūŤƝǇƭźƼ�ũŤơţƄƼ

 
1 Alex Graves and Greg Wayne and Ivo Danihelka (2014). "Neural Turing Machines". 
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��ƧƸ�ŪƬǆƄƢƼ�ŪƽǏư�ƄŽŗ�ƺţƀžŮƉţ�ŤǁƸǆŤŹ�ţƁŝ��ƷŨƱƽƸţ�ƟǇŨƉʨţ�ũƃţƄŹ�Ūŵƃſ�ƠưǇŭݔሺݐሻ����ǆMLP����ťƃƀƼ

��Ƨŧ�ŜŨǁŮƹƸݔሺݐ  ͳሻ��ƷŲƼ�ŪǏǁƼƆƸţ�ƪǆƄƞƸţ�ͯƬ�ƄƞǁƸţ�Ťǁǁͺƽǎ�ʭƬ�ŏƻƉǇƽƸţ����żǎƃŤŭǆƻƉǇƽƸţ����ƄƼ�ͭƹơ
��ƘƉǇŮƼ�ͭǀſř�ŴŮǁŭ�ͯŮƸţ�ūŤŵƄžƽƸţ�Ƙŧƃ�ͭƹơ�ţʽƃſŤư�ƃţƀźǀʬţ�ƾǇͺǏƉ��ƳƸƁ�ͭƸŝ�ŤƼǆ�ƿǏǁƊƸţ��ŏŚƚžƹƸ

ţ�ǂƂǄ�ƷźƸ�ũƀǏŹǇƸţ�ŪƸǇƱƢƽƸţ�ŪƱǎƄƚƸţ��ͯƭͺǎ�ʬ�ţƂǄ�ŏ�ŪǏƱǏƱźƸţ�ƫưţǇƽƸţ�ͯƬ�ƿͺƸǆ�ͯǄ�ŪƹͺƎƽƸ
�ƷͺƎƸţ�ͯƬ�ƺǇǅƭƽƸţ�ţƂǄ�Ƅǅƞǎ��ŤǅƸ�ũƄƴţƁ�ƄǏƬǇŮƸ�ŪǏơŤǁƚƑʬţ�ŪǏŨƒƢƸţ�ŤǎʭžƹƸ�ũƀǎƀŵ�ŪǏǁŧ�ƀǎƀźŭ

ǂŤǀſř��

�
��ŪŨƉǇŹ�ũƀŹǆ�ŪǏŨƒƢƸţ�ŪǏƹžƸţ�ƀƢŭ�ƻƸŪǎƂƦŮƸţ�ŪǏƼŤƼţ����ͭƹơ�ŤǄƄŨŶǎ�ƠŵţƄƸţ�ŤǅƸŤƒŭţ�ƾř�ŰǏŹ�ŏ�ŤʽƼŤƽŭ

ũƀǎƀŵ�ƻǏƱŧ�ŜŨǁŮƹƸ�ŤǅƼţƀžŮƉţǆ�ŤǅǏƕŤƼ�ƄƴƂŭ� 

��ÈÌ^� ·Y�cZ°^�·Y�Ê�¬eÇ��°f¼·Y��ÈÌ»Z»O�ÈÌ^� ·Y�cZ°^�·Y�Ê§��Â�¬·Y�ÄmÁO�Ö¸���ÈË~¤f·Y��®·}Á��
��½Ï·Y��cZ°^�ÈÌ^� ·Y��ÈÌ»Z»O��ÈË~¤f·Y�����¬§�lfÀeÁ�d]Zi�ºnu�cY}�cÔy|»�µÂ^«��¬§�ZÆÀ°¼Ë

��µÔy�¾»��\Ìe�f·Y��¨À]�È¬]Z�·Y�cÔy|¼·Y�Ê§���À·Y�Ö¸��Ç�{Z«��Ì£Á�d]Zi�ºnu�cY}�cZm�z»
��Ê§�È¬]Z�·Y�cÔy|¼·Y�Ê§���À·Y,¶�¸�f·Y����ÈÌ^� ·Y�È°^�·Y�½Â°eÇ��°f¼·Y�����Z¬f·Y�Ö¸��Ç�{Z«

�½Â°e�Z»|À��cZÌ ^f·Y·Y�È°^��ÈÌ^� ·Y�ÈÌ»Z»YY®·}�Ö¸��Ç�{Z«��Ì£�ÈË~¤f·�� 
�

��ÈÌ^� ·Y�cZ°^�·Y�~yPeÇ��°f¼·Y�����ÈÌÀ»��ÇÂ�y�¶°·�ÈÌ^� ·Y�È°^�·Y�ºÌ¬eÁ�cÔy|¼¯�0Ô�¸�e
�|À���È·Zv·Y�Ö¸���Z¨v·Z]�ZÆ·�t¼�e�È¬¸u�ZÆ·�ÈÌ^���È°^��ZÆ¿O�Ö¸��cZ°^�·Y�Ã~Å��Z^f�Y�¾°¼Ë

,ºÌÌ¬f·Y���Ç��°f¼·Y��]YÁ�·Y�ÁO�cZ¬¸v·Y�Ã~Å��¶�¸�f¸·�ÈÌÀ»�·Y�cYÂ�z·Y�µÔy�¾»�È¬¸v·Y�tf¨e
Z°^�]�cZ°^�·Y�Ã~Å�ÈÌ¼�e�\^��ÊÅ��cÇ��°f¼·Y��½O�È¬Ì¬u��·Y��ÈÌ^� ·Y�È°^���ÈÌ»Z»Y��ÈË~¤f·Y

���¨¿�Ö·S�Ç|uYÁ�ÈÌÀ»��È�¬¿�Ê§�Ç|uYÁ�ÈÌ^���ÈÌ¸y�leZ¿��Zm�S�¾°¼Ë�Ä¿O�ÊÀ e�È¬¸u�¾»�½Â°fe
���Ì�Àf·Y�cZÌ¸¼ ·�Ç�¯Y}�ZÆË|·�È°^�·Y�½O�ÊÅ�ÈnÌfÀ·YÁ��Õ�yO�ÈÌÀ»��È�¬¿�Ê§�ÈÌ^� ·Y�ÈÌ¸z·Y

Y�È¬]Z�·Y�cÔy|¼·Y�Ê·Zf·Z]Á��È¬]Z�·Y��Ì�Àf·Y�Y~Å�Ê§�Y0�Á{�d^ ·�Êf·�� 

 

ǂŤǀſř�ƷͺƎƸţ�ͯƬ�ŸƕǇƼ�ǇǄ�Ťƽƴ�ŏ�ŪǎƀǏƹƱŭ�ŪǏŨƒơ�ŪͺŨƍ�ƓƄŮƬţ��

�
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����ūʭŽƀƽƸţ�ƿƼ�ſƀơ�ŤǁǎƀƸݔ௧����ƷŲƽŭ�ŰǏŹ�ŏݐ����ūʭŽƀƼ�ƾř�ƓƄŮƭǁƸ��ƷƊƹƊŭ�ǆř�ŪǏǁƼƅ�ũǇƚŽݐ�

��Ʒƴ�ͯƬ�ŪͺŨƎƸţ�ŴŭŤǀ�ŪŧŤŮƴ�ƿͺƽǎ��ƔƢŨƸţ�ŤǅƖƢŧ�ƿơ�ŪƹƱŮƊƼ�ŪƭƹŮžƽƸţݐ���Ƨƴ݄௧ ൌ ݂ሺݔ௧ሻ��

��ͯƬRNNs����ǇǄ�Ťƽƴ�ŏ�ŪǏƸŤŮƸţ�ŪƸŤźƸţ�ͭƸŝ�ŪǏƸŤźƸţ�ŪƸŤźƸţ�ūŤƼǇƹƢƼ�ŪƢŵţƄƸţ�ŪǎƂƦŮƸţ�ŪƱƹŹ�ƷƱǁŭ�ŏ
�ǂŤǀſř�ŸƕǇƼ�ǇǄ�Ťƽƴ�ŏ�ŪͺŨƎƸţ�ƿƼ�ŷǇŮƭƽƸţ�ƃţƀƑʪţ�ͯƬ�ŸƕǇƼ���

�
��ŪͺŨƍ�ŴŭŤǀ�ŪŧŤŮƴ�ƿͺƽǎRNN����Ʒƴ�ͯƬݐ����Ƨƴ݄௧ ൌ ݂ሺ݄௧ିଵǡ ௧ሻ��ŖͯƎƸţ�ƈƭǀ�ŖţƄŵŝ�ƻŮǎ���݂���ͭƹơݔ

ŮƢǎǆ�ŏ�ƷƊƹƊŮƸţ�ƄƑŤǁơ�ƿƼ�Ƅƒǁơ�Ʒƴ��ŴŭŤǀ�ƀƽ݄௧����ͭƹơ�ŏ�ͯƸŤŮƸŤŧǆ��ŪƱŧŤƊƸţ�ūŤŧŤƊźƸţ�ŴŭŤǀ�ͭƹơ
��ŏ��ŪͺŨƎƸţ�ƾƅǆǆ��ŪǏƸŤźƸţ�ūʭŽƀƽƸţ�ͭƹơ�ƘƱƬ�ŪƸŤźƸţ�ƀƽŮƢŭ�ŰǏŹ�ŏ�ŪǎƀǏƹƱŮƸţ�ūŤͺŨƎƸţ�ƈƵơ

��ŤǁǄ݄௧��ŪƱŧŤƊƸţ�ŪƸŤźƸţ�ͭƸŝ�ŪƬŤƕʪŤŧ�ͯƸŤźƸţ�ƶŤŽſʫƸ�ŪƸţſ�ͯǄ݄௧ିଵ��ƃŤŨŮơţ�Ƴǁͺƽǎ��݄௧ିଵ���ŪŧŤŲƽŧ
ŤƊƸţ�ŪͺŨƎƸţ�ūʭŽƀƼ�ƠǏƽŶƸ�ƐžƹƼŪƱŧ��

ˀŧ�ƷƖƭŧ�ͭŮŹ�ǃŧŤƊŹ�ƻŭ�ŤƽƼ��ũƄƴţƂƸţ��ͯƬŤƕʪţ�ƿǎƆžŮƸţ�ŏ�ǈƄŽř�ũƃŤŨƢŧ�ǆř�ŏ�ǂƂǄ�ŪƹƊƹƊƸţ�ŪǏǁ
��ƺţƀžŮƉţ�ͯƬ�ƄǏŨƴ�ŷŤŶǀ�ƯǏƱźŭ�ƻŭ�ŏ�ƾʦţRNN����ŪƹƊƹƊŮƽƸţ�ūŤǀŤǏŨƸţǆ�ŪǏǁƼƆƸţ�ƷƉʭƊƸţ�ͯƬ�

�¶�veRNNs���¨¿�ª^�e�ZÆ¿Ï�Y~Å�¾»�ZÆ¼�Y�Ö¸�È·Y|·Y��Ö¸����°f»�¶°�]·YÔ�¸�fc�� 

��ǌǇŮźŭRNN����ƿƼ�ūŤơǇƽŶƼ�ůʭű�ͭƹơūʭƼŤƢƽƸţ���ƾƅǇƸţ���

� U��ƶǇźǎ����ƶŤŽſʪţݔ௧����ͭƸŝ݄௧ � 
� W����ŪƱŧŤƊƸţ�ŪƸŤźƸţ�ƶǇźǎ݄௧ିଵ����ŪǏƸŤźƸţ�ŪƸŤźƸţ�ͭƸŝ݄௧ 
� V����ƿˁǏƢǎ��ƧƸ�ŤĽŲǎƀŹ�ŪŧǇƊźƽƸţ�ŪǏƹŽţƀƸţ�ŪƸŤźƸţ݄௧����ŴŭŤǁƸţ�ͭƸŝݕ�����

��ƯŨƚŭU����ǆW����ǆV����ƷǎǇźŮƸţ�ţƂǄ�ƷŲƽƸ�ŪǏƉŤƉʨţ�ŪƸŤźƸţ��ŪƹŧŤƱƽƸţ�ūʭŽƀƽƸţ�ͭƹơ�ͯƚžƸţ�ƷǎǇźŮƸţ
��ƟǇƽŶƼ�ͯǄǃƬƄƢǀŤƼ�ƾţƅǆţ��ǇźǁƸţ �ͭƹơ�ŪͺŨƎƸţ �ūŤŵƄžƼǆ�ŪǏƹŽţƀƸţ �ŪƸŤźƸţ �ƀǎƀźŭ�ƾʦţ�Ťǁǁͺƽǎ��

ͯƸŤŮƸţ���

݄௧ ൌ ݂ሺ݄௧ିଵ כ ܹ  ௧ݔ כ ܷሻ 

௧ݕ ൌ ݄௧ כ ܸ 

�ŏ�ŤǁǄ݂����ͯǄŪƸţſ���ŪǏƚŽ�ƄǏƥ�ƘǏƎǁŭ���
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��ͯƬ�ǃǀř�ƜŹʬRNN����ŪưʭƢƸţ�ǂƂǄ�ƶʭŽ�ƿƼ�ŪƱŧŤƊƸţ�ūŤŧŤƊźƸţ�ƠǏƽŵ�ͭƹơ�ŪƸŤŹ�Ʒƴ�ƀƽŮƢŭ�ŏ

��ƾř�ŪƽǅƽƸţ�ūʬʬƀƸţ�ƿƼ��ŪǎƃţƄƵŮƸţRNNs����ūʬŤŹ�ƾʨ�ŏ�ŬưǇƸţ�ƃǆƄƽŧ�ũƄƴţƁ�ŤǅƸ݄����ͭƹơ�ǌǇŮźŭ
���ŪƱŧŤƊƸţ�ūţǇƚžƸţ�ͭƸŝ�ƀǁŮƊŭ�ūŤƼǇƹƢƼ��ƧƸ�ƿͺƽǎ�ŏ�ŪǎƄƞǁƸţ�ŪǏŹŤǁƸţ�ƿƼRNNs����ūŤƼǇƹƢƽƸţ�ƿǎƆžŭ

���ƳƸƁ�ͯƬ�ţǇŨƥƃ�ŤƽƸŤƙͺƸ�ŏūţǇƚŽ�ƠƖŧ�ŖţƃǇƸţ�ͭƸŝ�ƄƞǁƸţ�ƘƱƬ�ƻǅǁͺƽǎ�ŪǏƹƽƢƸţ�ŪƉƃŤƽƽƸţ�ͯƬ�ƿ���

��Ê§RNN,����È·{Z ¼·Y �È��YÂ]�È¬]Z�·Y �cZ]Z�v·Y��Ì¼m�Ö¸��È·Zu�¶¯�|¼f eÈË�Y�°f·Y���
���Á�¼]�Ç�¯Y~·Y�LZ�¿S�®·~·�È¼Æ¼·Y�lWZfÀ·Y�¾»Á,d«Â·Y���¶uY�»�Ö·S�|Àf�e�cÓZv·Y�½Ï

È¬]Z��� 

RNN 

��ƾʨ�ţʽƄƞǀRNNs����ͭǁŧ�ƿƽƖŮŭ�ͯǅƬ�ŏ�ŬŧŤŲƸţ �ƻŶźƸţ�ūţƁ�ūʭŽƀƽƸţ�ŪŶƸŤƢƼ�ͭƹơ�ƄƒŮƱŭ�ʬ
ŪƭƹŮžƼ���

� ��ƀŹţǆ���ƀŹţǇƸ���Ťƽƴ��ƿͺƽǎ��ǃŮǎśƃ��ͯƬ��ƷͺƎƸţ��ƷŧŤƱƽƸţ��ŏ��ͯƬ��ǂƂǄ���ˀŨƸţ�ŪǏǁ���ŏ��ƻŮǎ���ƿǏǏƢŭ�
ũƀŹǆ��ƶŤŽſŝ��RNN��ͭƸŝ��ũƀŹǆ��ŪǏƭžƼ��ũƀŹǆǆ��ųţƄŽŝ���ǂƂǄ��ŨˀƸţ�ŪǏǁ��ͯǄ��ŪǏƹƽơ�

ŪƹƊƹƊŮƼ��ƷŲƼ��ūŤͺŨƎƸţ���ŨƒƢƸţǏŪ��ŪǏƼŤƼř����ŪǎƂƦŮƸţūŤͺŨƎƸţǆ��ŪǏŨƒƢƸţ��ŪǏƬŤƭŮƸʬţ���
ƶŤŲƼ��ͭƹơ��ǂƂǄ��ŪǏƹƽƢƸţ��ǇǄ��ƫǏǁƒŭ��ƃǇƒƸţ�  

� �ƀŹţǆ���ͭ Ƹŝ���ſƀƢŮƼ���Ťƽƴ��ŸƖŮǎ��ƿƼ��ƷͺƎƸţ��ǂŤǀſř��ŏ��ͯƬ�
ǂƂǄ��ŨˀƸţ�ŪǏǁ��ŏ��ƻŮǎ���ƿǏǏƢŭ��ũƀŹǆ��ƶŤŽſŝ��RNN���ͭ Ƹŝ��
ũƀơ��ūţƀŹǆ��ŪǏƭžƼ���ũƀơǆ���ūţƀŹǆ��ųţƄŽŝ���ƶŤŲƽƸţ�

ͯƹƽƢƸţ�ǂƂǅƸ��ŪǏǁŨˀƸţ��ǇǄ�ƫƑǆ�ƃǇƒƸţ��ͭƱƹŮŭ�ŪƱŨƙ��
ƶŤŽſʪţ��ũƃǇƑ��ŤǅǁǏǏƢŭǆ��ͭƸŝ��ũƀơ��ūŤƽƹƴ�  

 

� �ſƀƢŮƼ���ͭ Ƹŝ���ƀŹţǆ����Ťƽƴ��ŸƖŮǎ��ƿƼ���ƷͺƎƸţ��
ƷŧŤƱƽƸţ��ŏ��ͯƬ��ǂƂǄ��ŪǏǁŨƸţ���ŏ���ƻŮǎ��ƿǏǏƢŭ��ũƀơ�
ūţƀŹǆ���ƶŤŽſŝ��RNN��ͭƸŝ��ũƀơ���ūţƀŹǆ�
ŪǏƭžƼ��ũƀŹǆǆ��ųţƄŽŝ��ũƀŹţǆ���ƶŤŲƼ��ͯƹƽơ��
ͭƹơ� �ǂƂǄ� ��ŪǏǁŨˀƸţ� �ǇǄ� �ƫǏǁƒŭ� �ƄơŤƎƽƸţ 

(Sentiment analysis)� ��ͭƱƹŮŭ� ��ŪƱŨƙ��
ƶŤŽſʪţ��ūţƃŤƍŝ��ũſƀƢŮƼ��ƿƼ��ūŤƽƹƴ���ŪƹƽŶƸţ��
ŤǅƽƉƄŭǆ��ͭƹơ��Ťǅǀř��ŪƭƙŤơ��ŪǏŧŤŶǎŝ��ǆř��ŪǏŨƹƉ�  
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� �ſƀƢŮƼ���ſƀƢŮƽƸ���Ťƽƴ��ŸƖŮǎ��ƿƼ��ƷͺƎƸţ���ƷŧŤƱƽƸţ��

ŏ��ͯƬ��ǂƂǄ���ˀŨƸţ�ŪǏǁ��ŏ���ƻŮǎ���ƿǏǏƢŭ��ƀǎƀƢƸţ��ƿƼ��ūţƀŹǆ�
ƶŤŽſŝ��RNN��ͭƸŝ��ũƀơ��ūţƀŹǆ��ŪǏƭžƼ��ũƀơǆ�

ūţƀŹǆ��ųţƄŽŝ���ƶŤŲƼ��ͯƹƽơ��ͭƹơ��ǂƂǄ��ŪǏǁŨˀƸţ��ǇǄ�
ŪƽŵƄŮƸţ��ŪǏƸʦţ���ƷŨƱŮƊŭ��ŪƱŨƙ��ƶŤŽſʪţ���ũƀơ��
ƪƄŹř��ƿƼ��ūŤƽƹƴ��ŪƦƹƸţ� �ƃƀƒƽƸţ� ��ŤǅƚŧƄŭǆ��
ƪƄŹŚŧ��ūŤƽƹͺƸţ��ͯƬ��ŪƦƹƸţ��ƪƀǅƸţ�� 

RNN
ƺƀžŮƊŁŭ��RNNs��ƷͺƎŧ���ƠšŤƍ��ųƁŤƽǁƴ��ŪǎǇƦƸ���language models�ɥ��ƶŤŶƼ��ŪŶƸŤƢƼ���ŪƦƹƸţ��
ŪǏƢǏŨƚƸţ���natural language processing����ƺƆŮƢǀ��ƷƽƢƸţ��ͭƹơ��ŪƦƸ��ũƄǏŲƼ��ƺŤƽŮǄʭƸ��ŤʽǏŨƊǀ��ŪŵƂƽǁƸ��
ƀǏƸǇŭ��ŏƐǁƸţ��ŰǏŹ��ƺƀžŮƊŁŭ��ųƁŤƽǀ��RNN��ƻƹƢŮƸ��ūʭƊƹƊŮƸţ��ŪǏƒǁƸţ��ƶŤŶƽƸ��ƿǏƢƼ���ƻű��ŖŤƎǀʪ�

ƷƊƹƊŭ��ͯƒǀ��ƀǎƀŵ��Ť̔ƼŤƽŭ��ƶǇƱƢƼǆɥ��ƶŤŶƽƸţ���ƿͺƽǎ��ƀ͍ƸǇƽƸ��ƐǁƸţ��ƀǁŮƊƽƸţ��ͭƸŝ��RNN��ƾř���ƂŽŚǎ��
ǌř��Ɛǀ��ŏƶŤŽſŝ��ƴūŤǎţǆƄƸŤ��ƷŲƼ��ǌƃŤǄ��ŏƄŭǇŧ��ƃŤƢƍřǆ��ƄǏŨƊͺƍ��ūŤǄǇǎƃŤǁǏƉǆ��ƺʭƬʨ��ƷŲƼ��ťƄŹ��

ŏƺǇŶǁƸţ��ųŤŮǀŝǆ��ƀšŤƒư��ƄǏŨƊͺƍ��ūŤǄǇǎƃŤǁǏƉǆ��ťƄŹ��ƺǇŶǁƸţ����ţƁŝ��ƾŤƴ���ųƁǇƽǁƸţ��ŤʽŧƃƀƼ��ŏţĽƀǏŵ��ŦŶǏƬ�
ƾř��ƾǇͺǎ��ŦǏƴƄŮƸţ��ʚ͏ʞǇŨƱƼ��ǃŭŖţƄưǆ��ŪǅŧŤƎƼ��ƐǁƹƸ��ͯƹƑʨţɥ���ţƂǄ��ŖƆŶƸţ��ƺƀžŮƊǀ��Ūǎţǆƃ����ťƄźƸţ��

�ƺʭƊƸţǆ���ƹƸƫƸŜƽ��ͯƉǆƄƸţ��ǇǏƸ��ǌǇŮƊƸǇŭ��ƶŤŲƽƴ����ƠƼǆ��ŏƳƸƁ��Ƴǁͺƽǎ��ƺţƀžŮƉţ��ǌř��ƿƼ���ƳŨŮƴ��
ŪƹƖƭƽƸţ��ūʭŽƀƽƴ��ŪǏŨǎƃƀŭ���ƀƢǎ��ƟǆƄƎƼ��ųƄŨǁŭǇŵ���www.gutenberg.org���ţʽƃƀƒƼ��ŤʽƢšţƃ��
ŏƳƸƂƸ��ŰǏŹ��ƀƭǀ��ŪơŤŨƙ��ŤƼ��ƀǎƆǎ��ƿơ���������ťŤŮƴ���Ơšţƃ��ŤĽǀŤŶƼ��

ʬǆř��ƳǏƹơ��ƷǏƽźŭ��ƫƹƼ��warpeace_input.txt��ũƄƍŤŨƼ��ƿƼ���ƘŧţƄƸţ��

https://cs.stanford.edu/people/karpathy/char-rnn/warpeace_input.txt�

ƿƼ��ŪǏŹŤǀ��ŏǈƄŽř��Ťǁǁͺƽǎ��ǃƹǎƆǁŭ��ƿƼ�ƟǆƄƎƼ��ųƄŨǁŭǇŵ���

https://www.gutenberg.org/ebooks/2600�

ƫƹƽƸţ�Ʒƽźǀŏ��ŤǁǁͺƸ��ŪŵŤźŧ��ͭƸŝ��ŖţƄŵŝ��ƔƢŧ��ƫǏƞǁŮƸţ���ƻű��řƄƱǀ��ƫƹƽƸţ��ƶǇźǀǆ��ƐǁƸţ��ͭƸŝ���ƪƄŹř��
ũƄǏƦƑ��ͯƱƹǀǆ��ũƄƞǀ��ŪƢǎƄƉ��ǃǏƹơ��ŪơŤŨƚŧ��ƶǆř������ƪƄŹ����

training_file = 'warpeace_input.txt' 
raw_text = open(training_file, 'r').read() 
raw_text = raw_text.lower() 
raw_text[:100] 

'ufeff"well, prince, so genoa and lucca are now just family estates 
of thenbuonapartes. but i warn you, i' 

ƾʦţ��ƿźǀ��ŪŵŤźŧ��ͭƸŝ��ťŤƊŹ��ſƀơ��ƪƄŹʨţ� 

n_chars = len(raw_text) 

https://cs.stanford.edu/people/karpathy/char-rnn/warpeace_input.txt
https://www.gutenberg.org/ebooks/2600
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print('Total characters: {}'.format(n_chars)) 

Total characters: 3196213 

ƀƢŧ��ŏƳƸƁ��Ťǁǁͺƽǎ��ƶǇƒźƸţ��ͭƹơ��ƪƄŹř��ƺŤŶŹřǆ��ūŤƽƹƴ��ũƀǎƄƬ���

chars = sorted(list(set(raw_text))) 
n_vocab = len(chars) 
print('Total vocabulary (unique characters): {}'.format(n_vocab)) 
print(chars) 

Total vocabulary (unique characters): 57 
['\n', ' ', '!', '"', "'", '(', ')', '*', ',', '-', '.', '/', '0', 
'1', '2', '3', '4', '5', '6', '7', '8', '9', ':', ';', '=', '?', 
'a', 'b', 'c', 'd', 'e', 'f', 'g', 'h', 'i', 'j', 'k', 'l', 'm', 
'n', 'o', 'p', 'q', 'r', 's', 't', 'u', 'v', 'w', 'x', 'y', 'z', 
'à', 'ä', 'é', 'ê', '\ufeff'] 

ŏƾʦţ��ŤǁǎƀƸ��ŪơǇƽŶƼ��ūŤǀŤǏŧ��ŪǏŨǎƃƀŭ��ƺŤŽ��ƾǇƵŮŭ��ƿƼ��ƄŲƴř��ƿƼ�����ƿǏǎʭƼ��ƪƄŹ��ǆ����ŤĽƬƄŹ��ţĽƀǎƄƬ���
ƿͺƸǆ�ƫǏƴ�Ťǁǁͺƽǎ�ǃŮǎƂƦŭ�ųƁǇƽǁƸ�RNNŕɥ�ŪǎƃŤƽƢƼ�ſƀƢŮƽƸ�ſƀƢŮƼŏ�ƂŽŚǎ�ųƁǇƽǁƸţ��ūŤǏƸŤŮŮƽƸţ�
ŴŮǁǎǆ��ūŤǏƸŤŮŮƽƸţɥ��Ŭưǆ��ƀŹţǆɥ���ŏŤǁŮƸŤŹ��Ťǁǁͺƽǎ��ŪǎƂƦŭ���ųƁǇƽǁƸţ��ūʭƊƹƊŮŧ��ƪƄŹř��ŪŮŧŤű��ƶǇƚƸţ���
ƶǇƙ��ūŤǏƸŤŮŮƼ��ųţƄŽʪţ��ǌǆŤƊǎ��ūŤǏƸŤŮŮƼ��ŏƶŤŽſʪţ��ƻŮǎǆ��ƷƱǀ��ƪƄŹ��ƀŹţǆ��ƿƼ��ūʭƊƹƊŭ��ƶŤŽſʪţ��

ŪƑŤžƸţ��ƻǅŧ���ƓƄŮƭǁƸ��Ťǁǀř��Ťǁƽư��ƿǏǏƢŮŧ��ƶǇƙ��ƷƊƹƊŮƸţ��ͭƹơ�����ŪƽƹͺƸ��learning���Ťǁǁͺƽǎ��ƾʦţ���ŖŤƎǀŝ��
ŪǁǏơ��ǏŨǎƃƀŭŪ���ƠƼ��ūʭŽƀƼ��learn��ūŤŵƄžƼǆ��earni���Ťǁǁͺƽǎ���ŸǏƕǇŭ��ţƂǄ��ŖţƄŵʪţɥ��ŪͺŨƎƸţ��ͭƹơ��
ǇźǁƸţ��ͯƸŤŮƸţ���

�
ƀƱƸ��Ťǁƽư��ǇŮƹƸ��ƷƽƢŧ��ǍŨǎƃƀŭ���ŪŨƊǁƸŤŧ���ŪơǇƽŶƽƸ��ŴƼţƄŨƸţ��ŪǏŨǎƃƀŮƸţ��ŏŤǅƹƽƴŚŧ��Ťǁǁͺƽǎ��ƻǏƊƱŭ��ūŤǀŤǏŧ�

ƐǁƸţ��ƺŤžƸţ��ͭƸŝ��ūʭƊƹƊŭ��ŪǎǆŤƊŮƼ��ŏƶǇƚƸţ��ͭƹơ��ƷǏŨƉ��ƶŤŲƽƸţ��������Ʒƴ��ƷƊƹƊŭ��ƿƼ���ƪƄŹř��
ƶŤŽſʪţ��ǇǄ��ƶŤŲƼ��Ŧǎƃƀŭ���ƻű���ƺǇƱǀ��ƷǏƹźŮŧ��ūŤǀŤǏŧ��ƐǁƸţ��ƺŤžƸţ��ƈƭǁŧ��ŏŪƱǎƄƚƸţ��ƿͺƸǆ��ǂƂǄ��ũƄƽƸţ��

řƀŨǀ��ƪƄźƸŤŧ��ͯǀŤŲƸţ���Ʒƴ��ƷƊƹƊŭ��ŴŭŤǀ��ƻŭ��ƶǇƒźƸţ��ǃǏƹơ��ǇǄ���ŪǁǏơ��Ŧǎƃƀŭ���ͭƹơ��ƷǏŨƉ��ŏƶŤŲƽƸţ��ƄƞǁƸŤŧ�

 ᑛቲዡጕᕕቨ�ᑰ፭ᑩ፭ᘻ 
ውቨፅዡᕕቨ�ᑰ፭ᑩ፭ᘻ 
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ͭƸŝ��ƐǁƸţ����ƺŤžƸţƧƸ��deep learning architectures��ƻưƄƸţǆ�����ƶǇƚŧ��ŏƷƊƹƊŮƸţ��Ťǁǁͺƽǎ���ŖŤǁŧ�

ŪƊƽŽ��ŪƹŲƼř��ŪǏŨǎƃƀŭ��ͭƹơ��ǇźǁƸţ��ͯƸŤŮƸţ��

�ūʭŽƀƽƸţ �ūŤŵƄžƽƸţ 
deep_ eep_l 
learn earni 
ing_a ng_ar 
rchit chite 
ectur cture 

ŏŤǁǄ��ƄǏƎǎ����BͭƸŝ��ŪŹŤƊƽƸţ��ŪƥƃŤƭƸţ����
ţʽƄƞǀ��ƾʨ��ųƁŤƽǀ��ŪͺŨƎƸţ��ŪǏŨƒƢƸţ��ʬ��ͭƱƹŮŭ��ǈǇƉ��ūŤǀŤǏŨƸţ��ŏŪǏƽưƄƸţ��ƻŮǎ��ƷǏŲƽŭ��ƷƊƹƊŭ���ƶŤŽſʪţ��

ųţƄŽʪţǆ��ƪƄŹʩƸ��ŪƚƉţǇŧ��ūŤǅŶŮƼ����ƆǏƼƄŭone-hot���ƺǇƱǀ��ŖŤƎǀŞŧ��ƇǇƼŤư��ƿơ��ƯǎƄƙ��ƿǏǏƢŭ�����
ŤĽƬƄŹ��ūţƄƍŜƽƹƸ��ƿƼ�����ͭƸŝ�������

index_to_char = dict((i, c) for i, c in enumerate(chars)) 
char_to_index = dict((c, i) for i, c in enumerate(chars)) 
print(char_to_index) 

��ƷǏŨƉ�ͭƹơŏƶŤŲƽƸţ����ƪƄźƸţ�ƷǎǇźŭ�ƻŮǎ݁����ƶǇƚŧ�ǃŶŮƼ�ͭƸŝ������ŪƽǏƱŧ�ɥ��ƇƄǅƭƸţ������ǃƽǏư�ƠǏƽŵǆ
��ͯǄ�ǈƄŽʨţ����ŰźŨƸţ�ƶǆƀŵ�ŸŨƒǎ�ƾř�ſƄŶƽŧ���ƯŧŤƊƸţ�ƷƒƭƸţ�ɥţƂǄ�ƄǏƭƎŭ�ƻŭ�ƫǏƴ�Ŭǎřƃ�ƀƱƸ�

��ƿơƪƄŹʬţ��ŏţ̔ƆǄŤŵ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ŖŤƎǀŝ�Ťǁǁͺƽǎ���

import numpy as np 
seq_length = 100 
n_seq = int(n_chars / seq_length) 

��ͭƹơ�ƷƊƹƊŮƸţ�ƶǇƙ�ƘŨƕ�ƶʭŽ�ƿƼ���ŏ����ŤǁǎƀƸ�ƾǇͺǏƉŪǁǏơ��n_seq��ƀƢŧ��ŏƳƸƁ����ŪŢǏǅŮŧ�ƺǇƱǀ
��ūŤŵƄžƼǆ�ūʭŽƀƼŦǎƃƀŮƸţ���

X = np.zeros((n_seq, seq_length, n_vocab)) 
Y = np.zeros((n_seq, seq_length, n_vocab)) 

ͯƹǎ�Ťƽƴ�ƷƊƹƊŮƸţ�ƶǇƙ�ƾř�ƜŹʬ����

����ƻưƃ�ƶǇƙ�ŏŪǁǏƢƸţ���ſŤƢŧř�ŏƷƊƹƊŮƸţ���ũƆǏƽƸţ���

�ųƁǇƽǁƸţ�ţƂǄ�ƷŲƼ�ŏťǇƹƚƼ��ƺţƀžŮƉţ�ƺƆŮƢǀ�ŤǁǀʨKeras��ųƁǇƽǀ�ƻǏƹƢŮƸRNN�ƀƢŧ��ŏƳƸƁ���ƺǇƱŭ
��ƷǏŲƼ�Ʒƴ�ŖŤƎǀŞŧn_seq���

for i in range(n_seq): 
 x_sequence = raw_text[i * seq_length : (i + 1) * seq_length] 
 x_sequence_ohe = np.zeros((seq_length, n_vocab)) 
 for j in range(seq_length): 
  char = x_sequence[j] 
  index = char_to_index[char] 
  x_sequence_ohe[j][index] = 1. 
 X[i] = x_sequence_ohe 
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 y_sequence = raw_text[i * seq_length + 1 : (i + 1) * seq_length + 1] 
 y_sequence_ohe = np.zeros((seq_length, n_vocab)) 
 for j in range(seq_length): 
  char = y_sequence[j] 
  index = char_to_index[char] 
  y_sequence_ohe[j][index] = 1. 
 Y[i] = y_sequence_ohe 

��ɥŦƥƄŭ�Ŭǁƴ�ţƁŝŏƳƸƁ��ǂŤǀſř�ŤǎʭžƸţ�ƂǏƭǁŮŧ�ŪƬǇƭƒƽƸţ�Ūǎśƃ�Ƴǁͺƽǎ��

X.shape 

(31962, 100, 57) 

Y.shape 

(31962, 100, 57) 

��ͭŮŹŏƾʦţ����ųƁǇƽǀ�ŖŤǁŨƸ�ƾʦţ�ŬưǇƸţ�ƾŤŹǆ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ſţƀơŞŧ�ŤǁƽưRNN��ƷŽſř��
ŪǎƃǆƄƖƸţ�ūţƀŹǇƸţ�ƠǏƽŵ�˟ʬǆř��

from keras.models import Sequential 
from keras.layers.core import Dense, Activation, Dropout 
from keras.layers.recurrent import SimpleRNN 
from keras.layers.wrappers import TimeDistributed 
from keras import optimizers 
from tensorflow import keras 

ŏƾʦţ����ſƀźǀūʭƼŤƢƽƸţ��ŏŪƱšŤƭƸţ����ƻŶŹ�ƳƸƁ�ɥŤƽŧƢƬƀƸţŏŪ����ŤǎʭžƸţ�ſƀơǆŏŪǏŨƒƢƸţ����ſƀơǆŏūŤƱŨƚƸţ�
��ƪƂźƸţ�ƶŤƽŮŹţǆŏͯšţǇƎƢƸţ��ūţƃǆƀƸţ�ſƀơǆ��

batch_size = 100 
n_layer = 2 
hidden_units = 800 
n_epoch = 300 
dropout = 0.3 

ŪͺŨƎƸţ�ŖŤƎǀŞŧ�ƺǇƱǀ�ƻű��

model = Sequential() 
model.add(SimpleRNN(hidden_units, activation='relu', input_shape=(None, 
n_vocab), return_sequences=True)) 
model.add(Dropout(dropout)) 
for i in range(n_layer - 1): 
    model.add(SimpleRNN(hidden_units, activation='relu', 
return_sequences=True)) 
    model.add(Dropout(dropout)) 
model.add(TimeDistributed(Dense(n_vocab))) 
model.add(Activation('softmax')) 

ǂŤǀŚƎǀř�ǌƂƸţ�ųƁǇƽǁƸţ�ƾŚƎŧ�ƃŤŨŮơʬţ�ɥŤǅƢƕǆ�ŦŶǎ�ͯŮƸţ�ŖŤǏƍʨţ�ƔƢŧ�ƲŤǁǄ:�

� return_sequences=True�����ŏ �́ʭƊƹƊŭ �ũſǇƢƸţ �ūŤƱŨƙ �ŴŭŤǀ �ŸŨƒǎƴ�ŪǏǁˀŧ�ƽƀƢŮ�ſ��
��ſƀƢŮƽƸ��ƪʭŽ��ƾǇͺǎ�ƾř�Ťǀſƃř �Ťƽƴ�ŏ�ĽŤǁͺƽƼ�ƳƸƁ�ƷƢŶŭŏƳƸƁ���ƀŹţǆ�ͭƸŝ�ſƀƢŮƼ�ŸŨƒǎ

ŴŭŤǁƸţ�ǇǄ�ƄǏŽʨţ�ƄƒǁƢƸţ�ƾǇͺǏƉǆ��
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� :TimeDistributed����ŪƱŨƚƸţ�ƾŞƬ�ŏ�ƷƊƹƊŭ�ƿơ�ũƃŤŨơ�ũſǇƢƸţ�ūŤƱŨƙ�ųţƄŽŝ�ƾʨ�ţʽƄƞǀ

�ƺţƀžŮƉţ �ƻŮǎ ��ŪǏƸŤŮŮƼ �ūʭŽƀƼ �ͭƱƹŮŭ �ʬǆ �ŪƹƼŤƴ �ŪƹƒŮƼ �ŪƱŨƙ �ͯǄ �ŪǏƸŤŮƸţ
TimeDistributed��ƸţƂǄ�ƅǆŤŶŮ��

��ŪŨƊǁƸŤŧŏƿƊźƽƹƸ����ŤǀƄŮŽţRMSprop��ƹƢŭ�ƶƀƢƽŧǏ��ƻ��������

optimizer = keras.optimizers.RMSprop(learning_rate=0.001, rho=0.9, 
epsilon=1e-08, decay=0.0) 

��ŪƬŤƕŞŧŚƚŽ����ũſƀƢŮƼ�ŤǏŧǆƄŮǀŝūŤƱŨƚƸţ��� categorical_crossentropy���ŏ���ŤǁŵƁǇƽǀ�ŖŤǁŧ�ƿƼ�ͯǅŮǁǀ
ųƁǇƽǁƸţ�ƠǏƽŶŮŧ�ƺǇƱǀ�ĽţƄǏŽřǆ���

model.compile(loss=�"categorical_crossentropy", optimizer=optimizer) 

��ſǇͺƸţ�ƺţƀžŮƉŤŧŏͯƸŤŮƸţ��ųƁǇƽǁƸţ�ƐžƹƼ�ͭƹơ�ũƄƞǀ�ŖŤƱƸŝ�Ťǁǁͺƽǎ���
model.summary() 

_________________________________________________________________ 
 Layer (type)                Output Shape              Param #    
================================================================= 
 simple_rnn_4 (SimpleRNN)    (None, None, 800)         686400     
                                                                  
 dropout_4 (Dropout)         (None, None, 800)         0          
                                                                  
 simple_rnn_5 (SimpleRNN)    (None, None, 800)         1280800    
                                                                  
 dropout_5 (Dropout)         (None, None, 800)         0          
                                                                  
 time_distributed_2 (TimeDis  (None, None, 57)         45657      
 tributed)                                                        
                                                                  
 activation_2 (Activation)   (None, None, 57)          0          
                                                                  
================================================================= 
Total params: 2,012,857 
Trainable params: 2,012,857 
Non-trainable params: 0 

�ƿƼ�ƄŲƴř�ŤǁǎƀƸ���ƾǇǏƹƼƢƼƷƼŤ��ŦǎƃƀŮƸţ�ŪǏƹƽơ�Ŗƀŧ�ƷŨư�ƿͺƸǆ��ŦǎƃƀŮƹƸŏŪƹǎǇƚƸţ���ūŤƉƃŤƽƽƸţ�ƿƼ
��ūŤǏƹƽơ�ƔƢŧ�ſţƀơŝ�ũƀǏŶƸţƟŤŵƄŮƉʬţ��callback����ųƁǇƽǁƹƸ�ŪǏƹŽţƀƸţ�ŪƸŤźƸţǆ�ūŤǏšŤƒŹʪţ�ƠŨŮŮƸ

��ƷƽƎŭ��ŦǎƃƀŮƸţ�ŖŤǁűřƶţǆſ��callback��ͯƹǎ�ŤƼ:�

� ��ŪƚƱǀ�ƯƱźŮƸţ���checkpoint������ųƁǇƽǁƸţ�ŏ��ǆ��Ʒƴ�ƀƢŧ�ųƁǇƽǁƸţ�ƾƆžŭ�ͯŮƸţ��ƿͺƽŮǀ�ͭŮŹ�ũƄŮƬ
��ƄǏƥ�ƫưǇŮƸţ�ŪƸŤŹ�ͯƬ�ƲŤǁǄ�ƿƼ�ŦǎƃƀŮƸţ �ƪŤǁŢŮƉţǆ�ƛǇƭźƼ�ųƁǇƽǀ�ůƀŹř�ƷǏƽźŭ�ƿƼ

�ƠưǇŮƽƸţ.�
� ��ƄͺŨƽƸţ�ƫưǇŮƸţŏ������ƿƊźŮŭ�ʬ�ŤƼƀǁơ�ŦǎƃƀŮƸţ�ƫưǇǎ�ǌƂƸţǆŪƸţſ��ŚƚžƸţ.�
� ��ŴšŤŮǀ �ŪƢŵţƄƼ�ƀǏƸǇŭ���ƻƞŮǁƼ �ƷͺƎŧ �ƐǁƸţ�����ƾʨ�ŴŭŤǁƸţ �ƐǁƸţ �ŪǏƸǇƱƢƼ�ǈƀƼ�ǈƄǀ �ƾř �ƀǎƄǀ

��ťǇǏơŦǎƃƀŮƸţ����ŪǎŤƭͺƸţ�ǃǏƬ�Ťƽŧ�ŪƉǇƽƹƼ�ŬƊǏƸ 

��ǂƂǄ�ŪŢǏǅŭ�ǆř�ƫǎƄƢŭ�ƻŮǎƶţǆƀƸţ��ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ���

from keras.callbacks import Callback, ModelCheckpoint, EarlyStopping 
 
filepath="weights/weights_layer_%d_hidden_%d_epoch_{epoch:03d}_loss_{loss
:.4f}.hdf5" 
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checkpoint = ModelCheckpoint(filepath, monitor='loss', verbose=1, 
save_best_only=True, mode='min') 

��ŪǏŨǎƃƀŮƸţ�ũƃǆƀƸţ�ƻưƃ�ƠƼ�ƫƹƽƸţ�ƻƉţ�ɥŪǏŵƁǇƽǁƸţ�ƯƱźŮƸţ�ƗŤƱǀ�ƿǎƆžŭ�ƻŮǎǆŚƚŽ��ƃƀŮƸţ��ŦưţƄǀ��Ŧǎ
��ŤʽƖǎřŖŤƚŽţ����ƾŤƴ�ţƁŝ�ŤƼ�ŪƬƄƢƽƸ�ŬưǇƸţ�ƈƭǀ�ɥſŤƽŮơʬţŖŤƚŽʬţ�ƷǏƹƱŭ����ũƀƽƸ�ƫưǇŮǏƉ������ũƄŮƬ
ŪǏƸŤŮŮƼ��

early_stop = EarlyStopping(monitor='loss', min_delta=0, patience=50, 
verbose=1, mode='min') 

��ƀƢŧŏƳƸƁ����ͭƸŝ�ųŤŮźǀcallback����ŤĽƱƬǆ�ƶǇƙ�ǌŚŧ�Ťʽƒǀ�ƀƸǇŭ�ũƀơŤƊƼ�ŪƸţſ�˟ʬǆř�ŦŮƵǀ��ũſǇŶƸţ�ŪŨưţƄƽƸ
��ųƁǇƽǁƸRNN��Ťǁŧ�ƏŤžƸţ��

def generate_text(model, gen_length, n_vocab, index_to_char): 
    """ 
    Generating text using the RNN model 
    @param model: current RNN model 
    @param gen_length: number of characters we want to generate 
    @param n_vocab: number of unique characters 
    @param index_to_char: index to character mapping 
    @return: 
    """ 
    # Start with a randomly picked character 
    index = np.random.randint(n_vocab) 
    y_char = [index_to_char[index]] 
    X = np.zeros((1, gen_length, n_vocab)) 
    for i in range(gen_length): 
        X[0, i, index] = 1. 
        indices = np.argmax(model.predict(X[:, max(0, i - 99):i + 1, :])[0], 1) 
        index = indices[-1] 
        y_char.append(index_to_char[index]) 
    return ('').join(y_char) 

��ǂƂǄ�řƀŨŭŪƸţƀƸţ����ƪƄŹř�ƿƼ�ƪƄŹ�Ʒͺŧ�ƳƸƁ�ƀƢŧ�ƶŤŽſʪţ�ųƁǇƽǀ�ŚŨǁŮǎ��ŤʽǏšţǇƎơ�ǂƃŤǏŮŽţ�ƻŭ�ƪƄźŧ
gen_length-1����ͭƸŝ�ŤǅƸǇƙ�Ʒƒǎ�ͯŮƸţǆ�ŤĽƱŨƊƼ�ŤǄśŤƎǀŝ�ƻŭ�ͯŮƸţ �ƪƄŹʨţ�ͭƹơ�ʽŖŤǁŧ�ŪǏƱŨŮƽƸţ�����

��ŪŢƬ�ƀǎƀźŭ�ƾʦţ�Ťǁǁͺƽǎ���ƷƊƹƊŮƸţ�ƶǇƙ�callback����ũƄŮƬ�ƷͺƸ�Ɛǀ�ŖŤƎǀŞŧ�ƺǇƱŭN��

class ResultChecker(Callback): 
    def __init__(self, model, N, gen_length): 
        self.model = model 
        self.N = N 
        self.gen_length = gen_length 
 
    def on_epoch_end(self, epoch, logs={}): 
        if epoch % self.N == 0: 
            result = generate_text(self.model, self.gen_length, n_vocab, 
index_to_char) 
            print('\nMy War and Peace:\n' + result) 

��ūŤǀǇͺƽƸţ�ƠǏƽŵ�ŬźŨƑř�ƾř�ƀƢŧ�ƾʦţŏũƆǄŤŵ����řƀŨǀŧųƁǇƽǁƸţ�ŦǎƃƀŮ���

model.fit(X, Y, batch_size=batch_size, verbose=1, epochs=n_epoch, 
                 callbacks=[ResultChecker(model, 10, 200), checkpoint, early_stop]) 

��ƀƸǇƽƸţ�ŦŮͺǎ�������ƷͺƸ�ŤĽƬƄŹ�����ūţƄŮƭƸŤŧ�ŪƑŤŽ�ŪǏƸŤŮƸţ�ŴšŤŮǁƸţ��ūţƄŮƬ����ǆ�����ǆ���ǆ������
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Epoch 1: 
Epoch 1/300 
8000/31962 [======>.......................] - ETA: 51s - loss: 2.8891 
31962/31962 [==============================] - 67s 2ms/step - loss: 2.1955 
My War and Peace: 
5 the count of the stord and the stord and the stord and the stord and the��
stord and the stord and the stord and the stord and the stord and the stord���

and the stord and the stord and the stord��and the 
Epoch 00001: loss improved from inf to 2.19552, saving model to��
weights/weights_epoch_001_loss_2.19552.hdf5 

Epoch 11: 
Epoch 11/300 
100/31962 [..............................] - ETA: 1:26 - loss: 1.2321 
31962/31962 [==============================] - 66s 2ms/step - loss: 1.2493 
My War and Peace: 
?" said the countess was a strange the same time the countess was already 
been and said that he was so strange to the countess was already been and 
the same time the countess was already been and said 
Epoch 00011: loss improved from 1.26144 to 1.24933, saving model to 
weights/weights_epoch_011_loss_1.2493.hdf5 

Epoch 51: 
Epoch 51/300 
31962/31962 [==============================] - 66s 2ms/step - loss: 1.1562 
My War and Peace: 
!!CDP!E.agrave!! to see him and the same thing is the same thing to him and 
the same thing the same thing is the same thing to him and the sam thing 
the same thing is the same thing to him and the same thing the sam 
Epoch 00051: loss did not improve from 1.14279 

Epoch 101: 
Epoch 101/300 
31962/31962 [==============================] - 67s 2ms/step - loss: 1.1736 
My War and Peace: 
= the same thing is to be a soldier in the same way to the soldiers and the 
same thing is the same to me to see him and the same thing is the same to 
me to see him and the same thing is the same to me 
Epoch 00101: loss did not improve from 1.11891 

��ũƃǆƀƸţ�ƿƼ�ƄͺŨƼ�Ŭưǆ�ɥŦǎƃƀŮƸţ�ƫưǇŭǜǚǝ��

Epoch 00203: loss did not improve from 1.10864 
Epoch 00203: early stopping 
 

��ũƄŮƭƸţ�ɥͯƸŤŮƸţ�ƐǁƸţ�ųƁǇƽǁƸţ�ƀƸǇǎ������

which was a strange and serious expression of his face and shouting and��said 
that the countess was standing beside him.��"what a battle is a strange and 
serious and strange and so that the��countess was 
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Łŭ��řƄƱ�Ƹţǆ�ťƄźƸţ���ƺʭƊ��Ťǁŧ�ŪƑŤžƸţŤƼ�ƀŹ�ͭƸŝ�ţĽƀǏŵ��ƠƼǆ��ŏƳƸƁ����ŤǁǀŤͺƼŞŧ�ƾŤƴ�ţƁŝ�Ťƽơ�ƶŖŤƊŮŭ�ƀư

��ƄǏǏƦŭ�ƶʭŽ�ƿƼ�ƷƖƬř�ƷƽƢŧ�ƺŤǏƱƸţūʭƼŤƢƽƸţɥ��ųƁǇƽǀ�RNN����ťţǇŶƸţ�ŕţƂǄŏƻƢǀ���ʬ�ƄƼʨţ�ƿͺƸ
��ƾʨ��ƳƸƁ�ƯźŮƊǎŦǎƃƀŭ����ųƁǇƽǀRNN���ǈƀƽƸţ�ͭƹơ�ſŤƽŮơʬţ�ƻƹƢŭ�ŦƹƚŮŭ�ͯŮƸţ�ūʭͺƎƽƸţ�ƷźƸ

��ƷŲƼ�ƷƴŤǏǅƸţ�ƻǏƽƒŭ�ƻŭ��ŪǎŤƦƹƸ�ʚ͏ʞŤƢƬ�ƈǏƸ�ƷǎǇƚƸţLSTM��ǆGRU��ŪƹͺƎƽƸţ�ǂƂǄ�ƷźƸ�ŤʽƒǏƒŽ���

LSTM
��ŪǏŹŤǁƸţ�ƿƼŏŪǎƄƞǁƸţ����ƧƸ�ƿͺƽǎRNNs����ŪƹǎǇƙ�ūŤǏƢŨŮƸţ�ƻƹƢŭ�ŪƚǏƊŨƸţŏǈƀƽƸţ����ŪƉƃŤƽƽƸţ�ɥƿͺƸǆ

ŏŪǏƹƽƢƸţ����ŪƹͺƎƼ�ŦŨƊŧ��ͯƍʭŭųƃƀŮƸţŏ���ŪǅŵţǇƽƸ��ǈƀƽƸţ�ũƄǏƒư�ūŤǏƢŨŮƸţ�ƻƹƢŭ�ͭƹơ�ƄƒŮƱŭ�ŤǅǀŞƬ
��ţƂǄŏƀǏƱƸţ����ǈƀƽƸţ �ŪƹǎǇƙ �ũƄƴţƂƸţ �ŪͺŨƍ �ƻǎƀƱŭ �ƻŭ��Long short term memory�����ǆţ

��LSTM����ƧƸ�ƿͺƽǎ��LSTM����ɥŪƑŤŽ�ũƄƴţƁ�ŪǏƹŽ�ſǇŵǆ�ŦŨƊŧ�ǈƀƽƸţ�ŪƹǎǇƙ�ūŤǏƢŨŭ�ƿǎǇƵŭ
ŤǅƹͺǏǄ����

��ƧƸ�ŪǏƉŤƉʨţ�ũƄƵƭƸţLSTM���ŪƸŤźƸţ�ŪǏƹŽ�ͯǄ�cell state�����ūŤƼǇƹƢƽƸţ�ŪŧŤŮƴ�ŤǅǏƬ�ƿͺƽǎ�ͯŮƸţ
��ŬưǇƹƸ�ǂƂǄ�ŪƸŤźƸţ�ŪǏƹŽ�Ƅǅƞŭ��ŸǎƄƑ�ƷͺƎŧ�ŤǅƬƂŹ�ǆřݐ����Ƨƴܿ௧ ɥ��ƷͺƎƸţ��Ĺ�.�

�

௧݂ ൌ ሺߪ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 
݅௧ ൌ ሺߪ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 
ܽ௧ ൌ ����ሺ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 
௧ ൌ ሺߪ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 
ܿ௧ ൌ ௧݂ כ ܿ௧ିଵ  ݅௧ כ ܽ௧ 
݄௧ ൌ ௧ כ �����ሺܿ௧ሻ 

�Ʒͺƍϱ�ϭ���ŪǎƃŤƽƢƼ�LSTM 
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��ŪƸŤŹ�ŪǏƹŽ�ƄǏǏƦŭ�ƿͺƽǎ�ʬLSTM����ūŤƼǇƹƢƽƸţ�ƷƱǀ�ŤǅƸʭŽ�ƿƼ�ƻŮǎ�ŪǁǏƢƼ�ūŤŧţǇŧ�ƯǎƄƙ�ƿơ�ʬŝ

��ƾǇƵŮǎLSTM�����ūŤŧţǇŧ �ůʭű �ƿƼ �ͯŵƁǇƽǁƸţ��ŪŧţǇŧ�ƾŤǏƊǁƸţ����ࢌ�� �ƶŤŽſʪţ �ŪŧţǇŧǆ ��ŪŧţǇŧǆ�����
���ųţƄŽʪţ����� 

��ɥͭƸǆʨţ�ŪŧţǇŨƸţLSTM���ͯǄƾŤǏƊǁƸţ�ŪŧţǇŧ��ŪƸŤźƸţ�ŪǏƹŽ�ŸƊƼ�ƀǎƄǀ�Ťǁƴ�ţƁŝ�ŤƼ�ŪŧţǇŨƸţ�ǂƂǄ�ƃƄƱŭ��
��ŪƱŧŤƊƸţ�ūŤŵƄžƽƸţ�ͭƹơ�ŪǏƊǁƽƸţ�ŪŧţǇŨƸţ�ƃţƄư�ƀƽŮƢǎ��ʬ�ƺř݄௧ିଵ����ŪǏƸŤźƸţ�ūʭŽƀƽƸţǆݔ௧��ƺƀžŮƊŁŭ��

sigmoid����ƿǏŧ�ťƄƖƸţ�ƂǏƭǁŭ�ƻŮǎ��ŪƸŤźƸţ�ŪǏƹŽ�ɥƄƒǁơ�ƷͺƸ�ƀŹţǆǆ�ƄƭƑ�ƿǏŧ�ųţƄŽŝ�ƀǏƸǇŮƸųƄžƼ��
��ŪŧţǇŧƾŤǏƊǁƸţ��ɥƀŹţǆ�ŪƽǏư�ͯǁƢŭ��ŪƸŤźƸţ�ŪǏƹŽǆųƄžƼ�����ŪŧţǇŧƾŤǏƊǁƸţ����ŪǀƆžƼ�ƄƒǁƢƸţ�ūŤƼǇƹƢƼ�ƾř

��ɥ�ŪƸŤźƸţ�ŪǏƹŽ�ɥƷƼŤͺƸŤŧ�ŏƷŧŤƱƽƸţ��ƸŤźƸţ�ŪǏƹŽ�Ƅƒǁơ�ɥūŤƼǇƹƢƽƹƸ�ƷƼŤͺƸţ�ƾŤǏƊǁƸţ�ͯǁƢǎ�ƄƭƒƸţ���Ū
��ƾř�ͯǁƢǎ�ţƂǄLSTM�����Ťǅŧ�ƏŤžƸţ�ŪƸŤźƸţ�ŪǏƹŽ�ǃŶŮƼ�ƿƼ�ŪƹƒƸţ�ūţƁ�ƄǏƥ�ūŤƼǇƹƢƽƸţ�ŪƸţƅŝ�Ťǅǁͺƽǎ

��ŪƸſŤƢƼŪŧţǇŧ��ͯƸŤŮƸŤƴ�ƾŤǏƊǁƸţ��

௧݂ ൌ ሺߪ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 

ŪǏƸŤŮƸţ �ŪŧţǇŨƸţ �ƃƄƱŭ����ƶŤŽſʪţ�ŪŧţǇŧ����ͯƬ�ƳƸƁ�ƻŮǎ��ũƄƴţƂƸţ �ŪǏƹŽ�ͭƸŝ�ũƀǎƀŵ�ūŤƼǇƹƢƼ�ŪƬŤƕŝ
���ƿǎřƆŵ�ŤǅŲǎƀźŭ�ſţƄƽƸţ�ƻǏƱƸţ�ŖŤƎǀŝ�ƻű�ŤǅŲǎƀźŭ�ſţƄƽƸţ�ƻǏƱƸţ�ƀǎƀźŭ��ǃŶŮƽƸţ�ƺţƀžŮƉţ�ƻŮǎ��݅௧���˟ʬǆř

��ŸƍƄƽƸţ �ǃŶŮƼ �ǌǇŮźǎ ��ŪƸŤźƸţ �ŪǏƹŽ �ͯƬ �ŤǅǁǏƽƖŮƸ �ƿǏƹƽŮźƽƸţ �ſƀŶƸţ �ƿǏźƍƄƽƸţ �ƻǏư �ƀǎƀźŮƸ
ܽ௧ǃŧ�ŪƑŤŽ�ƾƅǆ�ŪƬǇƭƒƼ�ͭƹơ�ŤʽƖǎř����ǃŶŮƼ�ƷǏͺƎŮƸ�ŪƱŧŤƊƸţ�ŪǏƭžƽƸţ�ūʭŽƀƽƸţǆ�ŪƸŤźƸţ�ƺƀžŮƊǎǆ

��ŪƸţſ�ƺţƀžŮƉţ�ƻŮǎ�ŏ�ŸƍƄƽƸţ�ǃŶŮƽƸţ�ţƂǄ�ŖŤƎǀʪ��ŪƸŤźƸţ�ŪǏƹžƸ�ŪƹűŤƽƼ�ſŤƢŧŚŧtanh����ŪǏƚŽ�ƄǏƥ�ŪƸţƀƴ
ŪǏƸŤŮƸţ�ūʬſŤƢƽƸţ�ͯƬ�ŪǏƹƽƢƸţ�ǂƂǄ�Ƅǅƞŭ��

݅௧ ൌ ሺߪ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 
ܽ௧ ൌ ����ሺ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 

źŭ��ŪŧţǇŧ �ſƀ��ƾŤǏƊǁƸţ��Ʒƴ�ɥŪƸŤźƸţ �ŪǏƹŽ�Űǎƀźŭ�ŪǏƭǏƴ�ũǇƚŽ����ɥŪƸŤźƸţ �ŪǏƹŽ�Űǎƀźŭ�ƻŮǎ ��ŪǏǁƼƅ
ũǇƚŽ��ŪǏƸŤŮƸţ�ŪƸſŤƢƽƸţ�ƄŨơ�ŪǏǁƼƅ��

ܿ௧ ൌ ௧݂ כ ܿ௧ିଵ  ݅௧ כ ܽ௧ 

��ũƄǏŽʨţ�ŪŧţǇŨƸţ��ųţƄŽʪţ �ŪŧţǇŧ�����ŪǏƹžƸ�ͯšŤǅǁƸţ �ŴŭŤǁƸţ ��ųţƄŽʪţ�ǇǄ�ŤƼ�ƃƄƱŭLSTM����ŪƸŤźƸţ �ǇǄ
��ŪǏƭžƽƸţ݄ݐ��ƂŽŚŭ�ųţƄŽʪţ�ŪŧţǇŧ��݄௧ିଵ����ǆݔ௧�����ƷŽƀƽƴŏ˟ʬǆř����ƺƀžŮƊŁŭsigmoid����ǃŶŮƽƸţ�ťŤƊźƸ

��ŪƸŤźƸţ�ŪǏƹŽ�ŪƽǏư�ƿǏǏƢŮŧ�Ťǁƽư�ƻű��ŪǏǁƼƆƸţ�ũǇƚžƸţ�ɥŪƸŤźƸţ�ŪǏƹŽ�ƻǏư�ƀǎƀźŮƸ�ƀŹţǆǆ�ƄƭƑ�ƿǏŧ�ƻǏƱŧ
��ŪƱŨƙ�ͭƸŝtanh��ūŤŵƄžƽŧ�ţʽƄǏŽř�ŤǅŮƽǏư�ŪƭơŤƖƽƸ��ŪƱŨƚƸţ����ŪƱŧŤƊƸţsigmoidŏ����ŪƴƃŤƎƼ�ƻŮŭ�ŰǏźŧ

��ųţƄŽʪţ�ͯǁƢǎ��ųţƄŽʪţ�ɥŪŧǇƥƄƽƸţ�ŖţƆŵʨţ���ŴŮǁŭ�ʬ�ŪǏƹžƸţ�ŪƹŮƴ�ƾř����ǌřŏūŤƼǇƹƢƼ���ͯǁƢǎ�ŤƽǁǏŧ
��ųţƄŽʪţ�����ŪǏƸŤŮƸţ�ūʬſŤƢƽƸţ�Ƅǅƞŭ��ŪǏƹžƸţ�ųţƄŽŝ�ͭƸŝ�ŤǅƹƱǀ�ƻŮǎ�ŪǏƹžƸţ�ŪƹŮͺƸ�ŪƹƼŤͺƸţ�ũƄƴţƂƸţ�ƾř

ǂŤŶŭʬţ�ţƂǄ��

௧ ൌ ሺߪ ܹ݄௧ିଵ  ܷݔ௧  ܾሻ 
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݄௧ ൌ ௧ כ �����ሺܿ௧ሻ 

��ŤǁǏƽźŭ�ƫǏƴ�ƾʦţLSTM����ƿƼͯƍʭŭ����ƾŤǏƊǁƸţ�ŪŧţǇŧ�ŬǀŤƴ�ţƁŝ�ǃǀř�ƜŹʬ�ŕųƃƀŮƸţ�����ŬǀŤƴǆ
��ƶŤŽſʪţ�ŪŧţǇŧ��ŏ���ǇźƼ�Ťǅǁͺƽǎ�ƾŤǏƊǁƸţ�ŪŧţǇŧ�ƘƱƬ��ũǇƚžŧ�ũǇƚŽ�ƘŨƖƸŤŧ�ŪǏƹžƸţ�ŪƸŤŹ�żƊǀ�ƻŮǏƊƬ

��ŪŶǏŮǀ��ŤʽƼŤƽŭ�ŪǏƹžƸţ�ũƄƴţƁŏƳƸƂƸ��ŪƹǎǇƙ�ũƄŮƭƸ�ƄǏǏƦŭ�ƾǆſ�ũƄƴţƂƸţ�Ʒƞŭ�ƾř�ƿͺƽǎ� 
ŤʽǏƹƽơŏ����ŸŮƬ�ŪǏƭǏƴ�ƓƄơ�ƻŮǎLSTM��ɥŬưǇƸţ�ƃǆƄƽŧǂŤǀſř�ƷͺƎƸţ����

�
��ͯƬŏŪǎţƀŨƸţ����ŪƽǏư�ŖŤƚơŝ�ƻŮǎ�������ŪͺŨƎƹƸŔūʭŽƀƽƴ����ͭƹơ�ƶŤŽſʪţ�ŪŧţǇŧ�ƘŨƕ�ƻŭ�ŏ���ƻŮǎ�ƳƸƂƸ

��ƿǏŭǇƚžƹƸ�ŪŨƊǁƸŤŧ�ƻű��ŪƹƼŤͺƸţ�ŪƽǏƱƸţ�ƜƭŹŏƿǏŮǏƸŤŮƸţ����ƘŨƕ�ƻŮǎƾŤǏƊǁƸţ�ŪŧţǇŧ����ͭƹơ���ƻŮǎ�ƳƸƂƸ��
��ūŤƼǇƹƢƼ�ǌř�ŪƬŤƕŝ�ƻŮŭ�ʬǆ�ūţǇƚžƸţ�ǂƂǄ�ŖŤǁűř�ūŤƼǇƹƢƽƸţ�ƠǏƽŵ�ƿǎƆžŭŏũƀǎƀŵ���ūŤŧţǇŨƸţ�ƾʨ

��ͭƹơ�ŪƙǇŨƖƼ����ŏţ̔ƄǏŽř����ͭƹơ�ųţƄŽʪţ�ŪŧţǇŧ�ƘŨƕ�ƻŮǎ����ŖŤƎǀŝ�ƻŮǎǆ�����ƄǏǏƦŭ�ƾǆſ�ͭƱŨŭǆ���

LSTM

��ͯƬƀƸǇƼ����ͭƸŝ�ƀǁŮƊƽƸţ�ƐǁƸţLSTMŏ����ͭƸŝ�ƷƊƹƊŮƸţ�ƶǇƙ�ũſŤǎƆŧ�Ťǁƽư�������ƶŤŲƽƸŤŧ�ŪǀƃŤƱƼ�ŤĽƬƄŹ
��ŦǎƃƀŮƸţ�ūŤơǇƽŶƼ�ŖŤǁŧ�ũſŤơŞŧ�Ťǁƽư�ƻű�ƿƼǆ��ƯŧŤƊƸţX��ǆY����ũƀǎƀŶƸţ�ŪƽǏƱƸŤŧSEQ_LENGTH 

= 160���
seq_length = 160 
n_seq = int(n_chars / seq_length) 
 
X = np.zeros((n_seq, seq_length, n_vocab)) 
Y = np.zeros((n_seq, seq_length, n_vocab)) 
 
for i in range(n_seq): 
 x_sequence = raw_text[i * seq_length : (i + 1) * seq_length] 
 x_sequence_ohe = np.zeros((seq_length, n_vocab)) 
 for j in range(seq_length): 
  char = x_sequence[j] 
  index = char_to_index[char] 
  x_sequence_ohe[j][index] = 1. 
 X[i] = x_sequence_ohe 
 y_sequence = raw_text[i * seq_length + 1 : (i + 1) * seq_length + 1] 
 y_sequence_ohe = np.zeros((seq_length, n_vocab)) 
 for j in range(seq_length): 
  char = y_sequence[j] 
  index = char_to_index[char] 
  y_sequence_ohe[j][index] = 1. 
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 Y[i] = y_sequence_ohe 

��ųƁǇƽǁŧ�ĽŪǀƃŤƱƼRNN��ŏƯŧŤƊƸţ����ͭƹơ�ƾŤǎǇŮźŭ�ƿǏŭƃƄƵŮƼ�ƿǏŮƱŨƚŧ�ŤʽŵƁǇƽǀ�ƺƀžŮƊǀ������ŪǏƹŽ
�ƶŤƽŮŹŤŧ�ͯšţǇƎơ�ƪƂŹǆ�ŪǏŨƒơ������

from keras.layers.recurrent import LSTM 
batch_size = 100 
n_layer = 2 
hidden_units = 800 
n_epoch= 300 
dropout = 0.4 

�ŤǅƢǏƽŶŭǆ�ŪͺŨƎƸţ�ŖŤƎǀŞŧ�ƾʦţ�ƺǇƱǀ��

model = Sequential() 
model.add(LSTM(hidden_units, input_shape=(None, n_vocab), 
return_sequences=True)) 
model.add(Dropout(dropout)) 
for i in range(n_layer - 1): 
    model.add(LSTM(hidden_units, return_sequences=True)) 
    model.add(Dropout(dropout)) 
model.add(TimeDistributed(Dense(n_vocab))) 
model.add(Activation('softmax')) 

��ŪŨƊǁƸŤŧŏƿƊźƽƹƸ����ƺƀžŮƊǀRMSpropŏ����ƻƹƢŭ�ƶƀƢƽŧ��������

optimizer = keras.optimizers.RMSprop(learning_rate=0.001, rho=0.9, 
epsilon=1e-08, decay=0.0) 
 
model.compile(loss=�"categorical_crossentropy", optimizer=optimizer) 

��ųƁǇƽǀ�Ɛžƹǀ�ŤǀǇơſLSTM��ǇŮƹƸ�ǃšŤǁŨŧ�Ťǁƽư�ǌƂƸţ���

model.summary() 
________________________________________________________________ 
Layer (type) Output Shape Param # 
================================================================= 
lstm_1 (LSTM) (None, None, 800) 2745600 
_________________________________________________________________ 
dropout_1 (Dropout) (None, None, 800) 0 
_________________________________________________________________ 
lstm_2 (LSTM) (None, None, 800) 5123200 
_________________________________________________________________ 
dropout_2 (Dropout) (None, None, 800) 0 
_________________________________________________________________ 
time_distributed_1 (TimeDist (None, None, 57) 45657 
_________________________________________________________________ 
activation_1 (Activation) (None, None, 57) 0 
================================================================= 
Total params: 7,914,457 
Trainable params: 7,914,457 
Non-trainable params: 0 

��ͯƸţǇŹ�ƀŵǇǎ�����ƿǏǎʭƼƷƼŤƢƼ��ŏŦǎƃƀŮƹƸ����ųƁǇƽǀ�ƪŤƢƕř�ŪƢŧƃř�ƿƼ�ťƄƱǎ�ŤƼ�ǇǄǆRNN�����ƯŧŤƊƸţ
ŦǎƃƀŮƸţ�řƀŨǁƸ��

model.fit(X, Y, batch_size=batch_size, verbose=1, epochs=n_epoch, 
                 callbacks=[ResultChecker(model, 10, 200), checkpoint, early_stop]) 
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��ƿƼ�ŤĽǀǇͺƼ�Ť̔ƒǀ�ƀƸǇƽƸţ�ŦŮͺǎ�������ƷͺƸ�ƪƄŹ����ūţƃǆſ��ŪƑŤŽ�ŪǏƸŤŮƸţ�ŴšŤŮǁƸţ��ūţƃǆƀƸŤŧ�������

ǆ����ǆ������

Epoch 151: 
Epoch 151/300 
19976/19976 [==============================] - 250s 12ms/step - loss: 
0.7300 
My War and Peace: 
ing to the countess. "i have nothing to do with him and i have nothing to 
do with the general," said prince andrew. 
"i am so sorry for the princess, i am so since he will not be able to say 
anything. i saw him long ago. i am so sincerely that i am not to blame for 
it. i am sure that something is so much talk about the emperor alexander's 
personal attention."  
"why do you say that?" and she recognized in his son's presence. 
"well, and how is she?" asked pierre. 
"the prince is very good to make 
 
Epoch 00151: loss improved from 0.73175 to 0.73003, saving model to 
weights/weights_epoch_151_loss_0.7300.hdf5 
 
Epoch 201: 
Epoch 201/300 
19976/19976 [==============================] - 248s 12ms/step - loss: 
0.6794 
My War and Peace: 
was all the same to him. he received a story proved that the count had not 
yet seen the countess and the other and asked to be able to start a tender 
man than the world. she was not a family affair and was at the same time as 
in the same way. a few minutes later the count had been at home with his 
smile and said: 
"i am so glad! well, what does that mean? you will see that you are always 
the same." 
"you know i have not come to the conclusion that i should like to 
send my private result. the prin 
 
Epoch 00201: loss improved from 0.68000 to 0.67937, saving model to 
weights/weights_epoch_151_loss_0.6793.hdf5 
 
Epoch 251: 
Epoch 251/300 
19976/19976 [==============================] - 249s 12ms/step - loss: 
0.6369 
My War and Peace: 
nd the countess was sitting in a single look on 
her face. 
"why should you be ashamed?" 
"why do you say that?" said princess mary. "why didn't you say a word of 
this?" said prince andrew with a smile. 
"you would not like that for my sake, prince vasili's son, have you seen 
the rest of the two?" 
"well, i am suffering," replied the princess with a sigh. "well, what a 
delightful norse?" he shouted. 
the convoy and driving away the flames of the battalions of the first 
day of the orthodox russian 
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Epoch 00251: loss improved from 0.63715 to 0.63689, saving model to 
weights/weights_epoch_251_loss_0.6368.hdf5 

��ͯƬ�ŏ�ţʽƄǏŽřũƃǆƀƸţ���������ƀǁơ�ŦǎƃƀŮƸţ�ƫưǇŭ�ŏŚƚžƸţ�����������
ˀŧ�ƷƖƭŧ��ŪǏǁLSTM����ƠǏƚŮƊǎ�ŏƀƸǇƼ��Ƣưţǆ�ƄŲƴř�Ūƒư�ŪŧŤŮƴ�ƐǁƸţ��ƿơ�ƺŤƽŮǄʭƸ�ũƃŤűŝǆ�ŪǏ���ťƄźƸţ
�ƺʭƊƸţǆ�ƄƒŮƱŭ�ʬ�ŏ�ƳƸƁ�ͭƸŝ�ŪƬŤƕʪŤŧ����ūŤͺŨƍ��RNN LSTM��ƪƄŹʨţ�ƀǏƸǇŭ�ͭƹơ��ƐǁƹƸ���

��ūŤǀŤǏŧ�ǌř�ƿƼ�ƻƹƢŮƸţ�ƻǅǁͺƽǎŪǏƒǀ����ƷŲƼ�ŏHTML����ǆLaTex��ƳƸƁ�ͭƸŝ�ŤƼǆ� 

LSTM

��ţƂǄ �ͯƬŏƻƊƱƸţ����ƄǎǇƚŮŧ �ƺǇƱǁƉ ��ũſƀƢŮƼ �ūŤŵƄžƽŧ �Ɛǀ�ƫǏǁƒŭ �ųƁǇƽǀ �ŖŤƎǀŝ �ŪǏƭǏƴ�ŷƄƎǁƉ
��ŪƱƹƢŮƽƸţ�ūŤƼʭƢƸţ�ƿƼ�ƀǎƀƢƸŤŧ�ŚŨǁŮǎǆ�ŤʽǏƒǀ�ŤĽƱǏƹƢŭ�Ʒƹźǎ�ǌƂƸţ�ƐǁƸţ�ƫǏǁƒŭ�ųƁǇƽǀƯǏƹƢŮƸŤŧ����

��ͭƹơ�ŦǎƃƀŮƸţ�ɥŪƼƀžŮƊƽƸţ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ǌǇŮźŭŬƉ���ƯǏƹƢŭ�ƷͺƸ�ųţƄŽŝ�ūŤƼʭơ��toxic�ŏ��
severe_toxicŏ��obscene��ŏthreatŏ��insult��ǆidentity_hate�������ǂƂǄ�Ʒƴ�ͭƸŝ�ƯǏƹƢŮƸţ�ͯƽŮǁǎ�ƾř�ƿͺƽǎ

��ǂƂǅƸ�ŪǏơƄƭƸţ�ūŤŢƭƸţ�ǆř�ūŤŢƭƸţŏūŤŢƭƸţ����ǃƹƢŶǎ�ŤƽƼŪƹŢƊƼ���Ƴǁͺƽǎ��ūŤƼʭƢƸţ�ũſƀƢŮƼ�ƫǏǁƒŭ
��Ŧǎǆ �ƠưǇƼ �ƿƼ �ǂƂǄ �ūŤǀŤǏŨƸţ �ŪơǇƽŶƼ �ƷǎƆǁŭ1Kaggle����ţƂǄ �ɥ�ţƂǄŏƶŤŲƽƸţ����ƫƹƼ �ƺƀžŮƊǁƉ

�train.csvƘƱƬ�ñ���
��ūŤŨŮͺƽƸţ �ƷŽƀǎ �ͯƸŤŮƸţ �ſǇͺƸţ ��ūŤǀŤǏŨƸţ �ŪơǇƽŶƼ �Ʒƽˁźǀǆ �ŪŧǇƹƚƽƸţ �ūŤŨŮͺƽƸţ �ƷŽƀǀ �˟ʬǆř

ŪŧǇƹƚƽƸţ��
from numpy import array 
from keras.preprocessing.text import one_hot 
from keras.preprocessing.sequence import pad_sequences 
from keras.models import Sequential 
from keras.layers.core import Activation, Dropout, Dense 
from keras.layers import Flatten, LSTM 
from keras.layers import GlobalMaxPooling1D 
from keras.models import Model 
from keras.layers.embeddings import Embedding 
from sklearn.model_selection import train_test_split 
from keras.preprocessing.text import Tokenizer 
from keras.layers import Input 
from keras.layers.merge import Concatenate 
import pandas as pd 
import numpy as np 
import re 
import matplotlib.pyplot as plt 

�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƷǏƽźŮŧ�ƻư�ƾʦţ��
toxic_comments = pd.read_csv("train.csv") 

ƓƄƢǎ����ͯƸŤŮƸţ�ſǇͺƸţ��ſŤƢŧţūŤǀŤǏŨƸţ�ŪơǇƽŶƼ��
print(toxic_comments.shape) 

(159571, 8) 

 
1  https://www.kaggle.com/c/jigsaw-toxic-comment-classification-challenge/overview 

https://www.kaggle.com/c/jigsaw-toxic-comment-classification-challenge/overview
https://www.kaggle.com/c/jigsaw-toxic-comment-classification-challenge/overview
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��ͭƹơ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ǌǇŮźŭ�ŏŸƖŮǎ�Ťƽƴ���ŏ�������ʛĽʢŶƉǆ���ũƀƽơř��

��ƄƼʨţ�ƺţƀžŮƉŤŧŏͯƸŤŮƸţ����ūŤǀŤǏŧ�ͭƹơ�ŪƹŲƼʨţ�ƔƢŧ�Ūǎśƃ�ƳǁͺƽǎųţƄŽʬţ��
toxic_comments.head() 
 id comment_text toxic severe_toxic obscene threat insult identity_hate 

0 0000997932d777bf 
Explanation\nWhy the 
edits made under my 
usern... 

0 0 0 0 0 0 

1 000103f0d9cfb60f 
D'aww! He matches this 
background colour I'm 
s... 

0 0 0 0 0 0 

2 000113f07ec002fd 
Hey man, I'm really not 
trying to edit war. 
It... 

0 0 0 0 0 0 

3 0001b41b1c6bb37e 
"\nMore\nI can't make 
any real suggestions on 
... 

0 0 0 0 0 0 

4 0001d958c54c6e35 
You, sir, are my hero. 
Any chance you 
remember... 

0 0 0 0 0 0 

��ũǇƚžƸţ�ͯƬŏŪǏƸŤŮƸţ����ŪƹƊƹƉ�ǆř�ŪƥƃŤƬ�ŪƽǏư�ͭƹơ�ŤǅǏƬ�ƫƑ�Ʒƴ�ǌǇŮźǎ�ͯŮƸţ�ūʭŶƊƸţ�ƠǏƽŵ�ƪƂźǀ
ŪƥƃŤƬ���

filter = toxic_comments["comment_text"] != "" 
toxic_comments = toxic_comments[filter] 
toxic_comments = toxic_comments.dropna() 

��ſǇƽƢƸţ�ǌǇŮźǎcomment_text��ƯǏƹƢŮƸţ�ūŤƼʭơ�ǈƄǀ�ƻű�ŤĽƱǏƹƢŭ�ƠŨƚǀ�Ťǁơſ��ŪǏƒǀ�ūŤƱǏƹƢŭ�ͭƹơ���
print(toxic_comments["comment_text"][168]) 

You should be fired, you're a moronic wimp who is too lazy to do research. 
It makes me sick that people like you exist in this world. 

��ƄƼʨţ�ƠƼ�ƾʦţŤŮƸţŏͯƸ��ƯǏƹƢŮƸţ�ţƂǅŧ�ŪƚŨŭƄƽƸţ�ūŤƼʭƢƸţ�ͭƹơ�ũƄƞǀ�ͯƱƹǀ�Ťǁơſ��

print("Toxic:" + str(toxic_comments["toxic"][168])) 
print("Severe_toxic:" + str(toxic_comments["severe_toxic"][168])) 
print("Obscene:" + str(toxic_comments["obscene"][168])) 
print("Threat:" + str(toxic_comments["threat"][168])) 
print("Insult:" + str(toxic_comments["insult"][168])) 
print("Identity_hate:" + str(toxic_comments["identity_hate"][168])) 

Toxic:1 
Severe_toxic:0 
Obscene:0 
Threat:0 
Insult:1 
Identity_hate:0 

��ſƀơ�ŸƕǇǀ�Ťǁơſ�ƾʦţŪƼʭơ�ƷͺƸ�ūŤƱǏƹƢŮƸţ��
toxic_comments_labels = toxic_comments[["toxic", "severe_toxic", "obscene", 
"threat", "insult", "identity_hate"]] 
fig_size = plt.rcParams["figure.figsize"] 
fig_size[0] = 10 
fig_size[1] = 8 
plt.rcParams["figure.figsize"] = fig_size 
toxic_comments_labels.sum(axis=0).plot.bar() 
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�
��ŪŢƭƸţ�ƾř�ǈƄŭ�ƾř�Ƴǁͺƽǎtoxic��ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƷǏƹźŭ�ɥŤǁźŶǀ�ƀƱƸ��ŤʽơǇǏƍ�ƄŲƴʨţ�ͯǄ��

���Ťǁŧ�ŪƑŤžƸţŤƽǏƬ��ŏͯƹǎ��ǂƂǄ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ�ūŤƼʭƢƸţ�ſƀƢŮƼ�ƫǁƒƼ�ųƁǇƽǀ�ͰƎǁǁƉ���
��ƷͺƎŧŏƺŤơ����ŖŤƎǀʪ�ƾŤŮƱǎƄƙ�ƲŤǁǄųƁǇƽǀ����ųţƄŽŝ �ŪƱŨƙ�ƺţƀžŮƉţ ��ūŤƼʭƢƸţ �ſƀƢŮƼ �ƫǁƒƼ

��ŪƱǎƄƚƸţ �ɥ�ƷƼŤͺƸŤŧ �ŪƹƒŮƼ �ũſƀƢŮƼ �ųţƄŽŝ �ūŤƱŨƙ �ƺţƀžŮƉţǆ �ƷƼŤͺƸŤŧ �ŪƹƒŮƼŏͭƸǆʨţ����Ťǁǁͺƽǎ
��ƠƼ �ƷƼŤͺƸŤŧ �ŪƹƒŮƼ �ŪƱŨƙ �ƺţƀžŮƉţŬƉ���ƠƼ �ūŤŵƄžƼ��ƷǏƢƭŮƸţ �ŪƸţſ��sigmoid����ŪƭǏƝǆǆ�ŚƚŽ��

��ŤǏŧǆƄŮǀʬţ��ƠƙŤƱŮƽƸţ��ǈƀŹŝ�ŴŭŤǀ�ƷƼŤͺƸŤŧ�ŪƹƒŮƽƸţ�ŪƱŨƚƸţ�ɥŪǏŨƒơ�ŪǏƹŽ�Ʒƴ�ƷŲƽŭ��ͯšŤǁŲƸţūŤƼʭƢƸţ��
��Ťƽƴ��ŬƊƸţŏƻƹƢǀ����ƠŵƄŭƷǏƢƭŮƸţ�ŪƸţſ��sigmoid����ƿǏŧ�ŪƽǏư���ǆ����ŪƽǏư�ŬǀŤƴ�ţƁŝ��ŪǏŨƒơ�ŪǏƹŽ�ƷͺƸ

��ƿƼ�ƄŨƴř�ŪǏŨƒơ�ŪǏƹŽ�Ʒƴ�ųƄŽ���ŏ����ƷǏŲƽŭ�ƻŮǎ�ͯŮƸţ�ŪŢƭƸţ�ͭƸŝ�ͯƽŮǁǎ�ƯǏƹƢŮƸţ�ƾř�ƓƄŮƭƽƸţ�ƿƽƬ
�Ťǅŧ�ŪƑŤžƸţ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ���

��ŪƱǎƄƚƸţ�ͯƬŏŪǏǀŤŲƸţ����ƷͺƸ�ƷƼŤͺƸŤŧ�ŪƹƒŮƼ�ųţƄŽŝ�ŪƱŨƙ�ŖŤƎǀŝ�ƿͺƽǎŪƼʭơ��ţƂǄ�ɥ�ŏƶŤŲƽƸţ����ųŤŮźŭ
��ŖŤƎǀŝ�ͭƸŝ���ŪƹƒŮƼ�ūŤƱŨƙ����ƀǁơ�ƷƼŤͺƸŤŧŏųţƄŽʪţ����ŤǅƸ�ŪƱŨƙ�ƷƴŪƸţſ�sigmoid�Ťǅŧ�ŪƑŤžƸţ����

�ſƀƢŮƼ�Ɛǀ�ƫǁƒƼ�ųƁǇƽǀ�ͰƎǁǀǆ�ǂƂǄ�ūŤǀŤǏŨƸţ �ŪơǇƽŶƽƸ�ƘƱƬ�ͭƸǆʨţ�ŪƱǎƄƚƸţ�ƺƀžŮƊǁƉ
���ũƀŹţǆ�ųţƄŽŝ�ŪƱŨƚŧ�ūŤƼʭƢƸţŏ˟ʬǆř����ŪƸţſ�ŖŤƎǀŞŧ�ƺǇƱǀƫǏƞǁŮƸ��ƐǁƸţ��

def preprocess_text(sen): 
    # Remove punctuations and numbers 
    sentence = re.sub('[^a-zA-Z]', ' ', sen) 
    # Single character removal 
    sentence = re.sub(r"\s+[a-zA-Z]\s+", ' ', sentence) 
    # Removing multiple spaces 
    sentence = re.sub(r'\s+', ' ', sentence) 
    return sentence 

��ǇǄ �ƯǏƹƢŮƸţ �ƶŤŽſŝ ��Ťǁŧ �ŪƑŤžƸţ �ūŤŵƄžƽƸţǆ �ūʭŽƀƽƸţ �ŪơǇƽŶƼ �ŖŤƎǀŞŧ �ƺǇƱǀ �ŪǏƸŤŮƸţ �ũǇƚžƸţ
��ſǇƽƢƸţcomment_text��ƄǏƦŮƽƸţ�ɥūŤƱǏƹƢŮƸţ�ƠǏƽŵ�ƿǎƆžŮŧ�ƺǇƱǀ��X���ūŤƼʭƢƸţ����ūŤŵƄžƽƸţ�ǆř

��ɥƷƢƭƸŤŧ�ŪǀƆžƼtoxic_comments_labels��ƄǏƦŮƽƸţ�ɥūŤŵƄžƽƸţ�ƿǎƆžŮƸ�ƻǏƱƸţ�ǂƂǄ�ƺƀžŮƊǀ��
yſǇͺƸţ����ͯƸŤŮƸţ��ţƂǄ�ŸƕǇǎ��

X = [] 
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sentences = list(toxic_comments["comment_text"]) 
for sen in sentences: 
    X.append(preprocess_text(sen)) 
y = toxic_comments_labels.values 

��ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ͯƬŏǂƂǄ����ŖţƄŵŝ�ͭƸŝ�ųŤŮźǀ�ʬ��ƆǏƼƄŭone-hotŏ���Ťǁŧ�ŪƑŤžƸţ�ųţƄŽʪţ�ūŤƼʭơ�ƾʨ
��ƆǏƼƄŭ �ūŤǅŶŮƼ �ͭƸŝ �ƷƢƭƸŤŧ �ŤǅƹǎǇźŭ �ƻŭ �ƀưone-hot��ũǇƚžƸţ �ɥ�ŏŪǏƸŤŮƸţ����ͭƸŝ �ŤǁŭŤǀŤǏŧ �ƻƊƱǀ

�ƃŤŨŮŽţǆ�Ŧǎƃƀŭ�ūŤǀŤǏŧ�ūŤơǇƽŶƼ��

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.20, 
random_state=42) 

��ƀƢŧŏƳƸƁ����ţƂǄ�ͭƸŝ�ƷƱŮǁǀ�ƾř�ƷŨư�ţƂƸ��Ūǎſƀơ�ūŤǅŶŮƼ�ͭƸŝ�ŤǁŭʭŽƀƼ�ƷǎǇźŭ�ͭƸŝ�ųŤŮźǀ�ŏƶŤŲƽƸţ�
��ƿơ�ƀǎƆƽƸţ�ƻƹƢŮǀ�Ťǁơſ�ūŤƽƹͺƸţ�ƿǏƽƖŭ �word embedding������ƻƹƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƠǏƚŮƊŭ�ʬ

��ŪǏƒǁƸţ �ūŤǀŤǏŨƸţ �ƻǅƬ�ƯǏƽƢƸţŏŪǏƸǆʨţ����ǃƽǅƬ�ƿƼ�ŪͺŨƎƸţ �ƿͺƽŮŭ�ͭŮŹ�ƐǁƸţ �ƷǎǇźŭ�ŦŶǎ�ƳƸƂƸ
ƿǏƽƖŭ �ƾŝ ��ǃŮŶƸŤƢƼǆ����ǌǇǁƢƽƸţ �ƷǏŲƽŮƸţ �ͭƸŝ �ƪƀǅŭ �ͯŮƸţ �ūŤƽƹͺƸţ �ƷǏŲƽŮƸ �ŪƱǎƄƙ �ǇǄ �ūŤƽƹͺƸţ

��ūŤǅŶŮƼ�Ʒͺƍ�ɥūŤƽƹͺƹƸŏŪǏƱǏƱŹ����ŪǅŧŤƎŮƽƸţ�ūŤưŤǏƊƸţǆ�ͯǀŤƢƽƸţ�ūţƁ�ūŤƽƹͺƸţ�ƷǏŲƽŭ�ƻŮǎ�ŰǏŹ
�ŪƚƉţǇŧūŤǅŶŮƼ���ŪƦƹƸţ�ŪŶƸŤƢƼ�ɥŪǏšŤƒŹʪţ�ŦǏƸŤƉʨţ�ƿƼ�ƄƦƑř�ŪǎſƀƢƸţ�ūŤǅŶŮƽƸţ�ǂƂǄ��ŪƹűŤƽƼ

���ƺŤưƃř�ͭƸŝ�ūŤƽƹͺƸţ�ƷǎǇźŮƸ�ŪǏƢǏŨƚƸţŏŤʽƖǎř����ǂƂǄūŤǅŶŮƽƸţ��ŏŪǎſƀƢƸţ����ŪŧƃƀƼ�ŬǀŤƴ�ţƁŝŏţĽƀǏŵ����ŤǅǎƀƸ
��ūŤƽƹͺƸţ�ƿǏƽƖŭ�ƀƢǎ��ūŤƽƹͺƸţ�ƿǏŧ�ŪǎǇźǁƸţǆ�ŪǏƸʬƀƸţ�ƘŧţǆƄƸţ�ƃŤǅƝŝ�ͭƹơ�ũƃƀƱƸţƸţ��ƄŶź�ƇŤƉʬţ��

ƀƢƹƸ��ƿǏƽƖŭ�ƯǏƱźŭ�ƿͺƽǎ��ƯǏƽƢƸţ �ƻƹƢŮƸţ �ƺƀžŮƊŭ�ͯŮƸţ �ŪǏƢǏŨƚƸţ�ŪƦƹƸţ �ŪŶƸŤƢƼ�ƫšŤƝǆ�ƿƼ�ƀǎ
��ɥ�ƿǏŮƭƹŮžƼ�ƿǏŮƱǎƄƙ�ƿƼ�ƏǇƒǁƹƸ �ūŤƽƹͺƸţŪƱǎƄƚƸţ��Ƹǆʨţͭŏ����ƠƼ �ƀŹţǆ�Ŭưǆ�ɥƻǅƽǏƹƢŭ �ƻŮǎ
��ǂƂǄ�ɥ�ŪͺŨƎƸţ �Ŧǎƃƀŭ �ŖŤǁűř �ŪǏƊǏšƄƸţ �ŪƽǅƽƸţŏŪƱǎƄƚƸţ����ūŤǅŶŮƽƹƸ �ŪǏƽưƄƸţ �ƻǏƱƸţ �ŖŤƎǀŝ �˟ʬǆř �ƻŮǎ

��ƷͺƎŧ��ŪͺŨƎƸţ�ūŤƱŨƙ�ƷŲƼ�ƿǏƊźŮƸţ�ƶʭŽ�ƿƼ�ƻǏƱƸţ�ǂƂǄ�Űǎƀźŭ�ƻŮǎ�ŦǎƃƀŮƸţ�ŖŤǁűř�ƻű�ͯšţǇƎơ
��ƷŲƼ �ŪƑŤŽ �ūŤǏƼƅƃţǇŽ �ƺţƀžŮƉŤŧ �ŦǎƃƀŮƸţ �ƶʭŽ �ƿƼ �ͯǄ �ŪǏǀŤŲƸţ �ŪƱǎƄƚƸţ ��ǈƄŽʨţfasttext��

ǆGloVe���ƿƼ�ŤǅǏƹơ�ƶǇƒźƸţ�ƻŭ�ͯŮƸţ�ƾţƅǆʨţ�ƺţƀžŮƉţǆ�ŪǏƒǁƸţ�ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴ�ŪơǇƽŶƼ�ͭƹơ
ūŤǏƼƅƃţǇžƸţ�ǂƂǄ�� 

ŪǁƽƖƼ�ūŤǅŶŮƼ�ͭƸŝ�ƐǁƸţ�ūʭŽƀƼ�ƶǇźǀ�Ťǁơſ�ƾʦţ� 

tokenizer = Tokenizer(num_words=5000) 
tokenizer.fit_on_texts(X_train) 
X_train = tokenizer.texts_to_sequences(X_train) 
X_test = tokenizer.texts_to_sequences(X_test) 
vocab_size = len(tokenizer.word_index) + 1 
maxlen = 200 
X_train = pad_sequences(X_train, padding='post', maxlen=maxlen) 
X_test = pad_sequences(X_test, padding='post', maxlen=maxlen) 

��ƺƀžŮƊǁƉ��ūŤƽƹͺƸţ�ƿƽƖƼGloVe��ţƄǏƞǀ�ͭƸŝ�ƐǁƸţ�ūʭŽƀƼ�ƷǎǇźŮƸŤǅŭ����ƷŽſř��ŪǏƽưƄƸţ�ſǇͺƸţ�
ǃƹǎƆǁŮƸ�ǂŤǀſř��

!wget http://nlp.stanford.edu/data/glove.6B.zip 
!unzip glove*.zip 

ƺţƀžŮƉʬ��GloVe�ͯ ƹǎ�Ťƽŧ�ƺǇƱǀ�ŏ��
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from numpy import array 
from numpy import asarray 
from numpy import zeros 
 
embeddings_dictionary = dict() 
 
glove_file = open('glove.6B.100d.txt', encoding="utf8") 
 
for line in glove_file: 
    records = line.split() 
    word = records[0] 
    vector_dimensions = asarray(records[1:], dtype='float32') 
    embeddings_dictionary[word] = vector_dimensions 
glove_file.close() 
 
embedding_matrix = zeros((vocab_size, 100)) 
for word, index in tokenizer.word_index.items(): 
    embedding_vector = embeddings_dictionary.get(word) 
    if embedding_vector is not None: 
        embedding_matrix[index] = embedding_vector 

��ŤǁŵƁǇƽǀ�ŖŤƎǀŞŧ�ƺǇƱǀ�ƻűſǇͺƸŤŧ���ŏ�ƿǏƽƖŭ�ŪƱŨƙǆ�ŏ�ƶŤŽſŝ�ŪƱŨƙ�ͭƹơ�ŤǁŵƁǇƽǀ�ǌǇŮźǏƉ��ͯƸŤŮƸţ
��ŪƱŨƙǆLSTM����Ťǅŧ�������Ťǅŧ�ųţƄŽŝ�ŪƱŨƙǆ�ŪǏŨƒơ�ŪǏƹŽ�����ŤǁǎƀƸ�ƾʨ�ŏ�ŪǏŨƒơ�ŤǎʭŽ���ūŤƼʭơ����ͯƬ
ųţƄŽʪţ��

deep_inputs = Input(shape=(maxlen,)) 
embedding_layer = Embedding(vocab_size, 100, weights=[embedding_matrix], 
trainable=False)(deep_inputs) 
LSTM_Layer_1 = LSTM(128)(embedding_layer) 
dense_layer_1 = Dense(6, activation='sigmoid')(LSTM_Layer_1) 
model = Model(inputs=deep_inputs, outputs=dense_layer_1) 
 
model.compile(loss='binary_crossentropy', optimizer='adam', metrics=['acc']) 

ųƁǇƽǁƸţ�ƐžƹƼ�ƠŨƚǀ�ŤǀǇơſ���

print(model.summary()) 
Model: "model" 
_________________________________________________________________ 
 Layer (type)                Output Shape              Param #    
================================================================= 
 input_1 (InputLayer)        [(None, 200)]             0          
                                                                  
 embedding (Embedding)       (None, 200, 100)          14824300   
                                                                  
 lstm (LSTM)                 (None, 128)               117248     
                                                                  
 dense (Dense)               (None, 6)                 774        
                                                                  
================================================================= 
Total params: 14,942,322 
Trainable params: 118,022 
Non-trainable params: 14,824,300 

�ǁͺƽǎƳ��ˀŧ�ƄǎǇƒŭ��ŪƑŤžƸţ�ŪǏŨƒƢƸţ�ŪͺŨƎƸţ�ŪǏǁƳŧ��ͯƸŤŮƸţ�ſǇͺƸţ�ƺţƀžŮƉŤŧ��

from keras.utils.vis_utils import plot_model 
plot_model(model, to_file='model_plot4a.png', show_shapes=True, 
show_layer_names=True) 
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�
�Ťǅŧ�ƷƼŤͺƸŤŧ�ŪƹƒŮƼ�ũƀŹţǆ�ŪƱŨƙ�ƿƼ�ƾǇƵŮŭ�ųţƄŽʪţ�ŪƱŨƙ�ƾř�ǂʭơř�ƷͺƎƸţ�ƿƼ�ǈƄŭ�ƾř�Ƴǁͺƽǎ��

��Ťǁơſ�ƾʦţ��ŪǏŨƒơ�ŤǎʭŽťƃƀǀ�ųƁǇƽǁƸţ���

history = model.fit(X_train, y_train, batch_size=128, epochs=5, verbose=1, 
validation_split=0.2) 

Epoch 1/5 
798/798 [==============================] - 20s 17ms/step - loss: 0.1193 - acc: 0.9684 - val_loss: 
0.0739 - val_acc: 0.9941 
Epoch 2/5 
798/798 [==============================] - 13s 17ms/step - loss: 0.0643 - acc: 0.9927 - val_loss: 
0.0599 - val_acc: 0.9943 
Epoch 3/5 
798/798 [==============================] - 13s 17ms/step - loss: 0.0572 - acc: 0.9938 - val_loss: 
0.0573 - val_acc: 0.9935 
Epoch 4/5 
798/798 [==============================] - 13s 17ms/step - loss: 0.0548 - acc: 0.9939 - val_loss: 
0.0566 - val_acc: 0.9943 
Epoch 5/5 
798/798 [==============================] - 14s 17ms/step - loss: 0.0523 - acc: 0.9940 - val_loss: 
0.0542 - val_acc: 0.9942 

��ƻǏǏƱŮŧ�ƾʦţ�ƻƱǁƸƸţ��ŪơǇƽŶƼ�ͯƬ�ųƁǇƽǁƃŤŨŮŽʬţ���

score = model.evaluate(X_test, y_test, verbose=1) 
print("Test Score:", score[0]) 
print("Test Accuracy:", score[1]) 

998/998 [==============================] - 6s 6ms/step - loss: 0.0529 - acc: 0.9938 
Test Score: 0.05285229906439781 
Test Accuracy: 0.9937959909439087 

��ƯƱŹ�ƀƱƸųƁǇƽǁƸţ����ͭƸŝ�Ʒƒŭ�Ūưſ��ǆ�ƃŤŨŮŽʬţ�ŪơǇƽŶƼ�ͯƬ�ǚ��ƻƉƄŧ�Ťǁƽư�ŏ�ţʽƄǏŽř��ƅŤŮƽƼ�ƄƼř�ǇǄ
��ƻǏưŚƚžƸţ����ŦǎƃƀŮƸţ �ūŤơǇƽŶƽƸ �ŪưƀƸţǆƃŤŨŮŽʬţǆ����ƾŤƴ�ţƁŝ �ŤƼ �ŪƬƄƢƽƸųƁǇƽǁƸţ����ͭƸŝ �ǈſř �ƀư

overfitting��

import matplotlib.pyplot as plt 
 
plt.plot(history.history['acc']) 
plt.plot(history.history['val_acc']) 
 
plt.title('model accuracy') 
plt.ylabel('accuracy') 
plt.xlabel('epoch') 
plt.legend(['train','test'], loc='upper left') 
plt.show() 
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�
plt.plot(history.history['loss']) 
plt.plot(history.history['val_loss']) 
 
plt.title('model loss') 
plt.ylabel('loss') 
plt.xlabel('epoch') 
plt.legend(['train','test'], loc='upper left') 
plt.show() 

�
ſŜǎ�ƻƸ�ŏ�ǂʭơř�ƃǇƒƸţ�ͯƬ�ƾǆƄŭ�Ťƽƴǌ����ͭƸŝ�ųƁǇƽǁƸţoverfitting����

LSTM

��ŦǎǇƸţ�ūţǆſř�ƃǇǅƝ�ƠƼ�����ƷƑţǇŮƸţ�ƷšŤƉǆ�ƃǇǅƝǆŏͯơŤƽŮŵʬţ����ŪǎƄƎŨƸţ�ūŤƢƽŮŶƽƸţ�ũŤǏŹ�ŬźŨƑř
��ǂƂǄ�ͯƼƀžŮƊƼ�ƷŨư�ƿƼ�ūŤǀŤǏŨƸţ�ƿƼ�ŪƹšŤǄ�ūŤǏƽƴ�ųŤŮǀŝ�ͭƸŝ�ƳƸƁ�ǈſř�ƀưǆ��ũƀƎŧ�ŪͺŧŤƎŮƼ�ƺǇǏƸţ
��ͭƹơ�ƶǇƒźƹƸ�ŤǅƼţƀžŮƉţ�ƿͺƽǎ�ͯŮƸţǆ�Ť̔ƼţƀžŮƉţ�ūŤǀŤǏŨƸţ�ƄŲƴř�ƿƼ�ŪǏƒǁƸţ�ūŤǀŤǏŨƸţ�ƀƢŭ��ƘšŤƉǇƸţ

Ƽ��ƷŲƼ�ŪƭƹŮžƽƸţ�ŤǅƸŤͺƍŚŧ�ͯơŤƽŮŵʬţ�ƷƑţǇŮƸţ�ƷšŤƉǆ�ǌſŜŭ��ŪƭƹŮžƼ�ƠǏƕţǇƼ�ƶǇŹ�ŪƽǅƼ�ūŤƼǇƹƢ
��ͭƸŝ�ŤƼǆ�ūŤƱǏƹƢŮƸţ�ƠưţǇƼǆ�ūŤǀǆƀƽƸţǆ�ūŤǎƀŮǁƽƸţŏƳƸƁ����ƷͺƎŧ�ūŤǀŤǏŨƸţ�ƿƼ�ũƄǏŨƴ�ūŤǏƽƴ�ųŤŮǀŝ�ͭƸŝ

��ūŤƴƄƎƸţǆ �ūŤƼƀžƸţ �ƶǇŹ �Ƅƞǀ �ūŤǅŵǆǆ �ūţſŤƱŮǀţǆ �ūŤƱǏƹƢŭ �Ʒͺƍ �ɥūŤǀŤǏŨƸţ �ǂƂǄ ��ͯƼǇǎ
ūŤƽƞǁƽƸţǆ� ���ŤǅƼƀƱǎ �ͯŮƸţ �ūŤƱǏƹƢŮƸţ ��ūŤơǇƕǇƽƸţǆ �ŤǎŤƖƱƸţǆ �ƏŤžƍʨţǆ �ůţƀŹʨţǆ

��ͭƹơ�ƄŶŮƼ�ɥ�ŪǏƹƽơǆ�ţĽƀŵ�ŪƽǅƼ�ŪǏơŤƽŮŵʬţ �ūŤͺŨƎƸţ �ͭƹơ�ƾǇƼƀžŮƊƽƸţŏŬǀƄŮǀʪţ����ƾř �ƿͺƽǎ
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��ŖʭƽƢƸţ�Ťƕƃ�ǈǇŮƊƼ�ŤƼ�ŴŮǁƼ�ƶǇŹ�ŪƭƹŮžƽƸţ�ƄƞǁƸţ�ūŤǅŵǆǆ�Ŗţƃʦţ�ƈƵƢŭŏǃŭſǇŵǆ���ƿͺƽǎ�ͯŮƸţǆ

ǎƄŮƎƽƹƸ�ŤʽƢšţƃ�ʛĽʢǏƸſ�ƾǇƵŭ�ƾř��ƿƼ�ƷšŤǅƸţ�ƻͺƸţ�ţƂǄ�ƻǏƞǁŭǆ�ƫǏǁƒŭ�ƷǅƊƸţ�ƿƼ�ƈǏƸ��ƿǎƄŽʦţ�ƿ
��ƿǏƢƼ�ƟǇƕǇƼ�ƶǇŹ�Ťʽǎǆƀǎ�ŖţƃʦţŏƳƸƂƸ���ƶŤŶƼ�ƃǇǅƝ�ͭƸŝ�Ŗţƃʦţ�ƠƽŶƸ�ͯƸŗ�ƺŤƞǀ�ͭƸŝ�ŪŵŤźƸţ�ūſř

�ͭƽƊǎ�ƀǎƀŵ�Űźŧ�ƷǏƹźŭ�ƄơŤƎƽƸţ��Sentiment analysis��ƷǏƹźŭ��ƄơŤƎƽƸţ���ͯƉţƃſ�ƶŤŶƼ�ǇǄ
��ƀƱǁƸţǆ�ƺŤͺŹʨţǆ�ƃŤƵƬʨţǆ�ƫưţǇƽƸţǆ�Ŗţƃʦţǆ�ƄơŤƎƽƸţ�ƫǏǁƒŭǆ�ųţƄžŮƉţǆ�ƀǎƀźŭ�ͯƊǏšƄƸţ�ǃƬƀǄ

��ƾǆſ�ƳƸƁ�ͭƸŝ�ŤƼǆ�ůţƀŹʨţǆ�ūŤƽƞǁƽƸţǆ�ūŤǁšŤͺƸţ�ǂŤŶŭ�ƄƞǁƸţ�ūŤǅŵǆǆƷơŤƭŭ����Ʒͺƍ�ɥǌƄƎŧ
�ũƀǎŤźƼ�ūŤŢƬ�ǆř�ǍŨƹƉ�ǆř�ǍŧŤŶǎŝ�

Ƹ �ƾǇŲŹŤŨƸţ �ŤƽǅƼƀžŮƊǎ �ƾţƂƹƸţ �ƾŤƭƹŮžƽƸţ �ƾŤŶǅǁƸţ��ƾŤŶǅǀ �ŤƽǄ �ƐǁƸţ �ͯƬ �ƄơŤƎƽƸţ �ƫǏǁƒŮ
��ūţſƄƭƽƸţ�ͭƹơ�ƾţƀƽŮƢǎƻƹƢŭ�ǆ����ƻšŤƱƸţ�ŴǅǁƸţ�ƆƴƄǎ��ƿǏǁűʬţ�ƿƼ�Ť̔ŶǎƆƼ�ƄŽŗ�Ŵǅǀ�ƃŤŨŮơţ�ƿͺƽǎ��ŪƸʦţ

��ǂŤŶŭţ�ͯƬ�ƫǏǁƒŮƸţ�ŪǏƹƽơ�ǃŵǇŭ�ƾř�ƿͺƽǎ�ͯŮƸţ�ūţƃŤŨƢƸţ�ǆř�ūŤƽƹͺƸţ�ųţƄžŮƉţ�ͭƹơ�ūţſƄƭƽƸţ�ͭƹơ
��ūţƁ�ūŤƽƹͺƸţ �ſƄƊƼ�ƶʭŽ�ƿƼ�ǃŵţƄžŮƉţ �ƻŮǎ �ſƀźƼ�ͯƸʬſ�ŖŦơ�ŤǅƸ �Ūƽƹƴ�Ʒƴ��ſƀźƼ�ͯƸʬſ

ǆ�ŪǏŧŤŶǎʪţ�ŪǏƭƙŤƢƸţ�ūŤǁźƎƸţ��ƷƽźƸţ�ƗŤƱǀ�ŪƬŤƕŝ�ƯǎƄƙ�ƿơ��ƷƢƭƸŤŧ�ŤǅƹǏŶƊŭ�ƻŭ�ͯŮƸţ�ŪǏŨƹƊƸţ
��ͭƹơ�ƶǇƒźƸţ�ƻŮǎ�ŏ�ŪŨƸŤƊƸţǆ�ŪŨŵǇƽƸţ�ūŤǁźƎƸţ�ūţƁ�ūŤƽƹͺƸţ�ſƀơ�ťŤƊŹ�ǆř�ūŤƽƹͺƹƸ�ͯƭƙŤƢƸţ
���ƄơŤƎƽƸţ�ƷǏƹźŮƸ�ƮƄƙ�ũƀƢŧ�ǃƼţƀžŮƉţǆ�ͯƸʦţ�ƻƹƢŮƸţ�Ŵǅǀ�ƈǎƃƀŭ�ƿͺƽǎ��ŪƹƽŶƹƸ�ŪƼŤƢƸţ�ŪǏŨƚƱƸţ

ǎŏ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƻƹƢŮƸţ�Ơƕǆ�ͯƬƪţƄƍʪţ�ƻŮ����ͭƹơ��Ŧǎƃƀŭ�ūŤǀŤǏŧ�ŪơǇƽŶƽŧ�ŦǎƃƀŮƸţ�ųƁǇƽǀ
Ƹ �ŤĽƱŨƊƼ �ŪƭǁƒƼǏ��ŪǅŵţǇƼ �ͯƬ �ŪŧƃƀƽƸţ �ūŤǀŤǏŨƹƸ �ǃŧŤƎƼ �ƷͺƎŧ �ƪƄƒŮƸţǆ �ƻƹƢŮƸţ �ͭƹơ �ţʽƃſŤư �ƾǇͺ

�ŪǏšƄƽƸţ�ƄǏƥ�ūŤǀŤǏŨƸţ��
��ƻƹƢŮƸţ�ͭƹơ�ƻšŤƱƸţ�ƷǏŲƽŮƸţ�ųƁŤƽǀ�ƾř�ƠƉţǆ�ƮŤƚǀ�ͭƹơ�ƾǇŲŹŤŨƸţ�ŬŨűř�ŏ�ũƄǏŽʨţ�ūţǇǁƊƸţ�ͯƬ

ƹơŤƬ�ƄŲƴř�ƯǏƽƢƸţ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ŴǄŤǁƼ�ſŤƽŮơţ�ƠŵƄǎ��ƄơŤƎƽƸţ�ƫǏǁƒŮŧ�ŪƱƹƢŮƽƸţ�ŤǎŤƖƱƸţ�ͯƬ�ŪǏ
��ͯŮƸţǆ�ŏ�ŤʽǏšŤƱƹŭ�ūţƆǏƽƸţ�ƻƹƢŭ�ͭƹơ�ƯǏƽƢƸţ�ƻƹƢŮƸţ�ųƁŤƽǁƸ�ţĽƀŵ�ŪǏƸŤƢƸţ�ũƃƀƱƸţ�ͭƸŝ�ƄơŤƎƽƸţ�ƷǏƹźŭ�ͯƬ
��ƺţƀžŮƉţ�ǈſř�ŏ�ŪǏƢǏŨƚƸţ�ŪƦƹƸţ�ŪŶƸŤƢƼ�ūʬŤŶƼ�ƿƼ�ƀǎƀƢƸţ�ͯƬ��ƷƖƬř�Ŗţſřǆ�Ūưſ�ƯƱźŭ�ƾř�ƿͺƽǎ

ƢŮƸţ��ƻƹƯǏƽƢƸţ���ŦǏƸŤƉʨţǆ �ͯƸʦţ �ƻƹƢŮƸţ �ŪƚƉţǇŧ �ŤĽƱŧŤƉ �ŪƼƀžŮƊƽƸţ �Ƴƹŭ �ƅǆŤŶŮŭ �ŴšŤŮǀ �ͭƸŝ
�ŪǏšŤƒŹʪţ�

��ͯƬ�ƄơŤƎƽƸţ�ƷǏƹźŮƸ�ųƁǇƽǀ�ŖŤǁŨŧ�ƻƱǁƹƬ�ŏ�ƄơŤƎƽƸţ�ƷǏƹźŮŧ�Ūǎţƃſ�ͭƹơ�ŬźŨƑř�ƾř�ƀƢŧ�ƾʦţ
��ƶŤŶƼŪƢŵţƄƼ����ŪͺŨƍ�ũƀơŤƊƽŧ�ƺʭƬʨţLSTM��ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƺƀžŮƊǀ�ŏ�ƂǏƭǁŮƸţ�ţƂǅƸ��IMDB��

��ūŤǀŤǏŧ�ŪơǇƽŶƼ�ŪŨŮͺƼ�ͯƬ�ƷƢƭƸŤŧ�ŪǁƽƖƼ�Ťǅǀř�ͯƬ�ǂƂǄ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ũƆǏƼ�ƷŲƽŮŭKeras��
��ƺǇƱǀ�ŏ�˟ʬǆřƷǏƽźŮŧ��ͯƸŤŮƸţ�ſǇͺƸţ�ƄŨơ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ��

from keras.datasets import imdb  
top_words = 5000  
(X_train, y_train), (X_test, y_test) = imdb.load_data(num_words=top_words) 

��Ŧǎƃƀŭ�ƿǏŮơǇƽŶƼ�ͭƸŝ�ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ǂʭơř�ſǇͺƸţ�ƻƊƱǎƃŤŨŮŽţǆ����ƻŮǎ�ǌƂƸţ�ŬưǇƸţ�ƈƭǀ�ͯƬ
��ƷƖƬř�ƷǏƽźŭ�ǃǏƬ������ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ͭƹơ�ũƄƞǀ�ͯƱƹǀ�Ťǁơſ��ŪƢŵţƄƼ�ƷͺƸ�Ūƽƹƴ���

X_train 
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array([list([1, 14, 22, 16, 43, 530, 973, 1622, 1385, 65, 458, 4468, 66, 3941, 4, 173, 36, 256, 5, 
25, 100, 43, 838, 112, 50, 670, 22665, 9, 35, 480, 284, 5, 150, 4, 172, 112, 167, 21631, 336, 385, 
39, 4, 172, 4536, 1111, 17, 546, 38, 13, 447, 4, 192, 50, 16, 6, 147, 2025, 19, 14, 22, 4, 1920, 
4613, 469, 4, 22, 71, 87, 12, 16, 43, 530, 38, 76, 15, 13, 1247, 4, 22, 17, 515, 17, 12, 16, 626, 
18, 19193, 5, 62, 386, 12, 8, 316, 8, 106, 5, 4, 2223, 5244, 16, 480, 66, 3785, 33, 4, 130, 12, 
16, 38, 619, 5, 25, 124, 51, 36, 135, 48, 25, 1415, 33, 6, 22, 12, 215, 28, 77, 52, 5, 14, 407, 
16, 82, 10311, 8, 4, 107, 117, 5952, 15, 256, 4, 31050, 7, 3766, 5, 723, 36, 71, 43, 530, 476, 26, 
400, 317, 46, 7, 4, 12118, 1029, 13, 104, 88, 4, 381, 15, 297, 98, 32, 2071, 56, 26, 141, 6, 194, 
7486, 18, 4, 226, 22, 21, 134, 476, 26, 480, 5, 144, 30, 5535, 18, 51, 36, 28, 224, 92, 25, 104, 
4, 226, 65, 16, 38, 1334, 88, 12, 16, 283, 5, 16, 4472, 113, 103, 32, 15, 16, 5345, 19, 178, 32]), 
       list([1, 194, 1153, 194, 8255, 78, 228, 5, 6, 1463, 4369, 5012, 134, 26, 4, 715, 8, 118, 
       ..., 
       list([1, 1446, 7079, 69, 72, 3305, 13, 610, 930, 8, 12, 582, 23, 5, 16, 484, 685, 54, 349, 
11, 4120, 2959, 45, 58, 1466, 13, 197, 12, 16, 43, 23, 21469, 5, 62, 30, 145, 402, 11, 4131, 51, 
575, 32, 61, 369, 71, 66, 770, 12, 1054, 75, 100, 2198, 8, 4, 105, 37, 69, 147, 712, 75, 3543, 44, 
257, 390, 5, 69, 263, 514, 105, 50, 286, 1814, 23, 4, 123, 13, 161, 40, 5, 421, 4, 116, 16, 897, 
13, 40691, 40, 319, 5872, 112, 6700, 11, 4803, 121, 25, 70, 3468, 4, 719, 3798, 13, 18, 31, 62, 
40, 8, 7200, 4, 29455, 7, 14, 123, 5, 942, 25, 8, 721, 12, 145, 5, 202, 12, 160, 580, 202, 12, 6, 
52, 58, 11418, 92, 401, 728, 12, 39, 14, 251, 8, 15, 251, 5, 21213, 12, 38, 84, 80, 124, 12, 9, 
23]), 
       list([1, 17, 6, 194, 337, 7, 4, 204, 22, 45, 254, 8, 106, 14, 123, 4, 12815, 270, 14437, 5, 
16923, 12255, 732, 2098, 101, 405, 39, 14, 1034, 4, 1310, 9, 115, 50, 305, 12, 47, 4, 168, 5, 235, 
7, 38, 111, 699, 102, 7, 4, 4039, 9245, 9, 24, 6, 78, 1099, 17, 2345, 16553, 21, 27, 9685, 6139, 
5, 29043, 1603, 92, 1183, 4, 1310, 7, 4, 204, 42, 97, 90, 35, 221, 109, 29, 127, 27, 118, 8, 97, 
12, 157, 21, 6789, 85010, 9, 6, 66, 78, 1099, 4, 631, 1191, 5, 2642, 272, 191, 1070, 6, 7585, 8, 
2197, 70907, 10755, 544, 5, 383, 1271, 848, 1468, 12183, 497, 16876, 8, 1597, 8778, 19280, 21, 60, 
27, 239, 9, 43, 8368, 209, 405, 10, 10, 12, 764, 40, 4, 248, 20, 12, 16, 5, 174, 1791, 72, 7, 51, 
6, 1739, 22, 4, 204, 131, 9])], 
      dtype=object) 

��ŏ�ǂʭơř�ūŤǀŤǏŨƸţ�ͭƸŝ�ūƄƞǀ�ţƁŝ��ūŤƽƹͺƸţ�ƠǏƽŵ��ƷƢƭƸŤŧ�ŤǅŮŶƸŤƢƼ�Ŭƽŭ�ƀư�ūŤǀŤǏŨƸţ�ƾř�ƜŹʭŮƉ
��ŦƊŹ�ŪŨŭƄƼ�ūŤƽƹͺƸţ�ŪźǏźƒƸţ�ſţƀơʨţ�ƷŲƽŭǆ�ŏ�ŪźǏźƑ�ſţƀơŚŧ�ŪŧǇŮͺƼŤǄƃţƄƵŭ�ſƀơ��ͭƹơ��

��ƷŲƽŭ �ŏ �ƶŤŲƽƸţ �ƷǏŨƉ�����ǆ �ŏ �ŤʽƼţƀžŮƉţ �ƄŲƴʨţ �ŪƢŧţƄƸţ �ŪƽƹͺƸţ�����ƄŲƴʨţ �ŪƊƼŤžƸţ �ŪƽƹͺƸţ �ƷŲƽŭ
��ŸǏźƒƸţ�ſƀƢƸţ��ţƂͺǄǆ�ŏ�ŤʽƼţƀžŮƉţ���Ƽ��ŸǏźƒƸţ�ſƀƢƸţǆ�ŏ�ŪǎţƀŨƸţ�ŪƼʭƢƸ�ƅǇŶź�����ŪƽƹͺƸ�ƅǇŶźƼ

��ǆ�ŏ �ŪƬǆƄƢƼ�ƄǏƥ�����ͭƹơ�ũƄƞǀ�ŖŤƱƸŝ �ƀǎƄŭ �Ŭǁƴ�ţƁŝ ��ǇƎźƹƸūŤƢŵţƄƽƸţ���ǃŨŮƴ�ŤƼ�ŪƬƄƢƼǆ�ƳƊƭǁŧ
ŤʽƖǎř�ǂŤŶŭʬţ�ţƂǄ�ƈƵơ�Ƴǁͺƽǎ�ŏ�ƏŤžƍʨţ���

word_index = imdb.get_word_index() # get {word : index} 
index_word = {v : k for k,v in word_index.items()} # get {index : word} 
index = 1 
print(" ".join([index_word[idx] for idx in x_train[index]])) 
print("positve" if y_train[index]==1 else "negetive") 

the thought solid thought senator do making to is spot nomination assumed while he of 
jack in where picked as getting on was did hands fact characters to always life 
thrillers not as me can't in at are br of sure your way of little it strongly random 
to view of love it so principles of guy it used producer of where it of here icon film 
of outside to don't all unique some like of direction it if out her imagination below 
keep of queen he diverse to makes this stretch stefan of solid it thought begins br 
senator machinations budget worthwhile though ok brokedown awaiting for ever better 
were lugia diverse for budget look kicked any to of making it out bosworth's follows 
for effects show to show cast this family us scenes more it severe making senator to 
levant's finds tv tend to of emerged these thing wants but fuher an beckinsale cult as 
it is video do you david see scenery it in few those are of ship for with of wild to 
one is very work dark they don't do dvd with those them 
negetive 

��ƪʭŮŽʬ�ţʽƄƞǀūŤƢŵţƄƽƸţ����Ʒƴ�ƻǏƊƱŭ�ƀǎƄǀ�ŤǁǀŞƬ�ŏ�ƶǇƚƸţ�ŰǏŹ�ƿƼŪƢŵţƄƼ����ƶǆř�ͭƸŝ�������Ūƽƹƴ
��ŬǀŤƴ�ţƁŝ ��ŪǏŨƒƢƸţ �ŤǁŮͺŨƍ�ͯƬ�ŤǅƸŤŽſŝ �ƿƼ�ƿͺƽŮǀ �ͭŮŹ�ƶǇƚƸţ �ƈƭǁŧ �ŪǏƒǀ�ūŤǁǏơ�ͭƸŝ �ųŤŮźǀ

��ƿƼ�Ƅƒưř�ūŤƢŵţƄƽƸţ�����Ƅƭƒŧ�ŤǅƭǏƖǀ�ŏ�Ūƽƹƴ���
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����ƀƢǎKeras��Ƹţ�ŪƱŨƊƽƸţ�ŪŶƸŤƢƽƸţ�ūţŖţƄŵŝ�ƿƼ�ŪơǇƽŶƼ�ƄƬǇǎ�ǃǀʨ�ŏ�ţƂǅƸ�ŤʽƢšţƃ�ŤǄśţƄŵŝ�ƿͺƽǎ�ͯŮ

ŤǁƸ�ŪŨƊǁƸŤŧ�ŪƸǇǅƊŧ� 

word_index = imdb.get_word_index() # get {word : index} 
index_word = {v : k for k,v in word_index.items()} # get {index : word} 
index = 1 
print(" ".join([index_word[idx] for idx in x_train[index]])) 
print("positve" if y_train[index]==1 else "negetive") 

ǂʭơř�ſǇͺƸţ�ǃƹƢƬ�ŤƼ�ǈƄǀǆ�ͯšţǇƎơ�ƷͺƎŧ�ūŤǀŤǏŨƸţ�ƿƼ�ŪǁǏơ�ƃŤŮžǀ�Ťǁơſ�ŏ�ƷƖƬř�ƻǅƭƸ���
X_train[125] 

array([    0,     0,     0,     0,     0,     0,     0,     0,     0, 
           0,     0,     0,     0,     0,     0,     0,     0,     0, 
           0,     0,     0,     0,     0,     0,     0,     0,     0, 
           0,     0,     0,     0,     0,     0,     0,     0,     0, 
           0,     0,     0,     0,     0,     0,     0,     0,     0, 
           0,     0,     0,     0,     0,     0,     0,     0,     0, 
           0,     0,     0,     0,     0,     0,     0,     1,    11, 
           6,    58,    54,     4, 14537,     5,  6495,     4,  2351, 
        1630,    71, 13202,    23,    26, 20094, 40865,    34,    35, 
        9454,  1680,     8,  6681,   692,    39,    94,   205,  6177, 
         712,   121,     4, 18147,  7037,   406,  2657,     5,  2189, 
       61778,    26, 23906, 11420,     6,   708,    44,     4,  1110, 
         656,  4667,   206,    15,   230, 13781,    15,     7,     4, 
        4847,    36,    26, 54759,   238,   306,  2316,   190,    48, 
          25,   181,     8,    67,     6,    22,    44,    15,   353, 
        1659, 84675,  3048,     4,  9818,   305,    88, 11493,     9, 
          31,     7,     4,    91, 12789, 53410,  3106,   126,    93, 
          40,   670,  8759, 41931,     6,  6951,     4,   167,    47, 
         623,    23,     6,   875,    29,   186,   340,  4447,     7, 
           5, 44141,    27,  5485,    23,   220,   175,  2122,    10, 
          10,    27,  4847,    26,     6,  5261,  2631,   604,     7, 
        2118, 23310, 36011,  5350,    17,    48,    29,    71, 12129, 
          18,  1168, 38886, 33829,  1918, 31235,  3255,  9977, 31537, 
        9248,    40,    35,  1755,   362,    11,     4,  2370,  2222, 
          56,     7,     4, 23052,  2489,    39,   609, 82401, 48583, 
           6,  3440,   655,   707,  4198,  3801,    37,  4486,    33, 
         175,  2631,   114,   471,    17,    48,    36,   181,     8, 
          30,  1059,     4,  3408,  5963,  2396,     6,   117,   128, 
          21,    26,   131,  4218,    11, 20663,  3826, 14524,    10, 
          10,    12,     9,   614,     8,    97,     6,  1393,    22, 
          44,   995,    84, 21800,  5801,    21,    14,     9,     6, 
        4953,    22,    44,   995,    84,    93,    34,    84,    37, 
         104,   507, 11076,    37,    26,   662,   180,     8,     4, 
        5075,    11,   882,    71,    31,     8, 39022, 36011, 31537, 
           5, 48583,    19,  1240, 31800,  1806, 11521,     5,  7863, 
       28281,     4,   959,    62,   165,    30,     8,  2988,     4, 
        2772,  1500,     7,     4,    22,    24,  2358,    12,    10, 
          10, 22993,   238,    43,    28,   188,   245,    19,    27, 
         105,     5,   687,    48,    29,   562,    98,   615,    21, 
          27,  8500,     9,    38,  2797,     4,   548,   139,    62, 
        9343,     6, 14053,   707,   137,     4,  1205,     7,     4, 
        6556,     9,    53,  2797,    74,     4,  6556,   410,     5, 
          27,  5150,     8,    79,    27,   177,     8,  3126,    19, 
          33,   222,    49, 22895,     7, 14090,   406,  5424,    38, 
        4144,    15,    12,     9,   165,  2268,     8,   106,   318, 
         760,   215,    30,    93,   133,     7, 31537,    38,    55, 
          52,    11, 26149, 17310,  1080, 24192, 68007,    29,     9, 
        6248,    78,   133,    11,     6,   239,    15,     9,    38, 
         230,   120,     4,   350,    45,   145,   174,    10,    10, 
       22993,    47,    93,    49,   478,   108,    21,    25,    62, 
         115,   482,    12,    39,    14,  2342,   947,     6,  6950, 
           8,    27,   157,    62,   115,   181,     8,    67,   160, 
           7,    27,   108,   103,    14,    63,    62,    30,     6, 
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          87,   902,  2152,  3572,     5,     6,   619,   437,     7, 
           6,  4616,   221,   819,    31,   323,    46,     7,   747, 
           5,   198,   112,    55,  3591], dtype=int32) 

��ƿƼ�Ʒưř�ƾŤƴ�ţƂǄ�ƶǇƚƸţ�ƷŶƉ�ƾʨ�ţʽƄƞǀ�ŏ�ǂʭơř�ǈƄŭ�Ťƽƴ�������ƻưƃ�Ơƕǆ�ƻŮǎ�ŏ�Ūƽƹƴ�����ƾǇͺǏƸ�ǃƼŤƼř
��ƶǇƚƸţ�ƷŶƉ������

��ŖŤǁŧ�ͯƬ�ŖƀŨƸţ�ƾʦţ�Ťǁǁͺƽǎǆ�ƷƽŮƴţ�ƀư�ŤǁǎƀƸ�ūŤǀŤǏŨƸţ�ŪŶƸŤƢƼ�Ʒƽơ�ƾř�ŪƎǄƀƹƸ�ƄǏŲƽƸţ�ƿƼ�ųƁǇƽǁƸţ���
from keras.models import Sequential 
from keras.layers import Embedding 
from keras.layers import LSTM, Dense   
embedding_vector_length = 32  
model = Sequential()  
model.add(Embedding(top_words, embedding_vector_length, 
input_length=max_review_length))  
model.add(LSTM(100))  
model.add(Dense(1, activation='sigmoid'))  
model.compile(loss='binary_crossentropy',optimizer='adam', 
metrics=['accuracy'])  
print(model.summary()) 

Model: "sequential_2" 
_________________________________________________________________ 
 Layer (type)                Output Shape              Param #    
================================================================= 
 embedding (Embedding)       (None, 500, 32)           160000     
                                                                  
 lstm (LSTM)                 (None, 100)               53200      
                                                                  
 dense (Dense)               (None, 1)                 101        
                                                                  
================================================================= 
Total params: 213,301 
Trainable params: 213,301 
Non-trainable params: 0 
_________________________________________________________________ 
None 

ƾŤŮƱǎƄƙ�ƲŤǁǄ�ŏ�ŤĽƱŧŤƉ�ŤǀƄƴƁ�Ťƽƴ����ŤǁƼƀžŮƉţ�ƯŧŤƊƸţ�ƶŤŲƽƸţ�ͯƬ��ūŤƽƹͺƸţ�ƿǏƽƖŮƸƿƽƖƼ����ūŤƽƹͺƸţ
ŤƱŨƊƼ�ťƃƀƽƸţ��ŪƱŨƙ�ƺƀžŮƊǀ�ƶŤŲƽƸţ�ţƂǄ�ͯƬ��embedding��ŪƱŨƙ�ƻƹƢŮŭ��Embedding����ƿǏƽƖŭ

ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƿƼ�Ūƽƹƴ���
��ƾʦţ�ŬưǇƸţ�ƾŤŹŦǎƃƀŮƸ��ųƁǇƽǁƸţ���

model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=5, 
batch_size=32) 

Epoch 1/5 
782/782 [==============================] - 82s 103ms/step - loss: 0.4681 - accuracy: 
0.7815 - val_loss: 0.3702 - val_accuracy: 0.8430 
Epoch 2/5 
782/782 [==============================] - 79s 101ms/step - loss: 0.3340 - accuracy: 
0.8618 - val_loss: 0.3984 - val_accuracy: 0.8299 
Epoch 3/5 
782/782 [==============================] - 80s 102ms/step - loss: 0.2669 - accuracy: 
0.8954 - val_loss: 0.3272 - val_accuracy: 0.8657 
Epoch 4/5 
782/782 [==============================] - 80s 102ms/step - loss: 0.2259 - accuracy: 
0.9117 - val_loss: 0.3122 - val_accuracy: 0.8713 
Epoch 5/5 
782/782 [==============================] - 79s 101ms/step - loss: 0.1912 - accuracy: 
0.9270 - val_loss: 0.3399 - val_accuracy: 0.8604 



 169 ·Y�¶�¨��]Y�·Y���ÈÌ^� ·Y�È°^�·Y�Ç��°f¼·Y�

 
ųƁǇƽǁƸţ�Ŗţſř�ƻǏǏƱŮƸ�ŬưǇƸţ�ƾŤŹ�ŏ�ųƁǇƽǁƸţ�Ŧǎƃƀŭ�ƿƼ�ŖŤǅŮǀʬţ�ƀƢŧ�� 

scores = model.evaluate(X_test, y_test, verbose=0)  
print("Accuracy: %.2f%%" % (scores[1]*100)) 

Accuracy: 86.04% 

��ƿƼ�ųƁǇƽǁƸţ�ƿͺƽŭ�ƀƱƬ�ŏŸƖŮǎ�Ťƽƴ��ͯƸţǇŹ�ƤƹŨŭ�Ūưſ�ƯǏƱźŭ����ͭƸŝ�ƄƞǁƸŤŧ�ƅŤŮƽƼ�ƄƼř�ǇǄǆ�ŏ�ǚ
ƿͺƽƼ�ųƁǇƽǀ�ƷƖƬř�ƈǏƸ�ųƁǇƽǁƸţ�ţƂǄ�ƾŞƬ�ŏ�ƳƸƁ�ƠƼǆ��ŪŨƢƒƸţ�ŪƹͺƎƽƸţ��ǃŮŧŤŮƴ�Ƴǁͺƽǎ�ŏƿǎƄƽŮƴ��

��ŪŧƄŶŭ�ƶʭŽ�ƿƼ�ŴšŤŮǁƸţ�ŪǎśƃūʭƼŤƢƼ��ŪƱšŤƬ����ŏ�ŤʽƖǎř��Ŗţſʨţ�ͯƸŤơ�ųƁǇƽǀ�ŖŤǁŧǆ�ŪƭƹŮžƼ�Ƴǁͺƽǎ
ŚƚžƸţ�ƘƚžƼ�ƻƉƃ��ŪưƀƸţǆ����ͭƸŝ�ǌſŜŭ�ųƁŤƽǁƸţ�ŬǀŤƴ�ţƁŝ�ŤƼ�ŪƬƄƢƼǆ�ųƁŤƽǁƹƸoverfitting��ŤƽǏƬ��

��ͯƬ�Ƴǎřƃ�ŤƼ�ŏ�ǂʭơř�ųƁǇƽǁƸŤŧ�ƯƹƢŮǎ��ƀšţƆƸţ�ƘŨƖƸŤŧoverfitting��ŕ�

�

�

� ��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ͯƖƱŭ�ũƃƄƵŮƽƸţ���ŪǏƼŤƼř�ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ͯƬ�ƃǇƒƱƸţ�ǃŵǆř�ͭƹơ���ŪǎƂƦŮƸţ�� 
� �ūŤͺŨƍ��RNN����ǈƀƽƸţ�ŪƹǎǇƙ�ūŤǏƢŨŮƸţ�ƻƹƢŭ�ͭƹơ�ũƃſŤư�ŬƊǏƸ�ŪƚǏƊŨƸţ 
� ��ƧƸ�ƿͺƽǎLSTM����ŤǅƹͺǏǄ�ͯƬ�ŪƑŤŽ�ũƄƴţƁ�ŪǏƹŽ�ſǇŵǆ�ŦŨƊŧ�ǈƀƽƸţ�ŪƹǎǇƙ�ūŤǏƢŨŭ�ƿǎǇƵŭ 

��ŤǅͺƹŮƽŭ�ͯŮƸţ�ūŤŧţǇŨƸţ�ſƀơ�ƻƴLSTM���ŕŤǅǁƼ�Ʒƴ�ƃǆſ�ǇǄ�ŤƼǆ�

�

�
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��ţƂǄ�ͯƬŏƷƒƭƸţ����ųƁŤƽǀ�ƿƼ�ŪơǇƽŶƼ�ƻǎƀƱŭ�ƺƆŮƢǀƀƸǇƽƸţ����ŪǎƄƞǀ�ƻǏǄŤƭƼ�ƔƢŧ�ͭƹơ�ʽŖŤǁŧ��ŪŨƢƹƸţ
ŪǎſŤƢƼ�Ŧǎƃƀŭ�ŪƱǎƄƙ�ͯǄ�ƻǅŧ�ŪƑŤžƸţ�ŪǏƊǏšƄƸţ�ŪƽƊƸţ���ŪƼǇƒŽ����ƿǏŧ�ƆǏǏƽŮƸţ�ŪƬƄƢƼ�ͭƸŝ�ƪƀǅŭ

��ƾǇͺƼ�ƶʭŽ�ƿƼ�ŪƭǎƆƽƸţǆ�ŪǏƱǏƱźƸţ�ūŤǁǏƢƸţŏƀŹţǆ����ŬưǇƸţ�ͯƬǆŏǃƊƭǀ���ūŤǁǏơ�ƄŽŗ�ƾǇͺƼ�ŴŮǁǎ
���ŦǎƃƀŮƸţ�ūŤǁǏơ�ƠƼ�ŤʽǅŧŤƎŭ�ƄŲƴŚƬ�ƄŲƴřŏƃŤƒŮŽŤŧɥ��ǂƂǄ��ŏūŤͺŨƎƸţ����ŴŮǁǎŏƻǄƀŹř��ǆƀǎ�ƄŽʦţǆ��ƾ

��ƾǆŤƢŮƸŤŧǆ�ŏūŤƞŹʭƽƸţŏƺŤŮƸţ���ţĽƀŵ�ũƀǏŵ�ŴšŤŮǀ�ƾǇƱƱźǎ�

���ͯƸʦţ �ƻƹƢŮƸţ �ͯƬ �ųƁŤƽǁƸţ �ƿƼ �ƾŤǏƊǏšƃ �ƾŤơǇǀ �ƲŤǁǄ �ŏƺŤơ �ƷͺƎŧ��ųƁǇƽǀ�ƀƸǇƽƸţ����generative 

model���ųƁǇƽǀǆ�ƆǏƽƽƸţ�discriminative model����ƶǆŤźǎ�ųƁǇƽǀ�ƆǏƽƽƸţ��ŏ�ǃƽƉţ�ͯŹǇǎ�Ťƽƴ�ŏ
��ƆƴƄŭ�ŏ�ƺŤơ�ƷͺƎŧ��ƄŲƴř�ǆř�ƿǏŮŢƬ�ƿǏŧ�ūŤǀŤǏŨƸţ�ƷƒƬųƁŤƽǀ��ƆǏƽƽƸţ����ŤĽƱƬǆ�ūŤǀŤǏŨƸţ�ūŤŢƭŧ�ŜŨǁŮƸţ�ͭƹơ

�ųƁǇƽǀ�ƶǆŤźǎ�ʬ�ŏƳƸƁ�ƿƼ�ƈƵƢƸţ�ͭƹơ��ŤǅƒšŤƒžƸƀƸǇƽƸţ���ƀƸǇǎ�ǃǁͺƸǆ�ŏ�ūŤŢƭƹƸ�ūŤƽƉ�ƿǏǏƢŭ
��ųƁǇƽǀ�ƿǏŧ�ƆǏǏƽŮƹƸ�ŪƹǅƉ�ŪƱǎƄƙ�ƲŤǁǄ��ŪǁǏƢƼ�ŪŢƬ�ͯƬ�ũſǇŵǇƼ�ūŤƽƉǇƽƸţƀƸ��ǆǀ��ųƁǇƽƆǏƽƽƸţ:�

� ��ųƁǇƽǀ�ƆƴƄǎƀƸǇƽƸţ��ūŤǀŤǏŨƸţ�ƠǎƅǇŭ�ŪŵƂƽǀ�ͭƹơ� 
� ��ųƁǇƽǀ�ƻŮǅǎƆǏƽƽƸţ��ūŤǀŤǏŨƸţ�ƷƒƭƸ�ƀơţǇư�ǆř�ſǆƀŹ�ſŤŶǎŞŧ��

·Y�¦Ë� f��� �k}Â¼¿�|·Â¼·Y�

Ùk}Â¼¿Ù¦�Ë|·Â¼·YÙÊ·Z¼fuYÙk}Â¼¿ÙÖ¸�Ù0LZÀ]ÙcZ¿ZÌ]ÙÈ�Â¼n»ÙLZ�¿SÙÈÌ¨Ì¯ÙçÙ

��ųƁŤƽǀ�ƀƢŭƀƸǇƽƸţ���ƠŨŮŭ��ūŤǀŤǏŨƸţ�ūŤơǇƽŶƼ�ŪƬŤŲƴ�ƄǎƀƱŭ�ǆř�ūŤǀŤǏŨƸţ�ƠǎƅǇŭ�ƐźƭƸ�ŪǎǇư�ũţſř
��ųƁŤƽǀƀƸǇƽƸţ����ɥūŤƭƸŤžƽƸţ �ǆř �ƗŤƽǀʨţ �ŤʽǏšŤƱƹŭ �ƫƎŮͺǎ �ǌƂƸţ �ƪţƄƍʫƸ �ƠƕŤžƸţ �ƄǏƥ �ƻƹƢŮƸţ

��ūŤǀŤǏŨƸţ�ŪơǇƽŶƼ�ƄǏŨƴ�ƀŹ�ͭƸŝ�ǃŨƎŭ�ũƀǎƀŵ�ūŤǀŤǏŧ�ŖŤƎǀŝ�ɥţƂǄ�ƀơŤƊǎ��ŤǅƹǏƹźŭ�ƻŮǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ
��ǃŵǆ �ͭƹơ ��ŪǏƹƑʨţŏƀǎƀźŮƸţ����ųƁŤƽǀ �ƿƼ �ƪƀǅƸţƀƸǇƽƸţ����ɥūŤǀŤǏŨƹƸ �ͯƹƢƭƸţ �ƠǎƅǇŮƸţ �ŪƬƄƢƼ �ǇǄ

��ŪơǇƽŶƼŮƸţŏŦǎƃƀ���ūʭǎƀƢŮƸţ�ƔƢŧ�ƠƼ�ũƀǎƀŵ�ūŤǀŤǏŧ�ƗŤƱǀ�ŖŤƎǀʪ���
��ųƁŤƽǀ �ƟţǇǀř �ƠǏƽŵ�ƿƼ�ͯƊǏšƄƸţ �ƓƄƦƸţƀƸǇƽƸţ���ŪơǇƽŶƼ�ūŤǀŤǏŨƸ �ͯƹƢƭƸţ �ƠǎƅǇŮƸţ �ŪƬƄƢƼ�ǇǄ

��ƻƹƢŮǎ�ƾř�ųƁǇƽǁƹƸ�ƿͺƽǎ�ʬ�ƿͺƸ��ūʭǎƀƢŮƸţ�ƠƼ�ũƀǎƀŵ�ūŤǀŤǏŧ�ƗŤƱǀ�ŖŤƎǀŝ�ƿͺƽǎ�ŰǏźŧ�ŦǎƃƀŮƸţ
��ƯǏưƀƸţ�ƠǎƅǇŮƸţŏŤǁŭŤǀŤǏŨƸ��ŪǏƱǏƱźƸţ�ūŤǀŤǏŨƸţ�ƠǎƅǇŮƸ�ǃŧŤƎƼ�ƠǎƅǇŭ�ŪŵƂƽǁŧ�Ťǁƽư�ƳƸƂƸ��ƺŤǏƱƹƸ��ŏƳƸƂŧ��

��ƻƹƢŮƹƸ �ŪǏŨƒƢƸţ �ŪͺŨƎƸţ �ŪƬƄƢƼ �ƺƀžŮƊǀƀƸţͯƸţ���ƠǎƅǇŮƸţ �ͭƸŝ �ųƁǇƽǁƸţ �ƠǎƅǇŭ �ŦǎƄƱŭ �ǃǁͺƽǎ �ǌƂƸţ
ͯƹƢƭƸţ���

��k}Z¼¿�¦Ë� e�¾°¼Ë��|·Â¼·Y��LZ�¿S�ÈÌ¨Ì �̄È§� »�Ö·S�¥|Æe�Êf·Y�k}Z¼À·Y�¾»�ÈX§�ZÆ¿O�Ö¸�
��È¸u�»�LZÀiO ��\Ë�|f·Y �cZ¿ZÌ] �È�Â¼n»��¨¿�¾»�ZÆ¿P¯Á�Á|^e �Ç|Ë|m�cZÀÌ�,\Ë�|f·Y��

��µÁZvË�·Y��k}Â¼À��|·Â¼·YÈ§Zj°·Y ��Ë|¬e �È¸°�» �¶u��(Density estimation)���Ë|¬e �Ê§ ��
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��Ç{ÂmÂ¼·Y�x�¿�{�n»��Ì·Á 

�

��k}Z¼¿ �d¿Z¯��|·Â¼·Y��|¬ ·Y ��Y|» �Ö¸� �¥Y��Ò· ���Zz·Y ��Ì£ �ªÌ¼ ·Y �º¸ f·Y �È Ì¸� �Ê§
�È·Z §�È¬Ë����§Âe�ZÆ¿Ï�Y~Å��Ê�Z¼·YÈ¨À�¼·Y��Ì£�cZ¿ZÌ^·Y�ºÆ§Á�¶Ì¸vf·�ÈËZ¤¸·�� 

��ųƁŤƽǀ�ƃŤŨŮơţ�ƿͺƽƽƸţ�ƿƼ�ƷƢŶŭ�ŪƼŤơ�ťŤŨƉř�Ūűʭű�ƲŤǁǄƀƸǇƽƸţ����ţĽƀǏƱƢŭ�ƄŲƴř�Ʒͺƍ�Ʈʭƙʪ�ŤʽŹŤŮƭƼ
��ǃƱƱźŭ�ƾř�ƿͺƽǎ�ŤƼ�ƅǆŤŶŮǎ�ͯơŤǁƚƑʬţ�ŖŤƴƂƸţ�ƿƼǀ��ųƁŤƽƆǏƽƽƸţ���

� ˟ʬǆř����ͭƹơ�ŪƱšŤƭƸţ�ũƃƀƱƸţ�ƿơ�ŤƕƄƸŤŧ�ƄƢƎǀ�ƾř�ŦŶǎ�ʬ�ŏ�ŤǄƀŹǆ�ŪǎƄƞǁƸţ�ƄƞǁƸţ�Ūǅŵǆ�ƿƼ�ŏ
��ŖŤƎǀŝ �ŪǏƭǏͺƸ �˟ʬŤƽŮƴţ �ƄŲƴř �ƻǅƬ �ͭƸŝ �ͯƢƊƸţ �ŤʽƖǎř �ŦŶǎ �Ʒŧ �ŏ �ŦƊźƬ �ūŤǀŤǏŨƸţ �ƫǏǁƒŭ

ūŤǀŤǏŨƸţ����ƮƄƚƸţ�ƿƼ�ƄǏŲͺŧ�ŦƢƑř�ŪƹͺƎƽƸţ�ǂƂǄ�ƷŹ�ƾř�ǃǏƬ�Ƴƍ�ʬ�ŤƽƼ��ƶǆʨţ�ƺŤƱƽƸţ�ͯƬ
��ͯŮƸţ�ŦǏƸŤƉʨţ�ƈƭǀ�ƿƼ�ƀǎƀƢƸţ�ƺţƀžŮƉţ�ŤʽƖǎř�ƿͺƽǎ�ŏ�ǈƄǁƉ�Ťƽƴ�ŏ�ƳƸƁ�ƠƼǆ��ŪǀƃŤƱƽƸţ

��ųƁŤƽǀ�ŪƚƉţǇŧ��ƯǏƽƢƸţ�ƻƹƢŮƸţ�ƷŲƼ��ŪǎƆǏǏƽŮƸţ�ŪŵƂƽǁƸţ�ƄǎǇƚŭ�ͭƸŝ�ūſřƀƸǇƽƸţ.�
� ŤʽǏǀŤű����ŪŵƂƽǁƸţ�ƾǇƵŭ�ƾř�ŸŵƄƽƸţ�ƿƼ�ŏŪǎƀǏƸǇŮƸţ����ͯƬ�ƄŽŗ�Ŗͯƍ�ǌř�ƿƼ�ŪǏƸŤƢƬǆ�ŪǏƽǄř�ƄŲƴř

ƅƆƢƽƸţ �ƻƹƢŮƸţ �ƷŲƼ �ŏ �ͯƸʦţ �ƻƹƢŮƸţ �ƿƼ �ǈƄŽř �ūʬŤŶƼ�ͯƬ �ŪǏƹŨƱŮƊƽƸţ �ūţƃǇƚŮƸţ �ǃǏŵǇŭ 
(Reinforcement learning)��ƅƆƢƽƸţ �ƻƹƢŮƸţ �ƺţƀžŮƉţ �Ťǁǁͺƽǎ �ŏ �ƶŤŲƽƸţ �ƷǏŨƉ �ͭƹơ��

ŖŤǁŧ�ǇǄ�ƺŤƢƸţ�ŴǅǁƸţ��ŪǁǏƢƼ�ŪƱƚǁƼ�ͯƬ�ͯƎƽƸţ�ͭƹơ�ūǇŧǆƄƸţ�ŦǎƃƀŮƸ����ƿƼ�ŪǏŧǇƉŤŹ�ũŤƴŤźƼ
���ŪƭƹŮžƼ �ūŤǏŶǏŭţƄŮƉţ �ƷǏƴǇƸţ �ŤǅǏƬ �ƶǆŤźǎ �ͯŮƸţ �ťƃŤŶŮƸţ �ƿƼ �ƀǎƀƢƸţ �ŖţƄŵŝ �ƻű �Ɠƃʨţ
��ͯƸŤŮƸŤŧǆ �ŤǄƄǏƥ �ƿƼ �ŤʽŹŤŶǀ �ƄŲƴʨţ �ūŤǏŶǏŭţƄŮƉʬţ �ͭƹơ �ƷǏƴǇƸţ �ƪƄƢŮǎ �ŏ �ŬưǇƸţ �ƃǆƄƽŧ
�ƀƱƢƼ�ƾǇƵŭ�ŤƼ�ŤŨ̔ƸŤƥ�ŪŢǏŨƸţ�ŖŤǎƆǏƬ�ƾř�ͯǄ�ŴǅǁƸţ�ţƂǄ�ͯƬ�ŪƢšŤƎƸţ�ŪƹͺƎƽƸţ��ŤʽǏŶǎƃƀŭ�ƿƊźŮǎ��ũ
���ŪǏƸŤŮƸţ�ǃŭǇƚŽ�ƃƄƱǏƸ�ƷǏƴǇƸţ�ͭƸŝ�ūŤƼǇƹƢƽƸţ�ũſŤơʪ�ũǇƚŽ�Ʒƴ�ͯƬ�ŤǅŧŤƊŹ�ŦŶǎǆ�ŪǎŤƦƹƸ

��ųƁǇƽǀ�ƶʭŽ�ƿƼ�ǃŮŢǏŧ�ũŤƴŤźƼ�ƿƼ�ƷǏƴǇƸţ�ƿͺƽŭ�ţƁŝ�ŏ�ƳƸƁ�ƠƼǆǌƀǏƸǇŭ����ͭƸŝ�ųŤŮźǎ�ƿƹƬ�ŏ
�ͯƬ�ƻƹƢŮƸţ�ǃǁͺƽǎ�ƿͺƸǆ�ŏ�ͯƱǏƱźƸţ�ƻƸŤƢƸţ�ͯƬ�ǆř�ƄŭǇǏŨƽͺƸţ�ũŤƴŤźƼ�ͯƬ�ŪǏŶǏŭţƄŮƉʪţ�ŪŧƄŶŭ

ǏƹǏžŮƸţ�ǃŮŢǏŧŪ���
� ţʽƄǏŽř���ǃŮǀƃŤƱƼ�ƿͺƽǎ�ŖŤƴƂƸţ�ƶŤͺƍř�ƿƼ�́ʭͺƍ�ŬŨƊŮƴţ�ŪƸŗ�ŤǁǏǁŧ�Ťǁǀŝ�ƶǇƱǀ�ƾř�ŤĽƱŹ�Ťǀſƃř�ţƁŝ�ŏ

��ŪŵƂƽǁƸţ�ƾǇƵŭ�ƾř�ŦŶǏƬ�ŏ�ǌƄƎŨƸţ�ŖŤƴƂƸŤŧŪǎƀǏƸǇŮƸţ����ƷƖƬř�ƀŹř��ƷźƸţ�ƿƼ�ţʽŖƆŵ�ƀǏƴŚŮƸŤŧ
��ųƁǇƽǀ�ͭƹơ�ŪƹŲƼʨţƀƸǇƽƸţ����ƫưǇŭ��ťŤŮͺƸţ�ţƂǄ�řƄƱǎ�ǌƂƸţ�ƐžƎƸţ�ǇǄ�ͯƱǏƱźƸţ�ƻƸŤƢƸţ�ͯƬ

�ųƁǇƽǀ�ŪǏǄŤƼ�ͯƬ�ƄƵƭŮƸ�ŪƞźƸƀƸǇƽƸţ��ƳǏǁǏơ�ƔƽƦŭ�ƾř�Ƴǁͺƽǎ��ǃǏƹơ�Ŭǀř�ǌƂƸţ�ƷǄƂƽƸţ
��ŪƭƹŮžƽƸţ �ūŤǎŤǅǁƸţ �ƿƼ �ſƀơ �ƷǏžŭ �Ƴǁͺƽǎ ��ŪǁͺƽƼ �Ūǎǆţƅ �Ʒƴ�ƿƼ �ƷǏƭƸţ �Ʒͺƍ�ƷǏžŮŭǆ

ŮƸţ�ŤʽƖǎř�Ƴǁͺƽǎǆ�ŏ�ƷƖƭƽƸţ�ͯǀǇǎƆƭƹŮƸţ�ƳŶƼŤǀƄŨƸ�ŪƸǇŨƱƽƸţǆ�ǃǏƬ�ƷƽƢƸţǆ�ƳơǇŨƉʨ�ƘǏƚž
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��ŤǁƽǅƬ�ƾř�ŪǏƸŤźƸţ�ťŤƒơʨţ�ƻƹơ�ŪǎƄƞǀ�ƄǅƞŁŭ��ƳƹƱơ�ͯƬ�ƷŨƱŮƊƽƸţ�ͯƬ�ƷƽƢƸţ�ƶʭŽ�ƿƼ

��ŪǏƊźƸţ�ŤǁŭʭŽƀƼ�ͭƹơ�ƷƽƢǎ�ŪǎŤƦƹƸ�ţĽƀƱƢƼ�ţʽƆǏƽƼ�ŤʽŵƁǇƽǀ�ƈǏƸ�ƠưţǇƹƸƀǏƸǇŮƸ����Ťƽŧ�ūţŜŨǁŭ
��ŏ�ǂƀǅƎǀƷŧ����ũſʬǇƸţ�ƂǁƼ�ǃŨǎƃƀŭ�ƻŮǎ�ƄƽŲƼ�ųƁǇƽǀ�ǃǀŝƀǏƸǇŮƸ��Ůŭ�ŤǁƚǏźƽƸ�ũŤƴŤźƼ��ŤʽƼŤƽŭ�ŦƉŤǁ

ƷŨƱŮƊƽƸţ�ƠƼ��� 

GAN

��ɥƄƵƬƭǏƴŪǏ��Ƹţ��ƳŮǏŶǏŭţƄŮƉţ�ƷǎƀƢŮŧ�Ŭƽư��ƷƢƭƸţ�ſǆſƃ�ͭƹơ�Ʒƒźŭǆ�ŤƼ�ŤǋˏǏƍ�ƶǆŤźŭ�Ŭǀř��ƻƹƢŮ
�ͭƹơ�ƳƽͺŹ�ƿƼ�ͯŭŚǎ�ƀư��ŦƊͺƸţ�ǆř�ƻƸʨţ�ǆř�ƀƱǁƸţ�Ʒͺƍ�ūŤƱǏƹƢŮƸţ�ƂŽŚŭ�ƀư��ǈƄŽř�ũƄƼ�ƶǆŤŹǆ

��ƠƼǆ��Ƴšţſř�ũſǇŵ�ǈƀƼŏƳƸƁ����ƿƼ�ũſƃţǇƸţ�ūŤƱǏƹƢŮƸţ�ͯǄ�ũƀšŤƬ�ƄŲƴʨţ�ūŤƱǏƹƢŮƸţ�ƾǇƵŭ�ŤƼ�ŤŨ̔ƸŤƥ
��ƐžƍŏƄŽŗ��Ƹ�Ťǅǀʨ��ǆř�ƻưƃ�ſƄŶƼ�ŬƊǏŏƃǇƢƍ��ƳƸƁ�ɥƳŹŤŶǀ�ǈƀƽƸ�ͯƴƁ�ƻǏǏƱŭ�ŤǅǁͺƸǆ���

��ŪƽǅƼ �ͭƹơ �ƄŭǇǏŨƽƴ �ƅŤǅŵ �Ŧǎƃƀŭ �ƻŮǎ �ŤƼƀǁơŏŤƼ����Ʒͺƍ �ɥūŤƞŹʭƼ �ƄƎŨƸţ �ƺƀƱǎ �ŤƼ �ĽũſŤơ
ūʭƼŤƢƼ���ťƄƕ�ƻƹƢŭ�ƷŲƼ�ŪƚǏƊŧ�ŪƽǅƼ�ƾǇƵŭ�ŤƼƀǁơ�ƷǅƉř�ūŤƞŹʭƽƸţ�ǂƂǄ�ƾǇƵŭ��ūŤǏƼƅƃţǇŽ�ǆř

��ƠƼǆ��ŚƚŽ�ůƀŹ�ƫǏƴ�Ūưƀŧ�ƄŭǇǏŨƽͺƸţ�ƃŤŨŽŝ�ŪƸǇǅƊŧ�Ƴǁͺƽǎ��ƿǏƽưƃŏƳƸƁ����ƄŲƴř�ŪƽǅƼ�ƠƼŏţĽƀǏƱƢŭ��
��ũƃǇƑ�ŖŤƎǀŝ�ƷŲƼŏŪƚư����ũƃǇƒƸţ�ƷǄ��ŪŧǇƢƑ�ƄŲƴř�ūŤƞŹʭƽƸţ�ƻǎƀƱŭ�ŸŨƒǎŏŪǏŧŤŨƕ���ǃŨƍř�ǆƀŨŭ�ƷǄ

ƀŨŭ�ƺř�ŦƹͺƸŤŧ��ūŤǏšŤƒŹʪţ�ƂǏƭǁŭ�ƿͺƽǎ�ŕƮʭƙʪţ�ͭƹơ�ŖͯƎƴ�ǆŏũƀƱƢƽƸţ���ƷǏŶƊŭ�ŦƢƒƸţ�ƿƼ�ƿͺƸ
��ƾř�ŖƄƽƹƸ�ƿͺƽǎ��ŪǏƱǏƱŹ�ũƃǇƒƸţ�ƷƢŶŭ�ͯŮƸţ�ƷǏƑŤƭŮƸţ�ƷƴŏƃƀƱǎ����ɥũƄŨžƸţ�ƿƼ�ƄǏŲͺƸţ�ŤǁǎƀƸ�ƾʨ

��ūʭŽƀƽƸţ �ƻǏǏƱŭŏŪǏšƄƽƸţ����ƿƼ�˟ʬƀŧ��ŪǎŤƦƹƸ �ŪǏŭţƁ�ŤǁŭŤƽǏǏƱŭ �ƾǇƵŭ�ƾř �ƿͺƽǎǆ�ŤʽǏŨƊǀ�ƾǇŢǏƚŧ�ŤǁǁͺƸ
ŏƳƸƁ��ͺƽǎ��ƀƢŧ��ŪŶŮǁƽƸţǆ�ŪǏƱǏƱźƸţ�ƃǇƒƸţ�ƿǏŧ�ƆǏǏƽŮƸţ�ŪƽǅƼ�ƻƹƢŮƸ�ŪǏŨƒơ�ŪͺŨƍ�Ŧǎƃƀŭ�Ťǁǁ�ŏƳƸƁ��

��ŖŤƚơŝ �ƿͺƽǎƀƸǇƼ����ƔƢŨƸţ �ŤƽǅƖƢŧ �ƿƼ �ƻƹƢŮƹƸ �ŪƑƄƭƸţ �ƆǏƽƽƸţǆ ��ŪǏŨƒƢƸţ �ŪͺŨƎƸţ� �ƃǇƒƸţ
��ŤƽǄ�ŪŨƢƹƸţ�ǂƂǄ�ƾŤŨƢƹŭ�ƾŤŮƹƸţ�ƾŤŮͺŨƎƸţ��ŬưǇƸţ�ƃǆƄƽŧ�ƿǏƊźŮƸţǆŪǎƀǏƸǇŮƸţ�ŪƼǇƒžƸţ���

��ŪƼǇƒžƸţ �ūŤͺŨƍ�ǎƀǏƸǇŮƸţ�Ū (Generative Adversarial Networks)�ŏ���ţʽƃŤƒŮŽţ �ǆř��
GAN�ŏ����ƀƸǇƼ��ƀŹţǆ�Ŭưǆ�ɥƿǏŧ́ƃƀƼ�ƿǏŵƁǇƽǀ�ƿƼ�ƾǇƵŮŭ�ͯŮƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ūŤǏǁƱŭ�ƿƼ�ŪŢƬ�ͯǄ

���ŪǏƱǏƱźƸţ�ūŤǁǏƢƸţǆ�ŪƭǎƆƽƸţ�ūŤǀŤǏŨƸţ�ƿǏŧ�ƆǏǏƽŮƹƸ��ť́ƃƀˀƼ�ƆǏƽƼǆ�ŪƭǎƆƼ�ūŤǀŤǏŧ�ŖŤƎǀŝ�ͭƹơ�ť́ƃƀˀƼ
���Ūƽƹƴ�ƄǏƎŭ�ƀǏƸǇŭ��ƻƹƢŮŭ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƀƽŮƢŭ��ũƀǎƀŵ�ūŤǀŤǏŧ�ŖŤƎǀŝ��ųƁǇƽǁƹƸ�ƺŤƢƸţ�ƓƄƦƸţ�ͭƸŝ��

GAN����ƷǏŨƉ�ͭƹơ��ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ƃŤǏŮŽţ�ͭƹơ�ŤǄƀǏƸǇŭ�ͭƹơŏƶŤŲƽƸţ����ƠƽŶŭ�ƾř�Ťǀſƃř�ţƁŝGAN��
��ǃŨƎŭ�ƃǇƑ�ƿǏŧŏͯƎǁƬţſ����ūŤǀŤǏŧ�ũƀơŤư�ƺƀžŮƊǀ�ŤǁǀŞƬDa Vinci Art��ŪǏŨǎƃƀŮƸţ��

��ŸƹƚƒƼ�ƄǏƎǎŪƼǇƒžƸţ���adversarial�����ƿǎƂƹƸţ�ƿǏŵƁǇƽǁƸţ�ƿǏŧ�ŪŹƄƼǆ�ŪǏͺǏƼŤǁǎſ�ŪƊƬŤǁƼ�ͭƸŝ
��Ʒƽơ�ƃŤƙŝ�ƾʭͺƎǎGAN����ƆǏƽƽƸţǆ�ƀƸǇƽƸţ�ŤǄƆǏǏƽŭ�ƿͺƽǎ�ʬ�ūŤǁǏơ�ŖŤƎǀŝ�ǇǄ�ƀƸǇƽƸţ�ƿƼ�ƪƀǅƸţ��

�ɥ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ɥŪǏƹƢƭƸţ�ūŤǀŤǏŨƸţ�ƿơŏŤǁƸŤŲƼ���ͯƎǁƬţſ�ūŤŹǇƸ�ǃŨƎŭ�ūŤŹǇƸ�ųŤŮǀŝ�ͯǁƢǎ�ţƂǄ
��ƿƼ�ƓƄƦƸţ��ŤʽƼŤƽŭǏƽƽƸţƆ����ŪǏƱǏƱźƸţ�ūŤǁǏƢƸţ�ƿƼ�ƀƸǇƽƸţ�ŤǅŶŮǁǎ�ͯŮƸţ�ŪƭǎƆƽƸţ�ūŤǁǏƢƸţ�ƿǏŧ�ƆǏǏƽŮƸţ�ǇǄ

�ɥ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƿƼ�ŤǅǏƹơ�ƶǇƒźƸţ�ƻŭ�ͯŮƸţŏŤǁƸŤŲƼ��ŦƢƹŭƆǏƽƽƸţ���ƻǏƱǎ�ͯǁƬ�ƄǏŨŽ�ƃǆſ
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��ŤƽǅƖƢŧ�ƟţƀŽ�ƃţƄƽŮƉŤŧ �ƾŤŮͺŨƎƸţ �ƶǆŤźŭ ��ͯƎǁƬţſ �ͭƸŝ �ͯƽŮǁŭ �Ťǅǀř �ƀƱŮƢǎ �ͯŮƸţ �ūŤŹǇƹƸţ �ŪƸŤƑř

ŤƽƹƵƬ��ƔƢŨƸţ����ūŤǀŤǏŧ�ŖŤƎǀŝ�ɥƷƖƬř�ƀƸǇƽƸţ�ƾŤƴŏŪǏƢưţǆ����ƆǏǏƽŮƸţ�ɥƷƖƬř�ƮƃŤƭƸţ�ƾǇͺǎ�ƾř�ŦŶǎ
ŪƭǎƆƽƸţ�ūŤǁǏƢƸţǆ�ŪǏƱǏƱźƸţ�ūŤǁǏƢƸţ�ƿǏŧ.�

ŏţ̔ƄǏŽř����Ūƽƹƴ�ƄǏƎŭ��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƷǏŲƽŮƸ�ƠšŤƍ�ƷͺƎŧ�ŪƼƀžŮƊƽƸţ�ͯƸʦţ�ƻƹƢŮƸţ�ųƁŤƽǀ�ŪŢƬ�ͭƸŝ
ƀƸǇƽƸţ����ƂǏƭǁŭ�ƀǏƱƢŭ�ǈƀƼ�ͭƹơ�ţʽſŤƽŮơţ��ƆǏƽƽƸţǆGANŏ����ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ƿƼ�ŷǆţƄŮŭ�ƾř�ƿͺƽǎ

��ŪǎƂƦŮƸţ�ŪǏƼŤƼţ��ŪǏŨƒƢƸţ�ūŤͺŨƎƸţ�ͭƸŝ�ŪƚǏƊŨƸţŪǏƬŤƭŮƸʬţ��ţĽƀǏƱƢŭ�ƄŲƴʨţ�ƟţǇǀʨţ�ͭŮŹ�ǆř��
��ūŤͺŨƎƸ�ŪǏƉŤƉʨţ�ūŤǏƕŤǎƄƸţGAN����ƿƊźƸ��ũƀƱƢƼŏƜźƸţ����ɥūŤǀƃŤƱƽƸţ�ƿƼ�ƀǎƀƢƹƸ�ƿͺƽǎ

��ūŤͺŨƍ�ƻǅƬ�ƷƢŶŭ�ƾř�ͯƱǏƱźƸţ�ƻƸŤƢƸţGAN����ƶŤŲƽƸţ�ɥ�ƷǅƉřŏƯŧŤƊƸţ���ͯǁƬ�ƃǆƆƼ�ƿơ�Ťǁűƀźŭ
�ƀƸǇƼ��ƄŲƴř�ŪƭǎƆƽƸţ�ūŤŹǇƹƸţ�ŬǀŤƴ�Ťƽƹƴ���ƆˁǏƽƼ��ͯǁƬ�ƄǏŨŽ�ƟţƀŽ�ƶǆŤźǎ��ŏŤʽơŤǁưŝ����ƾŤǁƭƸţ�ͭƹơ�ƾŤƴ

ř�ƾǇͺǎ�ƾř��ɥƷƖƬř�ͯǁƭƸţ�ƄǏŨžƸţ�ƾŤƴ�ŤƽƹƵƬ��Ť̔Ɩǎř�ŸǏźƑ�ƈƵƢƸţǆ��ŤǅŮƸŤƑř�ͭƹơ�ƪƄƢŮƸţ�ɥƷƖƬ
��ŪŹǇƸ�ŪƸŤƑř�ͭƹơ�ƪƄƢŮƸţŏŪǁǏƢƼ��ŦŶǎ�ƾŤƴ����ͭƹơƃǆƆƽƸţ����ƾř�ƷƽƢǎ����ɥƟǇưǇƸţ�ŦǁŶŮƸ�ƷƖƬř�ƷͺƎŧ

Ƹţ��żƭ�

��ƄǏŨƢŮŧ�ŏƮſř����ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƐšŤƒŽ�ŸƕǇŭ�ūŤǁǏơ�ųŤŮǀŝ�ǇǄ�ƀƸǇƽƸţ�ƿƼ�ƪƀǅƸţ
�ųƁǇƽǁƴ�ƀƸǇƽƸţ�ƃŤŨŮơţ�ƿͺƽǎ��ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƿơ�ŤǅŶŮǁǎ�ͯŮƸţ�ūŤǁǏƢƸţ�ƆǏǏƽŭ�ƿͺƽǎ�ʬ�ŰǏźŧ
�ƃǇƒƸţ�ɥũſǇŵǇƽƸţ�ƗŤƽǀʨţ�ūŤǁšŤͺƸţ�ͭƹơ�ƪƄƢŮƸţ�ūŤǏƼƅƃţǇŽ�ƻƹƢŮŭ��ƿšŤͺƸţ�ƿơ�ƫƎͺƹƸ�ͯƊƵơ

ũƃǇƒƸţ�ǈǇŮźƼ�ͭƹơ�ƪƄƢŮƹƸ��ͭƹơ�ƪƄƢŮƸţ�ƿƼ�˟ʬƀŧ��ŏƗŤƽǀʨţ����ƿƼ�Ť̔ƉŤƉř�ŤǄŖŤƎǀŝ�ƀƸǇƽƸţ�ƻƹƢŮǎ
�ɥ�ƄƭƒƸţ�ŪƚƱǀŏƠưţǇƸţ���ƀƸǇƽƸţ�ƻƹƢŮǎ��ͯšţǇƎơ�ƻưƃ�ǃŶŮƼ�ƿƼ�ƄŲƴř�ƀƸǇƽƸţ�ƶŤŽſŝ�ƾǇͺǎ�ʬ�ŤƼ�ŤŨ̔ƸŤƥ

��ƿƼ�ŤǄŤƱƹŮǎ�ͯŮƸţ�ūŤƱǏƹƢŮƸţ�ƶʭŽ�ƿƼƆǏƽƽƸţ��ƿƼ�ƓƄƦƸţ��ƆǏƽƽƸţ����ƾŤƴ�ţƁŝ�ŤƼ�ƀǎƀźŭ�ǇǄŪǁǏơ���ǁǏƢƼ�Ū�
ǏƹƑřĽŪ���ƱŮƎƼĽŪ��ƭǎƆƼ�ƺř��ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƼ�ƿƼĽŪ��ǄśŤƎǀŝ�ƻŭ��Ť����ŤĽƱƬǆ���ƀƸǇƽƸţ�ŪƚƉţǇŧ�ŏƳƸƂƸ��

��ƟţƀŽ�ŤǅǏƬ�ƻŮǎ�ũƄƼ�Ʒƴ�ͯƬ��ƆǏƽƽƸţ��Ťǅǀř�ͭƹơ�ŪƭǎƆƼ�ũƃǇƑ�ƫǏǁƒŭǆŏŪǏƱǏƱŹ����ƺŤư�ǃǀř�ƀƸǇƽƸţ�ƪƄƢǎ
��ƿƼ�ƈƵƢƸţ �ͭƹơ��ƀǏŵ�ƷƽƢŧŏƳƸƁɥ��ŤǅǏƬ �ƔƬƄǎ �ũƄƼ �Ʒƴ�ƆǏƽƽƸţ����ͯŮƸţ �ũƃǇƒƸţ �ŸǏźƑ�ƷͺƎŧ

��Ťǅǀř�ͭƹơ�ƀƸǇƽƸţ�ŤǅŶŮǁǎŏŪƭǎƆƼ����ƄƽŮƊǎ�Ťƽƴ��ƿǏƊźŮƸţ�ͭƸŝ�ųŤŮźŭ�ūŤƞŹʭƼ�ƀƸǇƽƸţ�ͭƱƹŮǎƆǏƽƽƸţ��
ͯƬ����ƫǁƒƼ�ǌř�ƷŲƼ��ƿƊźŮƸţŏƄŽŗ����ŪǏƱǏƱźƸţ��ŪǏƱǏƱźƸţ�ūŤǏƽƊŮƸţǆ�ǃŭţŜŨǁŭ�ƿǏŧ�ƮƄƭƸţ�ƿƼ�ƻƹƢŮǎ

����ŪƭǎƆƽƸţ�ǆřŏͯƸŤŮƸŤŧǆ����ūŤǀŤǏŧ�ųŤŮǀŝ�ɥƀƸǇƽƸţ�ƿƊźŭ�ƠƼŏŪǏƱǏƱŹ����ƿƊźŮǎɥƆǏƽƽƸţ���ƿǏŧ�ƆǏǏƽŮƸţ
��ūŤǀŤǏŨƸţǆ�ŪƭǎƆƽƸţ�ūŤǀŤǏŨƸţŏŪǏƱǏƱźƸţ���ƀŹţǆ�Ŭưǆ�ɥƃǇƚŮƸţ�ɥƿǏŮͺŨƎƸţ�ŤŮƹƴ�ƄƽŮƊŭǆ�

��cZ°^��Ê§º�Zzf·Y��ÈË|Ì·Âf·Y��ºfË�Êf·Y�Ç|·Â¼·Y�ÈÌ^� ·Y�È°^�·Y�Ê§�LZ�Â��g|ve�,
��È°^��È¼Æ»�¶j¼fe��È¨Ë�»�cZÀÌ��|Ì·Âe�ZÆ·Ôy�¾»�Ì¼¼·Y����È¨Ë�¼·Y�cZÀÌ ·Y�|Ë|ve�Ê§

��È§� ¼·�\Ë�|f·Y �cZÀÌ���v§�µÔy�¾»�®·}�|Ë|ve�ºfË ��|·Â¼·Y �È°^��ZÆnfÀe �Êf·Y
^�·Y�Ã~Å�¶¼ e��ÈÌ¸ ¨·Y�cZÀÌ ·Y�¾��ÈnfÀ¼·Y�ÈÀÌ ·Y�¥ÔfyY�Õ|»��½ÓÁZvË�¾ËÁ| ¯�cZ°

��¶uY�¼·Y �Ê§ ��� ^·Y �Z¼Æ� ] ��» ��§ZÀf·Y,Ç�°^¼·Y����È°^�· �¾°¼Ë�Ì¼¼·Y����È·ÂÆ�]
�È°^��¶¼ e�ºi��|·Â¼·Y�ZÆnfÀË�Êf·Y�È¨Ë�¼·Y�cZÀÌ ·Y�¥Z�f¯Y|·Â¼·Y����Ç|ÅZm�È�§ZÀ¼·Y
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��kZf¿S�½Â·ÁZvË�ºÆ¿S��ÈÌ¬Ì¬v·Y�cZ¿ZÌ^·YÁ�ÈnfÀ¼·Y�È¨Ë�¼·Y�cZÀÌ ·Y�¾Ì]�¥ÔfyÓY�¶Ì¸¬f·

��cZÀÌ���cZÀÌ��¾»�È^Ë�«,\Ë�|f·Y����È°^�·�Y0�Ì^¯�Z0Ë|ve�Y~Å�¶ nË�Z¼»�Ì¼¼·Y��»Á��,®·}��
��È°^��µY�e �Ó�Ì¼¼·Y����Zf¸¯ ��§ZÀfe ��ZÅQZ�¿S �ºe �Êf·Y �cZ¿ZÌ^·Y �¦Ë� �Ö¸� ��Âj ·Y �µÁZve

��È°^��|ne�Öfu�� ^·Y�Z¼Æ� ]��»�¾Ìf°^�·Y�Ì¼¼·Y����cZÀÌ ·Y�¾Ì]��ÌÌ¼f·Y�Ê§�È]Â �
�È°^��ZÆnfÀe�Êf·Y|·Â¼·Y�Ì ·YÁ��ÈÌ¸�ÏY�cZÀ 

 

��ͯƬGANŏ����ŪƱǎƄƚŧ�ƆǏƽƽƸţǆ�ƀƸǇƽƸţ�Ŧǎƃƀŭ�ƻŮǎŏŪŧƃŤƖŮƼ����ƔƢŨƸţ�ŤƽǅƖƢŧ�ƠƼ�ƾŤƊƬŤǁŮǎ�Ťƽǅǀř�ǌř
��ƃŤƙŝ �ͯƬƟǇƽŶƽƸţ����ǌƄƭƒƸţ�zero-sum������ŪǏƱǏƱźƸţ �ūŤǀŤǏŨƸţ �ƠǎƅǇŮƸ �ŪǅŧŤƎƼ �ūŤǀŤǏŧ �ųŤŮǀʪ

��ɥƀƸǇƽƸţ�ƿƼ�ƓƄƦƸţGAN����ūŤǀŤǏŧ�ƠǎƅǇŭ�ƿƼ�Ťǅǀř�ǆƀŨǎ�ūŤǁǏơ�ųŤŮǀŝ�ǇǄŏŪǏƱǏƱŹ����ŬǀŤƴ�ǇƸ�ͭŮŹ
ŏŪƭǎƆƼ����ƿƼ�ƓƄƦƸţǆƆǏƽƽƸţ���ŪǏƹƑř�ƺř�ŪƭǎƆƼ�ūŤǁǏƢƸţ�ŬǀŤƴ�ţƁŝ�ŤƼ�ƪŤƎŮƴţ�ǇǄ�
��ƿƼ�Ƅƞǀ�Ūǅŵǆ��ŏƿǏƊźŮƸţ����ƻǏƹƢŮƸţ�ƿƼ�ƪƀǅƸţ�ƾŞƬƀƸǇƽƸţ��Ťǎƅ�ǇǄ��ŖŤƚŽř�ũſƆǏƽƽƸţ��ͭǁƢƽŧ��ŏƄŽŗ�

��ŤǅŨƵŭƄǎ �ͯŮƸţ �ŖŤƚŽʨţ �ſƀơ�ſţƅ �ŤƽƹƴƆǏƽƽƸţŏ����ƿƼ�ƓƄƦƸţ ��ƷƖƬř �ƀƸǇƽƸţ �ƾŤƴƆǏƽƽƸţ����ƷǏƹƱŭ �ǇǄ
��Ʒƴ�ɥ�ŚƚžƸţŏƃţƄƵŭ���ƄǏŲƽƸţ�ƿƼǆ��ͯƸƅŤǁŭ�ťǆŤǁŭ�ƺţƀžŮƉŤŧ�ŤƽǅƬţƀǄř�Ǉźǀ�ƿǏŮͺŨƎƸţ�ŤŮƹƴ�ƲƄźŮŭ

Ž�ƀƸǇƽƸţ �ƶǆŤźǎ ��ǈƄŽř �ŪͺŨƍ�ŪƽǎƆǄ�ƶǆŤźŭ �ŪͺŨƍ�Ʒƴ�ƾř �ƺŤƽŮǄʭƸ��ƟţƀƆǏƽƽƸţŏ���ƶǆŤźǎ �ŤƽǁǏŧ
ƆǏƽƽƸţ�����Ɵƀžǁǎ �ʬř�ŏţ̔ƄǏŽř����ƷƉʭƊƸţǆ �ǇǎƀǏƭƸţǆ �ūǇƒƸţǆ �ƃǇƒƸţ �ƷŲƼ� �ųţƄŽʪţ �ūŤǀŤǏŨƸ �ƿͺƽǎ

��ƄŲƴř�Ɵƀžŭ�ƾř�ƀƸǇƽƸţ�ƿƼ��ŪǏǁƼƆƸţūţƆǏƽƽƸţ��ţĽƀǏƱƢŭ��
��ŪǏŹŤǁƸţ�ƿƼŏŪǏƹƽƢƸţ����ūʭŽƀƽƴ�ƠǎƅǇŮƸţ�ƠƼ�ŤĽƱŨƊƼ�ſƀźƼ�ƠǎƅǇŭ�ƿƼ�ŪǏšţǇƎơ�ūŤǁǏơ�ƀƸǇƽƸţ�ƂŽŚǎ

ƪƀǅŮƊƽƸţ�ƠǎƅǇŮƸţ�ƿƼ�ͯŭŚŭ�Ťǅǀř�ǆƀŨǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƀƸǇǎǆ����
��ŪƚƉţǇŧ�ŪǏƸŤŮƸţ�ūţǇƚžƸţ�ƂǏƭǁŭ�ƻŮǎGAN���

1� ��ŪͺŨƍ�ƂŽŚŭƀƸǇƽƸţ����ƠǎƅǇŮƸţ�ƿƼ�ŪǏšţǇƎơ�ūŤǁǏơͯƢǏŨƚƸţ�ͯƸŤƽŮŹʬţ����ƃǇƒƸţ�ƀƸǇŭǆ 
2� ��ŪͺŨƍ�ͭƸŝ�ŤǄśŤƎǀŝ�ƻŭ�ͯŮƸţ�ƃǇƒƸţ�ǂƂǄ�ƄǎƄƽŭ�ƻŮǎ�ƻűƆǏƽƽƸţ�� 
3� ��ŪͺŨƍ �ƘƱŮƹŭƆǏƽƽƸţ���ŪơǇƽŶƼ �ƿƼ �ũƁǇŽŚƽƸţ �ƃǇƒƸţǆ �ŤǄśŤƎǀŝ �ƻŭ �ͯŮƸţ �ƃǇƒƸţ �ƿƼ �́ʭƴ

��ŪǏƹƢƭƸţ�ūŤǀŤǏŨƸţ 
4� ��ͯƚƢǎƆǏƽƽƸţ����ƀǁơ�ūʬŤƽŮŹʬţųţƄŽʬţ� 
5� ��ťŤƊŹ�ƻŮǎŚƚžƸţ����ŤǏŧǆƄŮǀʬţ�ͭƹơ�ʽŖŤǁŧ�ƀƸǇƽƹƸ��ŪƭƹƵŮƸţ�ŪƸţſ���ŪƭǎƆƽƸţ�ƃǇƒƹƸ�ŪƢƙŤƱŮƽƸţ

�ŤʽźƸŤƑ�ƆǏƽƽˀƸţ�ŤǄƄŨŮƢǎ�ͯŮƸţ 
6� ��ťŤƊŹ�ƻŮǎŚƚžƸţ����ŪƭǎƆƽƸţ�ƃǇƒƹƸ�ŪƢƙŤƱŮƽƸţ�ŤǏŧǆƄŮǀʬţ�ͭƹơ�ʽŖŤǁŧ�ƆǏƽƽƹƸ��ŪƭƹƵŮƸţ�ŪƸţſ�

��ŪźƸŤƑ�ƄŨŮƢŭ�ͯŮƸţ�ŪǏƱǏƱźƸţ�ƃǇƒƹƸ�ŪƢƙŤƱŮƽƸţ�ŤǏŧǆƄŮǀʬţ�ͭƸŝ�ŪƬŤƕʪŤŧ�ŏ�ŪƭǎƆƼ�ƄŨŮƢŭ�ͯŮƸţ 
7� ǏŮͺŨƎƸţ�ŤŮƹƴ�ƿǏƊźŭ�ƻŮǎ�ŏ�ũƄŮƬ�Ʒƴ�ͯƬ��ƷǏƹƱŮƸ�ƿŤƽǅšŤƚŽţ� 
8� �ŪǏƹƢƭƸţ�ƶŤŽſʪţ�ƃǇƑ�ͯƴŤźǎ�ͯšŤǅǀ�ųƄžƽƴ�ƃǇƒƸţ�ţĽƀǏŵ�ťƃƀƽƸţ�ƀƸǇƽƸţ�ŴŮǁǎ�ŏ�ţʽƄǏŽř�
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��ƀǏƸǇŮƸ�ƶŤŲƽƴŏũƃǇƑ����ųƁǇƽǀ�ƓƄơ�ƿͺƽǎGANɥͯƸŤŮƸţ�ƷͺƎƸţ����

 
�Ʒͺƍϲ�ϭ����ŪƼǇƒŽ�ŪͺŨƎƸ�ƺŤƢƸţ�ƷͺǏǅƸţ�ŪǎƀǏƸǇŭ���

GAN 

�ūŤǀŤǏŧ� �ŪǏƱǏƱŹ �ƃǇƑ �ūţƀƸǇƼ �ŖŤƎǀŝ �ǇǄ �ͯƊǏšƄƸţ �ŤǁƬƀǄŏ�����Ʒƽơ �ƃŤƙŝǆGAN���ţƂǅƸ �ũţſř �ǇǄ
��ƿƼ�ƀǎƆƼ�ɥƓǇžƸţ�ƷŨư��ƓƄƦƸţŏƷǏƑŤƭŮƸţ���ƅǇƼƄƸţ�ƔƢŧ�ƺƀƱǀ�Ťǁơſ��

� �ŪƚƉţǇŧ�ƀƸǇƽƸţ�ͭƸŝ�ƄǏƎǀܩሺݖǡ �����ƿƼŤͺƸţ�ǃŶŮƽƸţ�ǇǄݖ����ǆ�ŪͺŨƎƸţ�ƾţƅǆř�ͯǄߠሻ ��ŰǏŹ�ŏߠ
�latent vector�������ŪǏšţǇƎơ�ũƃƂŨƴ�ƄƼʨţ�ͯƬ�ƄƵƬ��ƀƸǇƽƹƸ�ƷŽƀƽƴ�ƷƽƢǎ�ǌƂƸţ�random 

seed�����ǌǇŮźǎ��ƃǇƒƸţ�ųŤŮǀŝ�ŪǏƹƽơ�ŖƀŨƸݖ����ƧƸ�ͯƸŤƽŮŹţ�ƠǎƅǇŭ�ͭƹơ௭ሺݖሻ��ƾǇͺǎ�ǌƂƸţǆ�ŏ
��ŤʽǎſŤơ�ŤʽǏšţǇƎơ�ĽũſŤơ�random normal���ŤʽǏšţǇƎơ�Ťƽ̔ƞŮǁƼ�ǆř���random uniform���ŴŮǁǎ��

��ŪǏƽǄǆ�ūŤǁǏơ�ƀƸǇƽƸţݔ����ƶŤƽŮŹʬţ�ƠǎƅǇŭ�ƯǎƄƙ�ƿơሺݔሻ��ͯƬ�ƄǏƵƭŮƸţ�Ƴǁͺƽǎ��ሺݔሻ�
ƀƸǇƽƸŤŧ�ƯƹƢŮǎ�ŤƽǏƬ�ŪǏƱǏƱŹ�ūŤǀŤǏŨƸ�ͯƸŤƽŮŹţ�ƠǎƅǇŮƴ�� 

� ��ͭƸŝ�ƄǏƎǀƆǏƽƽƸţ����ŪƚƉţǇŧܦሺݔǡ ௗ����ŪǏƱǏƱźƸţ�ūŤǀŤǏŨƸţ�ƂŽŚǎ��ŪͺŨƎƸţ�ƾƅǆ�ǇǄߠௗሻ��ŏŰǏŹ����ƾřߠ
��ūʭŽƀƽƴ��ƠǎƅǇŭ�ƯǎƄƙ�ƿơ̱ݔௗ௧ሺݔሻ����ũƀƸǇƽƸţ�ūŤǁǏƢƸţ�ǆṟ̌ݔሺݔሻ����ƆǏƽƽƸţ���ǇǄ

ƀƸǇƽƸţ�ŪͺŨƍ 
ŪƭǎƆƼ�ũƃǇƑ 

�ƠǎƅǇŮƸţ�ƿƼ�ŪǏšţǇƎơ�ūŤǁǏơ
ƚƸţͯƢǏŨ  

ƆǏƽƽƸţ�ŪͺŨƍ 
�ũƃǇƑŪǏƱǏƱŹ  

ƫǎƆƼ�ǆţ�ͯƱǏƱŹ 
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��ŪƽǏư�ŴŮǁǎ�ͯšŤǁű�ƫǁƒƼ�����ǆř���ʽſŤƽŮơţ�ŏ��ŪǏƱǏƱŹ�ƶŤŽſʪţ�ũƃǇƑ�ŬǀŤƴ�ţƁŝ�ŤƼ�ͭƹơ�ţ�ųƄžƼ��

��ŪͺŨƎƸţ���ŤǄśŤƎǀŝ�ƻŭ�ǆř��ųƄžƼ����ŪͺŨƎƸţ���� 
� ��ͭƸŝ�ƄǏƎǀ�ŏ�ŦǎƃƀŮƸţ�ŖŤǁűřƶţǆſ��ŚƚžƸţ���ƀƸǇƽƸţǆ�ƆǏƽƽƹƸ����ŪƚƉţǇŧܬ��ሺሻ����ǆܬሺீሻ�ͯƸţǇŮƸţ�ͭƹơ�ŏ�

��Ŧǎƃƀŭ �ƫƹŮžǎGAN���Ťǁǁͺƽǎ ��ƿǏŮͺŨƍ�ŤǁǎƀƸ �ƾʨ�ŪǏŵƁǇƽǀ �ŪƱǏƽơ�ŪǏŨƒơ�ŪͺŨƍ�Ŧǎƃƀŭ �ƿơ
��ŪŨƢƸ�ŤǄƃŤŨŮơţ��ƟǇƽŶƼ�ǌƄƭƑ(Zero-sum game)��ƿǏŨơʬ�ƿǏŧ�ŪƹƼŤƴƿǎƀƸǇƼ���ƿǎƆǏƽƼǆ���

1� �ͯ ƹƊƹƊŭ����Sequential�������ŴǀƄƚƎƸţ�ƃţƄƥ�ͭƹơ�ŏ�ƃţǆſʨţ�ƾǇƸſŤŨŮǎ�ƿǏŨơʭƸţ�ƾř�ͯǁƢǎ�ţƂǄ
��ƶǆŤźǎ�ŏ�ŪǎţƀŨƸţ�ͯƬ�ƆǏƽƽƸţ����ƷǏƹƱŭܬሺሻ�ƘŨƕ�ƯǎƄƙ�ƿơ�ƳƸƂŧ�ƺŤǏƱƸţ�ƘƱƬ�ǃǁͺƽǎ�ƿͺƸ�ŏ

��ƾţƅǆʨţߠௗ��ƷǏƹƱŭ�ƳƸƁ�ƀƢŧ�ƀƸǇƽƸţ�ƶǆŤźǎܬ��ሺீሻ��ŏ�ƾţƅǆʨţ�ƘŨƕ�ƘƱƬ�ǃǁͺƽǎ�ƿͺƸ�ŏߠ��
��ūţƄƼ�ũƀơ�ŪǏƹƽƢƸţ�ǂƂǄ�ƃƄƵŮŭ 

2� �Ƹţ�ƟǇƽŶƽ�Ĺ�ţ�Ƹ�Ƅƭƒ�ǌ��Zero-sum����ŪǀƅţǇŮƼ�ƿǏŨơʭƸţ�ƀŹř�ũƃŤƊŽ�ǆř�Ÿŧƃ�ƾř�ͯǁƢǎ�ţƂǄ
��ƆǏƽƽƸţǆ�ƀƸǇƽƹƸ�ŪǏƸŤƽŵʪţ�ũƃŤƊžƸţ�ƾř�ͯǁƢǎ�ţƂǄǆ��ƄŽʦţ�ŦơʭƸţ�ũƃŤƊŽ�ǆř�Ÿŧƃ�ƠƼ�ŤʽƼŤƽŭ

��Ťƽ̔šţſ�ͯǄ��� 
ሺீሻܬ ൌ െܬሺሻ 

3� �ƈƴŤƼ�ͯǁǏƼ����minimax������ƶǆʨţ�ŦơʭƸţ�ŪǏŶǏŭţƄŮƉţ�ƾř�ͯǁƢǎ�ţƂǄƀƸǇƽƸţ��ƷǏƹƱŭ�ͯǄ��
��ƻƒžƹƸ�ǈǇƒƱƸţ�ŪŵƃƀƸţƆǏƽƽƸţ��ŦǎƃƀŮŧ�ƺǇƱǀ�ŤƼƀǁơ���ƆǏƽƽƸţ����ƿǏƊźŭ�ͭƹơ�ƷƽƢŭ�ŤǅǀŞƬ�ŏ

��ƷǏƹƱŭ��ŪƭǎƆƽƸţǆ�ŪǏƱǏƱźƸţ�ūŤǁǏƢƸţ�ƪŤƎŮƴţܬሺሻ��ŏƀƸǇƽƸţ�ŦǎƃƀŮŧ�ƺǇƱǀ�ŤƼƀǁơ�ŏƳƸƁ�ƀƢŧ���
��ǈǇŮƊƼ�ƠƬƃ�ƶǆŤźǎ�ǃǀŞƬƆǏƽƽƸţ����ƄǏƦƒŮŧ�ƺǇƱǀ��ŤĽŲǎƀŹ�ƿƊźƽƸţܬሺீሻ��ƶſŤƢǎ�ŤƼ�ǇǄǆ�ŏƄǏŨƵŮŧ��

�minimax����ƾř�ͯƹǎ�ŤƼ�ƠƼܸ��ŪƭƹƵŭ�ŪƸţſ���ሺሻ��ŪŨƢƸ�ƓƄƢǀ��ũƄƽŮƊƼ�ŪƊƬŤǁƼ�ͯƬ�ƾŤŮͺŨƎƸţܬ 
 ሻࡰǡࡳሺࢂࡰ࢞ࢇࡳ
��ƿƼ�Ʒƴ�ƾǇͺǏƉ�ŏ�ŪƹǏƹư�Ŧǎƃƀŭ�ūţǇƚŽ�ƀƢŧ�ǃǀř�ƓƄŮƭǁƸܬሺሻ����ǆܬሺீሻ�����ͯƹźƽƸţ�ͭǀſʨţ�ƀźƸŤŧ

��ŪŨƢƸ�ƷŹ�ͭƽƊǎ�ƻűͭǀſʬţ�ƀźƸţ��ƋŤǀ�ƾƅţǇŮŧ��Nash equilibrium����ƋŤǀ�ƾƅţǇŭ�ůƀźǎ��
��ƾƅţǇŭ�ůƀźǎ��ƄŽʦţ�ƷŲƽƽƸţ�ǃƹƢƭǎ�Ťƽơ�ƄƞǁƸţ�ƔƦŧ�ŏ�ǃƹƽơ�ƿǏƹŲƽƽƸţ�ƀŹř�ƄǏƦǎ�ʬ�ŤƼƀǁơ

��Ʒƽơ�ƃŤƙŝ�ͯƬ�ƋŤǀGAN����ţʽƃſŤư�ƮƃŤƭƸţ�ƀƢǎ�ƻƸ�ŰǏźŧ�ţĽƀŵ�ţĽƀǏŵ�ƀƸǇƽƸţ�ŸŨƒǎ�ŤƼƀǁơ
��ŪŶŮǁƽˀƸţǆ�ŪǏƹƢƭƸţ�ūŤǁǏƢƸţ�ƿǏŧ�ƆǏǏƽŮƸţ�ͭƹơ 

��ƾŝ�ƆǏƽƽƸţ����ŪͺŨƍ�ƫǁƒƼ�ƿơ�ũƃŤŨơ�ŏŪǏŨƒơ����ŪƱǎƄƚƸŤŧ�ǃƽǏƹƢŭ�ŤǁǁͺƽǎǆŏũſŤŮƢƽƸţ����ƺţƀžŮƉŤŧ��ųƃƀŮƸţ
ͯưŤƱŮƍʬţ����ųƃƀŭǆͯƭƹžƸţ�ƃŤƎŮǀʬţ��ƠƼǆ��ŏƳƸƁ����ƿƼ�ŪǎǆŤƊŮƼ�ŖţƆŵř�ƿƼ�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ƾǇƵŮŭ

��ŪǏƹƢƭƸţ�ūŤǁǏƢƸţũƀƸǇƽƸţǆŦǎƃƀŮƸţ�ŪǏƹƽơ�ɥŤǅŶƼſ�ƿͺƽǎ�ƫǏƴ�ǈƄǀ�ŤǀǇơſ�����

1� ��ŏ��ƫǎƆƼ�ǆř�ͯƱǏƱŹ��ƶŤŽſʪţ�Ƙƽǀ�ͭƹơ�ţʽſŤƽŮơţƾţƃŤƊƼ�ŤǁǎƀƸ� 
� ��ŪǏƹƢƭƸţ�ūŤǀŤǏŨƸţ�ƿƼ�ŪǁǏƢƸţ�ſƀẔ́ݔௗ௧����ŖŤƎǀʪ�ŤǅƼƀžŮƉţǆܦ௫� 
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� ��ŪǏƽǄǆ�ŪǁǏơ�ųŤŮǀŝ̱ݔ�ǃŶŮƽŧ�řƀŨǀ��ũƀŹţǆ�ŪͺŨƎƴ�ƆǏƽƽƸţǆ�ƀƸǇƽƸţ�ƷƽƢǎ�ŏ�ŤǁǄ��

��ͯšţǇƎơݖ��ũƀƸǇƽƸţ�ŪǁǏƢƸţ�ŖŤƎǀʪ�ǃƼƀžŮƊǀ�ǌƂƸţǆ�ŏܩ௭��ūʭŽƀƽƴ�ŤǅƼƀžŮƊǀ�ƻű��
ƆǏƽƽƹƸ����ͯšŤǅǁƸţ�ŴŭŤǁƸţ�ƀǏƸǇŮƸܦሺܩሺݖሻሻ�� 

2� ��ŪƸţſ�ťŤƊŹŚƚžƸţ����ūŤǀŤǏŨƸţ�ŪǏŵţǆſƅţ�ƈƵƢŭ�ͯŮƸţŪǏŨǎƃƀŮƸţ�� 

3� ��ŏŤʽƢƼ�ƾʭƽƢŭ�ƿǏŮͺŨƎƸţ�ƾř�ƿƼ�ƻƥƄƸţ�ͭƹơ��ƾţƅǆʨţ�Űǎƀźŭǆ�ŚƚžƸţ�ųƃƀŭ�ƄƎǀ�ũſŤơŝ�ƻŮǎ
��ƾţƅǆř�ƾř�ʬŝ�ƀƸǇƽƸţߠ������ƾţƅǆř�ŰǎƀźŮŧ�ƘƱƬ�ƺǇƱǁƉǆ�ŏ�Ťǅƹƭư�ƻŮǏƉ�ƆǏƽƽƸţߠ��ௗ�ţƂǄ��

��Ŗţſř�ƿǏƊźŮŧ�ƺǇƱǀ�Ťǁǀř�ƿƽƖǎƆǏƽƽƸţ��

��ƻǅƭƸŚƚŽ��ƆǏƽŮƸţŏ����ŪƸſŤƢƼ�ƄƴƂŮǀ�ŤǀǇơſŚƚŽ��ŪƢƙŤƱŮƽƸţ�ŤǏŧǆƄŮǀʬţ��

ǡሺܧܥ ሻݍ ൌ െሺݔሻ


ୀଵ

���ሺݍሺݔሻሻ 

�ŰǏŹݍሺݔሻ��ŪŢƭƸţ�ͭƸŝ�ͯƽŮǁǎ�ǌƂƸţ�ŴŭŤǁƸţ�ƄǎƀƱŭ�ƶŤƽŮŹţ�ǇǄ݅��ŪŢƬ�ƿƼ�݊�ǆ��ሺݔሻ��ƶŤƽŮŹʬţ�ǇǄ
���ͯƱǏƱźƸţŏƘǏƊŨŮƹƸ����ŤǁƱŨƙ�Ťǁǀř�ƓƄŮƬţŪƸſŤƢƽƸţ����ͭƹơŪǁǏơ��Ƹţ��ƫǏǁƒŮƸţ�ŪƸŤŹ�ɥ�ŦǎƃƀŮŏͯšŤǁŲƸţ����ƿͺƽǎ

ŮƸţ�ǇźǁƸţ�ͭƹơ�ŪƦǏƒƸţ�ǂƂǄ�ƘǏƊŨŭͯƸŤ��

ǡሺܧܥ ሻݍ ൌ െሺሺݔሻ ��� ሻݔሺݍ  ሺͳ െ ሻሻݔሺ ���ሺͳ െ  ሻሻݔሺݍ

��ƀǎƀƽŭ�ŤǁǁͺƽǎŪƸſŤƢƽƸţ���ūŤǁǏơ�ƿƼ�ŪǏšƆŵ�ŪơǇƽŶƼ�ͭƸŝ݉��

ǡሺܧܥ ሻݍ ൌ െ
ͳ
݉
൫൫ݔ൯ ��� ൯ݔ൫ݍ  ሺͳ െ ሻ൯ݔሺ ���ሺͳ െ ൯ሻݔ൫ݍ


ୀ

 

�ſƀźǀ�ŤǀǇơſ�ţƂǄ�Ʒͺŧ�ƻƹƢƸţ�ƠƼŚƚŽ��ƆǏƽƽƸţ���

ሺሻܬ ൌ െ
ͳ
ʹ
ॱ௫̱ೌೌ ���൫ܦሺݔሻ൯ െ

ͳ
ʹ
ॱ௭ ��� ቀͳ െ  ሻ൯ቁݖሺܩ൫ܦ

��ǆƀŨǎ�ƀư�ǃǀř�ƿƼ�ƻƥƄƸţ�ͭƹơ�ŏţĽƀƱƢƼ����ſƄŶƼ�ǃǀř�ʬŝŚƚŽ��ƔƢŧ�ƠƼ�ͯšŤǁű�ƫǁƒƽƸ�ŤǏŧǆƄŮǀŝ����ūʬŤźƸţ
ƿƼ�ŪƑŤžƸţ����ūŤͺŨƍGAN��� 

��ƟţƀŽ �ͭƹơ �ƀƸǇƽƸţ �ŦǎƃƀŮŧ �ƺǇƱǁƉƆǏƽƽƸţ����ƺŤǏƱƹƸ ��ǃǁǏƊźŭ �ƶʭŽ �ƿƼŏƳƸƂŧ����ŤŮƹƴ�ͭƸŝ �ųŤŮźǀ
ŏƿǏŮͺŨƎƸţ����Ťǅŧ�ƻƹƢǀ�ͯŮƸţ�ŪƱǎƄƚƸţ�ƃţƄƥ�ͭƹơƆǏƽƽƸţ��ŪƭǎƆƼ�ŪƹŲƼŚŧ��

1� ��ͯšţǇƎơ�ƿƼŤƴ�ǃŶŮƽŧ�řƀŨǀݖ����ŴŭŤǁƸţ�ųŤŮǀʪ�ƆǏƽƼǆ�ƀƸǇƼ�ƶʭŽ�ƿƼ�ǃǎƂƦǀǆܦሺܩሺݖሻሻ� 
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2� ŚƚžƸţ�ŪƸţſ����ƈƭǀ�ͯǄŚƚŽ��ƆǏƽƽƸţ��ǇǄ�ŤǁǄ�ŤǁƬƀǄ�ƾŞƬ�ŏ�ƳƸƁ�ƠƼǆ��ƄǏŨƵŮƸţ�����ƷǏƹƱŮƸţ�ƈǏƸǆ

��ƟţƀŽ�ƀǎƄǀ�ŤǁǀʨƆǏƽƽƸţ�� 

3� ��ŪƹŹƄƼ�ͯƬ�ƠŵţƄŮƸţ����ƾţƅǆř�Ʒƭư�ƻŮǎ�ŏƆǏƽƽƸţߠ��ௗ����ƘŨƕ�ƘƱƬ�Ťǁǁͺƽǎǆߠ��ƳƸƁ�ŤǁƸ�ŸǏŮǎ��
��ũſŤǎƅƆǏƽƽƸţ�ŚƚŽ����ũţſř�ƷƢŵ�ƿƼ�˟ʬƀŧ�ƀƸǇƽƸţ�ƿǏƊźŭ�ƶʭŽ�ƿƼ�ͭƒưʨţ�ƀźƸţ�ͭƸŝ�ƆǏƽƽƸţ�
řǇƉř��

��ǂƂǄ�ͯƬŏŪƹŹƄƽƸţ����ŪƸţſ�ŖƆŵ�ƾǇͺǏƉ��ƘƱƬ�ŤǄśŤƎǀŝ�ƻŭ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ƺƀžŮƊǀŚƚžƸţ����ƷƼŤƢŮǎ�ǌƂƸţ
��ŪǏƱǏƱźƸţ�ūŤǀŤǏŨƸţ�ƠƼ��Ťƽ̔šţſ�ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ŤǅƚǏƊŨŭ�Ťǁǁͺƽǎ�ƳƸƂƸ����

ሺீሻܬ ൌ ॱ௭ ��� ቀͳ െ  ሻ൯ቁݖሺܩ൫ܦ

��ͯƬŏŪǎţƀŨƸţ����ŪƭǎƆƽƸţǆ�ŪǏƱǏƱźƸţ�ūŤǁǏƢƸţ�ƿǏŧ�ŪƸǇǅƊŧ�ƆǏǏƽŮƸţ�ƆǏƽƽƹƸ�ƿͺƽǎ�ŤƼƀǁơܦ൫ܩሺݖሻ൯ ൎ Ͳ��ŏ
��ƫǏƭƙ�ƻƹƢŭ �ͭƸŝ �ǌſŜǎ�ţƂǄ��ƄƭƒƸţ �ƿƼ�ŤŨ̔ǎƄư �ųƃƀŮƸţ �ƾǇͺǏƉŏƾţƅǆʩƸ����ųƃƀŮƸŤŧ �ƪƄƢǎ�ŤƼ�ǇǄǆ

ƐưŤǁŮƽƸţ���diminished gradient�ŪƭƹŮžƼ�ũƃŤƊŽ�ŪƸţſ�ƺţƀžŮƉŤŧ�ŪƹͺƎƽƸţ�ǂƂǄ�ƷŹ�Ťǁǁͺƽǎ�����

ሺீሻܬ ൌ െॱ௭ ��� ቀܦ൫ܩሺݖሻ൯ቁ 

��ʬǎ��ǂƂǄ�ƶţƆŚƚžƸţ����ƾǇͺǎ�ŤƼƀǁơ�ƔƭžǁƼܦ൫ܩሺݖሻ൯ ൎ ͳ����ţʽƄǏŨƴ�ųƃƀŮƸţ�ƾǇͺǎ�ŬưǇƸţ�ƈƭǀ�ͯƬǆ
ƂǄ�ƠƼ���ŤĽƭǏƢƕ�ƀƸǇƽƸţ�Ŗţſř�ƾǇͺǎ�ŤƼƀǁơ�ţ��ŚƚžƸţŏ����ŪơǇƽŶƼ�ŪŨƢƹƸţ�ƀƢŭ�ƻƸŏŪǎƄƭƑ����ƾǇͺǎ�ƿƸ�ƿͺƸǆ

��Ʒƽơ�ƃŤƙŝ�ͭƹơ�ͯƹƽơ�ƄǏűŚŭ�ǌř�ŤǅƸGAN�� 

��\Ë�|e�Z »�¾ÌÀiÓY�����Ì¼¼·YÁ�|·Â¼·Y��

��ŤǁŮƬƄƢƼ�ƶʭŽ�ƿƼŏũƀǎƀŶƸţ��ƷƼŤƴ�ƷͺƎŧ�ͭǀſʨţ�ƀźƸţ�ƪƀǄ�ƀǎƀźŭ�Ťǁǁͺƽǎ���

ǡܩܸሺݔܽ݉ீ݊݅݉ ሻܦ ൌ
ͳ
ʹ
ॱ௫̱ೌೌ ���൫ܦሺݔሻ൯ 

ͳ
ʹ
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ŏƃŤƒŮŽŤŧ����ƷǏƹƱŭ�ƀƸǇƽƸţ�ƶǆŤźǎŏƪƀǅƸţ����ƶǆŤźǎ�ŤƽǁǏŧƆǏƽƽƸţ��ǂƄǏŨƵŭ��ƾř�ƿƼ�ƻƥƄƸţ�ͭƹơ�ǃǀř�ƜŹʬ��
ƆǏƽƽƸţ����ƾř�ŦŶǎǎ��ƷǏƹƱŭ�ǇǄ�ƪƀǅƸţ�ƾŞƬ�ŏǃŭƃŤƊŽ�ƿƼ�ƷƹƱŚƚŽ��ƆǏƽƽƸţ���ŨƹƊƸţǍ��ͭƹơ�ŦŶǎ�ƳƸƂƸ��
ƆǏƽƽƸţ���ǂƄǏŨƵŭ�� 

MNISTGAN

��ŪͺŨƍ�ƂǏƭǁŭ�ƀǎƄǀ�ƻƊƱƸţ�ţƂǄ�ͯƬƸţ��ŪƼǇƒž��ŪǎƀǏƸǇŮƸţ��ƺţƀžŮƉŤŧKeras����ǆTensorflow�˟ʬǆř��
��ƶŤŽſŞŧ�ƺǇƱǀſţǇƴʬţ��ŪŧǇƹƚƽƸţ��

from tensorflow.keras.datasets import mnist 
from tensorflow.keras.layers import Input, Dense, Reshape, Flatten, Dropout 
from tensorflow.keras.layers import BatchNormalization, Activation, ZeroPadding2D 
from tensorflow.keras.layers import LeakyReLU 
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from tensorflow.keras.layers import UpSampling2D, Conv2D 
from tensorflow.keras.models import Sequential, Model 
from tensorflow.keras.optimizers import Adam 
from tensorflow.keras import initializers 
import matplotlib.pyplot as plt 
import sys 
import numpy as np 
import tqdm 

��ƷǏƽźŮŧ�ƻư�ƻűŪǎǇƊŭǆ����ūŤǀŤǏŧ�ŪơǇƽŶƼMNIST��

(X_train, _), (_, _) = mnist.load_data() 
X_train = (X_train.astype(np.float32) - 127.5)/127.5 

��ŪơǇƽŶƼ�ƺƀžŮƊǀ�ƿźǀ��ƃŤŨŮŽţ�ūŤǀŤǏŧ�ūŤơǇƽŶƼ�ǆř�ūŤƼʭơ�ǌř�ƀǏƢǀ�ʬ�ŤǁǀŞƬ�ŏ�ŬƞŹʬ�Ťƽƴ
��ͯǄ�ŤǅƼƀžŮƊǁƉ�ͯŮƸţ�ũƀǏŹǇƸţ�ūŤƼʭƢƸţ�ƾř�ŰǏŹ�ŏ�ŪŧǇƹƚƼ�ƄǏƥ�ūŤƼʭƢƸţ��ƘƱƬ�ŦǎƃƀŮƸţ�ūŤǀŤǏŧ

�����ǆ�ŪƭǎƆƽƸţ�ūŤƼʭƢƹƸ�����ŪƼʭơ�ƐǏƒžŭ�ƻŭ�ƳƸƂƸ�ŏ�ŪǏƱǏƱŹ�ƃǇƑ�ǂƂǄ��ŪǏƱǏƱźƸţ�ūŤƼʭƢƹƸ���
��ͯƬƆǏƽƽƸţ��ƸƻǅǁƼ�Ʒͺ���

��ƻŶźŧ�ŸƚƊƼ�ǃŶŮƽƴ�ũƃǇƑ�ǃǏƚƢǀǆ�ūŤƱŨƚƸţ �ſƀƢŮƼ �ƾǆƄŮŨǏƉƄǏŧ �ƺƀžŮƊǁƉ���ŏ ����ƳƸƂƸ
ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ƷǎǇźŮŧ�ƺǇƱǁƉ���

X_train = X_train.reshape(60000, 784) 

��ūʭŽƀƼ�ͯƱƹŭ�ǇǄ�ƀƸǇƽƸţ�ƿƼ�ƓƄƦƸţ��ţʽƆǏƽƼǆ�ţĽƀƸǇƼ�Ơǁƒǀ�ƾř�ŤǁǏƹơ�ƾʦţŪǄǇƎƼ noisy data ��
��ƄǏƦŮƼ�ŪƚƉţǇŧ�ŖŤƕǇƖƸţ�ƶŤŽſŝ�ƻŶŹ�ƀǎƀźŭ�ƻŮǎ��ŦǎƃƀŮƸţ�ūŤǀŤǏŧ�ŪơǇƽŶƽƸ�ŪǅŧŤƎƼ�ũƃǇƑ�ųŤŮǀŝǆ

randomDim��ͭƹơ�ǃƚŨƕ�ƻŮǎ�ŤƼ�ũſŤơ��ŪƽǏư�ǌř�ͭƸŝ�ǃŮŢǏǅŭ�Ƴǁͺƽǎ������ŪƽǏư�ŤǀƄŨŮŽţ�ŏ�ƂǏƭǁŮƹƸ��
��ŪƭǏŲƴ�ŪƱŨƙ�ƶŤŽſʪţ�ţƂǄ�ƷŽƀǎ����Dense����ƿƼ�������ƘǏƎǁŭ�ƠƼ�ŪǏŨƒơ�ŪǏƹŽLeakyReLU��

��Ťǅŧ�ŤʽƼŤƽŭ�ŪƹƒŮƼ�ǈƄŽř�ŪƱŨƙ�ƫǏƖǀ�ŏ�ŪǏƸŤŮƸţ�ũǇƚžƸţ�ͯƬ�������ŪƱŨƚƸţ�ŤǅǏƹŭ�ŏ�ŪǏƭžƼ�ŪǏŨƒơ�ŪǏƹŽ
��ͭƹơ �ǌǇŮźŭ �ͯŮƸţ �ŪǏƭžƽƸţ �ŪŲƸŤŲƸţ��������ŪƱŨƙ �ţʽƄǏŽřǆ �ŏ �ŪǏŨƒơ�ŪǏƹŽųţƄŽʬţ����ƠƼ������ŪǏƹŽ

Ƴǁͺƽǎ��ŪǏŨƒơ����ƄǏƦŮŭ�ƫǏƴ�Ūǎśƃǆ�ŪǏƭžƽƸţ�ūŤƱŨƚƸţ�ͯƬ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ſƀơ�ƄǏǏƦŭŪƸţƀƸţ�����ƠƼǆ
��ŦǎƃƀŮƸţ�ƃǇƑ�ͯƬ�ƷƊͺŨƸţ�ſƀơ�ƠƼ�ųţƄŽŝ�ũƀŹǆ�ƷͺƸ�ŪǏŨƒƢƸţ�ŤǎʭžƸţ�ſƀơ�ƯŧŤƚŮǎ�ƾř�ŦŶǎ�ŏƳƸƁ��

ͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƀƸǇƽƸţ���

randomDim = 10 
generator = Sequential() 
generator.add(Dense(256, input_dim=randomDim))  
generator.add(LeakyReLU(0.2)) 
generator.add(Dense(512)) 
generator.add(LeakyReLU(0.2)) 
generator.add(Dense(1024)) 
generator.add(LeakyReLU(0.2)) 
generator.add(Dense(784, activation='tanh')) 

ŧǆŪƹűŤƽƼ�ũƃǇƒ����ŖŤƎǀŞŧ�ƺǇƱǀ�ŏƆǏƽƽƸţ��ƾř�ƜŹʬ����ƆǏƽƽƸţ��ƃǇƒƸţ�ǆř�ŦǎƃƀŮƸţ�ŪơǇƽŶƼ�ƿƼ�ţʽƃǇƑ�ƂŽŚŭ
��ǇǄ�ƶŤŽſʪţ�ƻŶŹ�ƾŞƬ�ţƂƸ�ŏ�ƀƸǇƽƸţ�ŤǅŶŮǁǎ�ͯŮƸţ�����ŴŭŤǁƸţ�ƾŞƬ�ŏ�ƳƸƁ�ƠƼǆ��ƀŹţǆ�Ŭŧ�ͭƸţ�ſƀźǎ��ŏ
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��ƄǏƎǎǆ�����ƄǏƎǎǆ��ƀƸǇƽƸţ�ŪƚƉţǇŧ�ŤǄśŤƎǀŝ�ƻŭ��ŪƭǎƆƼ�ũƃǇƑ�ͭƸŝ����ŪơǇƽŶƼ�ƿƼ�ũƃǇƒƸţ�ƾř�ͭƸŝ
��ūŤǀŤǏŧƃƀŭŪǏŨǎ��

discriminator = Sequential() 
discriminator.add(Dense(1024, input_dim=784, 
kernel_initializer=initializers.RandomNormal(stddev=0.02))) 
discriminator.add(LeakyReLU(0.2)) 
discriminator.add(Dropout(0.3)) 
discriminator.add(Dense(512)) 
discriminator.add(LeakyReLU(0.2)) 
discriminator.add(Dropout(0.3)) 
discriminator.add(Dense(256)) 
discriminator.add(LeakyReLU(0.2)) 
discriminator.add(Dropout(0.3)) 
discriminator.add(Dense(1, activation='sigmoid')) 

��ƷǏͺƎŮƸ�ƆǏƽƽƸţǆ�ƀƸǇƽƸţ�ŴƼƀŧ�ƺǇƱǀ�ƻűGAN��ͯƬ��GAN����ŪƚǏƉǇƸţ�ƿǏǏƢŭ�ƶʭŽ�ƿƼ�ŏtrainable��
��ͭƹơFalse����ƾţƅǆř�ŷʭƑŝ�ƿƼ�ƀƴŚŮǀ�ŏƆǏƽƽƸţ���

# Combined network 
discriminator.trainable = False 
ganInput = Input(shape=(randomDim,)) 
x = generator(ganInput) 
ganOutput = discriminator(x) 
gan = Model(inputs=ganInput, outputs=ganOutput) 

��ͯƬ�ŪƹǏźƸţŦǎƃƀŭ����Ŧǎƃƀŭ�˟ʬǆř�ͯǄ�ƿǏǁűʬţƆǏƽƽƸţ����ƺƀžŮƊǀ�ƿźǀ��ƷƒƭǁƼ�ƷͺƎŧŖŤƚŽţ����ƄŨơ�ŪǏšŤǁű
ƀǏƽŶŮŧ�ƺǇƱǀ�ŏ�ƳƸƁ�ƀƢŧ��ƆǏƽƽƹƸ�ŤǏŧǆƄŮǀʬţ�� freeze��ƾţƅǆřƆǏƽƽƸţ��Ŧǎƃƀŭǆ��GAN���ţƂǄ��ƿǏŶǅƸţ

��Ŧǎƃƀŭ�ͭƸŝ�ǌſŜǎƀƸǇƽƸţ���

discriminator.compile(loss='binary_crossentropy', optimizer=adam) 
gan.compile(loss='binary_crossentropy', optimizer=adam) 

��ŴƼŤǀƄŨƸţ�ƾʦţ�řƀŨǁƸǍŨǎƃƀŮƸţ��ƷͺƸ��ũƃǆſ����ƿƼ�ŪǁǏơ�˟ʬǆř�ƂŽŚǀ�ŏnoisy data���ŏ�ƀƸǇƽƸţ�ͭƸŝ�ŤǄƃƄƽǀǆ�ŏ
��ƠƼ�ũƀŹţǆ�ŪŢƬ�ͯƬ�ŪǏƱǏƱźƸţ�ŦǎƃƀŮƸţ�ƃǇƑǆ�ŪƭǎƆƽƸţ�ƃǇƒƸţ�ŴƼƀŧ�ƺǇƱǀ��ŪƭǎƆƼ�ũƃǇƑ�ƀƸǇƽƸţ�ŴŮǁǎǆ

��ŦǎƃƀŮƸ�ŤǅƼƀžŮƊǀǆ�Ťǁŧ�ŪƑŤžƸţ�ūŤƼʭƢƸţ��ƆǏƽƽƸţũſƀźƽƸţ�ŪŢƭƸţ�ͯƬ��

dLosses = [] 
gLosses = [] 
def train(epochs=1, batchSize=128): 
    batchCount = int(X_train.shape[0] / batchSize) 
    print ('Epochs:', epochs) 
    print ('Batch size:', batchSize) 
    print ('Batches per epoch:', batchCount) 
 
    for e in range(1, epochs+1): 
        print ('-'*15, 'Epoch %d' % e, '-'*15) 
        for _ in range(batchCount): 
            # Get a random set of input noise and images 
            noise = np.random.normal(0, 1, size=[batchSize, randomDim]) 
            imageBatch = X_train[np.random.randint(0, X_train.shape[0], 
size=batchSize)] 
 
            # Generate fake MNIST images 
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            generatedImages = generator.predict(noise) 
            # print np.shape(imageBatch), np.shape(generatedImages) 
            X = np.concatenate([imageBatch, generatedImages]) 
 
            # Labels for generated and real data 
            yDis = np.zeros(2*batchSize) 
            # One-sided label smoothing 
            yDis[:batchSize] = 0.9 
 
            # Train discriminator 
            discriminator.trainable = True 
            dloss = discriminator.train_on_batch(X, yDis) 

��ŪƱƹŹ�ƈƭǀ�ͯƬ�ƾʦţfor����ƀƸǇƽƸţ�ŤǅŶŮǁǎ�ͯŮƸţ�ƃǇƒƸţ�ͭƹơ�ƪƄƢŮƸţ�ƻŮǎ�ƾř�ƀǎƄǀ��ƀƸǇƽƸţ�ŦǎƃƀŮŧ�ƺǇƱǀ�ŏ
��ŪƚƉţǇŧ�ƆǏƽƽƸţ��ʽǏšţǇƎơ�ŤʽǅŶŮƼ�ƺƀžŮƊǀ�ƳƸƂƸ�ŏ �ŪǏƱǏƱŹ�Ťǅǀř�ͭƹơ���ƀƸǇƽƹƸ�ƷŽƀƽƴ��ŖŤƕǇƕ��Ť

��ŦǎƃƀŮŧ�ƺǇƱǎ�ƻű�ŪƭǎƆƼ�ũƃǇƑ�ŖŤƎǀŞŧ�ƺǇƱǎGAN����ƷƢŶŭ�ŪƱǎƄƚŧ�ƆǏƽƼ����ͯƱǏƱźƸţ�ŖͯƎƸţ�ƻǅƭǎ�ũƃǇƒƸţ
��ŴŭŤǁƸţ������

            # Train generator 
            noise = np.random.normal(0, 1, size=[batchSize, randomDim]) 
            yGen = np.ones(batchSize) 
            discriminator.trainable = False 
            gloss = gan.train_on_batch(noise, yGen) 

��ƜƭŹ�Ƴǁͺƽǎ�ŏ�ƳƸƁ�ͯƬ�ŦƥƄŭ�Ŭǁƴ�ţƁŝ�ƆǏƽƽƸţǆ�ƀƸǇƽƸţ�ŖŤƚŽţ����ŏƳƸƁ�ƀƢŧ��ŪŶŭŤǁƸţ�ƃǇƒƸţ�ƳƸƂƴǆ
��ƿǎƆžŮŧ�ƺǇƱǀŚƚžƸţ����ƷͺƸũƃǆſ��ƀǏƸǇŭǆ����Ʒƴ�ƀƢŧ�ƃǇƑ����ũƃǆſ���

        # Store loss of most recent batch from this epoch 
        dLosses.append(dloss) 
        gLosses.append(gloss) 
 
        if e == 1 or e % 20 == 0: 
            saveGeneratedImages(e) 

��ƻƉƄƸŖŤƚŽʬţ����ſƀźǀ�ŏƀǏƸţ�Ƙžŧ�ŪŧǇŮͺƽƸţ�ƺŤưƃʩƸ�ŤǄśŤƎǀŝ�ƻŭ�ͯŮƸţ�ƃǇƒƸţǆƿǏŮƸţſ����ŏ�ƿǏŭƀơŤƊƼ
plotLoss���ǆsaveGeneratedImages���ţǇƴţͯƸŤŮƸţ�ǇźǁƸţ�ͭƹơ�ƻǄſ��

# Plot the loss from each batch 
def plotLoss(epoch): 
    plt.figure(figsize=(10, 8)) 
    plt.plot(dLosses, label='Discriminitive loss') 
    plt.plot(gLosses, label='Generative loss') 
    plt.xlabel('Epoch') 
    plt.ylabel('Loss') 
    plt.legend() 
    plt.savefig('images/gan_loss_epoch_%d.png' % epoch) 
 
# Create a wall of generated MNIST images 
def saveGeneratedImages(epoch, examples=100, dim=(10, 10), figsize=(10, 
10)): 
    noise = np.random.normal(0, 1, size=[examples, randomDim]) 
    generatedImages = generator.predict(noise) 
    generatedImages = generatedImages.reshape(examples, 28, 28) 
 
    plt.figure(figsize=figsize) 
    for i in range(generatedImages.shape[0]): 
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        plt.subplot(dim[0], dim[1], i+1) 
        plt.imshow(generatedImages[i], interpolation='nearest', 
cmap='gray_r') 
        plt.axis('off') 
    plt.tight_layout() 
    plt.savefig('images/gan_generated_image_epoch_%d.png' % epoch) 

ŤʽƢƼ�ſǇͺƸţ�Ʒƴ�ͭƹơ�Ʒƒźǀ�ŤǀǇơſ�ƾʦţ��

from tensorflow.keras.datasets import mnist 
from tensorflow.keras.layers import Input, Dense, Reshape, Flatten, 
Dropout 
from tensorflow.keras.layers import BatchNormalization, Activation, 
ZeroPadding2D 
from tensorflow.keras.layers import LeakyReLU 
from tensorflow.keras.layers import UpSampling2D, Conv2D 
from tensorflow.keras.models import Sequential, Model 
from tensorflow.keras.optimizers import Adam 
from tensorflow.keras import initializers 
import matplotlib.pyplot as plt 
import sys 
import numpy as np 
import tqdm 
randomDim = 10  
 
# Load MNIST data 
(X_train, _), (_, _) = mnist.load_data() 
X_train = (X_train.astype(np.float32) - 127.5)/127.5 
X_train = X_train.reshape(60000, 784) 
 
generator = Sequential() 
generator.add(Dense(256, input_dim=randomDim)) #, 
kernel_initializer=initializers.RandomNormal(stddev=0.02))) 
generator.add(LeakyReLU(0.2)) 
generator.add(Dense(512)) 
generator.add(LeakyReLU(0.2)) 
generator.add(Dense(1024)) 
generator.add(LeakyReLU(0.2)) 
generator.add(Dense(784, activation='tanh')) 
adam = Adam(learning_rate=0.0002, beta_1=0.5) 
 
discriminator = Sequential() 
discriminator.add(Dense(1024, input_dim=784, 
kernel_initializer=initializers.RandomNormal(stddev=0.02))) 
discriminator.add(LeakyReLU(0.2)) 
discriminator.add(Dropout(0.3)) 
discriminator.add(Dense(512)) 
discriminator.add(LeakyReLU(0.2)) 
discriminator.add(Dropout(0.3)) 
discriminator.add(Dense(256)) 
discriminator.add(LeakyReLU(0.2)) 
discriminator.add(Dropout(0.3)) 
discriminator.add(Dense(1, activation='sigmoid')) 
discriminator.compile(loss='binary_crossentropy', optimizer=adam) 
# Combined network 
discriminator.trainable = False 
ganInput = Input(shape=(randomDim,)) 
x = generator(ganInput) 
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ganOutput = discriminator(x) 
gan = Model(inputs=ganInput, outputs=ganOutput) 
gan.compile(loss='binary_crossentropy', optimizer=adam) 
dLosses = [] 
gLosses = [] 
# Plot the loss from each batch 
def plotLoss(epoch): 
    plt.figure(figsize=(10, 8)) 
    plt.plot(dLosses, label='Discriminitive loss') 
    plt.plot(gLosses, label='Generative loss') 
    plt.xlabel('Epoch') 
    plt.ylabel('Loss') 
    plt.legend() 
    plt.savefig('images/gan_loss_epoch_%d.png' % epoch) 
# Create a wall of generated MNIST images 
def saveGeneratedImages(epoch, examples=100, dim=(10, 10), 
figsize=(10, 10)): 
    noise = np.random.normal(0, 1, size=[examples, randomDim]) 
    generatedImages = generator.predict(noise) 
    generatedImages = generatedImages.reshape(examples, 28, 28) 
    plt.figure(figsize=figsize) 
    for i in range(generatedImages.shape[0]): 
        plt.subplot(dim[0], dim[1], i+1) 
        plt.imshow(generatedImages[i], interpolation='nearest', 
cmap='gray_r') 
        plt.axis('off') 
    plt.tight_layout() 
    plt.savefig('images/gan_generated_image_epoch_%d.png' % epoch) 
def train(epochs=1, batchSize=128): 
    batchCount = int(X_train.shape[0] / batchSize) 
    print ('Epochs:', epochs) 
    print ('Batch size:', batchSize) 
    print ('Batches per epoch:', batchCount) 
 
    for e in range(1, epochs+1): 
        print ('-'*15, 'Epoch %d' % e, '-'*15) 
        for _ in range(batchCount): 
            # Get a random set of input noise and images 
            noise = np.random.normal(0, 1, size=[batchSize, 
randomDim]) 
            imageBatch = X_train[np.random.randint(0, 
X_train.shape[0], size=batchSize)] 
 
            # Generate fake MNIST images 
            generatedImages = generator.predict(noise) 
            # print np.shape(imageBatch), np.shape(generatedImages) 
            X = np.concatenate([imageBatch, generatedImages]) 
 
            # Labels for generated and real data 
            yDis = np.zeros(2*batchSize) 
            # One-sided label smoothing 
            yDis[:batchSize] = 0.9 
 
            # Train discriminator 
            discriminator.trainable = True 
            dloss = discriminator.train_on_batch(X, yDis) 
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            # Train generator 
            noise = np.random.normal(0, 1, size=[batchSize, 
randomDim]) 
            yGen = np.ones(batchSize) 
            discriminator.trainable = False 
            gloss = gan.train_on_batch(noise, yGen) 
 
        # Store loss of most recent batch from this epoch 
        dLosses.append(dloss) 
        gLosses.append(gloss) 
 
        if e == 1 or e % 20 == 0: 
            saveGeneratedImages(e) 
             
    # Plot losses from every epoch 
    plotLoss(e) 

��ƾʦţ�ŤǁǁͺƽǎŦǎƃƀŭ��GAN���

train(200, 128) 
Epochs: 200 
Batch size: 128 
Batches per epoch: 468 
--------------- Epoch 1 --------------- 
--------------- Epoch 2 --------------- 
--------------- Epoch 3 --------------- 
--------------- Epoch 4 --------------- 
--------------- Epoch 5 --------------- 
��� 
--------------- Epoch 198 --------------- 
--------------- Epoch 199 --------------- 
--------------- Epoch 200 --------------- 

Ƹţ�Ūǎśƃ�Ƴǁͺƽǎ�ŏ�ǂŤǀſř�ƷͺƎƸţ�ͯƬ��ͯǀŤǏŨƸţ�ƻƉƄŚƚžƸ��ƀƸǇƽƸţ��ǆƆǏƽƽƸţ����ƧƸGAN����ƻŮǎ�ǌƂƸţǃŨǎƃƀŭ���

�
ţ��ŤǅŮŶŮǀř�ͯŮƸţ�ƀǏƸţ�Ƙžŧ�ŪŧǇŮͺƽƸţ�ƺŤưƃʨGAN����ͯƬ�ŤǁǎƀƸūţƃǆſ��ͯƹǎ�Ťƽƴ�ͯǄ�ŪƭƹŮžƼ���

Epoch 20:�Epoch 1:�
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��

Epoch 200:�Epoch 100:�

��

��ͯŮƸţ�ƀǏƸţ�ƘŽ�ƺŤưƃř�ŬźŨƑř�ŏ�ŪǏŨǎƃƀŮƸţ�ūţƃǆƀƸţ�ſƀơ�ſţƅ�Ťƽƹƴ�ŏ�ŪƱŧŤƊƸţ�ƺŤưƃʨţ�ƿƼ�ƾǆƄŭ�Ťƽƴ
��ŤǅŶŮǁŭGAN�ƄŲƴŚƬ�ƄŲƴř�ŪǏƱǏƱŹ��

��cZ°^��\Ë�|f]�È¬¸ f¼·Y�cZË|vf·Y�ÈË|Ì·Âf·Y�È»Â�z·Y�� 

��ƠƼ�ƷƽƢƸţ�ƀǁơ�ūŤǎƀźŮƸţ�ƿƼ�ƀǎƀƢƸţ�ƲŤǁǄGAN��ŤŨ̔ƢƑ�ţʽƄƼř�ũƀŹţǆ�ŪǏŨƒơ�ŪͺŨƍ�Ŧǎƃƀŭ�ƾǇͺǎ�ƀư��
���ŪǁƽƖŮƽƸţ�ūţƃŤǏžƸţ�ƿƼ�ƄǏŨͺƸţ�ſƀƢƹƸ�ţʽƄƞǀ��ŪǎƃŤƽƢƼ�ƶţǆſǆ�ŪͺŨƎƸţ����ƿǏƊźŮƸţ�ŪǏƼƅƃţǇŽǆ�ƘǏƎǁŮƸţ

ͯšţǇƎƢƸţ�ƪƂźƸţ�ƶƀƢƼǆ�ƻƹƢŮƸţ�ƶƀƢƼǆ�ƼǇƒžƸţ�ūŤͺŨƍ�ƫơŤƖŭ����ŪǎƀǏƸǇŮƸţ�Ū�ūţƃŤǏžƸţ�ǂƂǄ�Ʒƴ
��ƿƼ �Ʒƴ�ͭƊǁǎ �ƀư ��ũƀǎƀŵ �ūţƀǏƱƢŭ �ƫǏƖŭǆƀƸǇƽƸţ����ɥŤǄǇƼƀžŮƉţ �ͯŮƸţ �ūŤͺǏŮƵŮƸţ �ƆǏƽƽƸţǆ

��ƿƊźŮŭ�ʬ�ͯŮƸţ �ƃţƄƱŮƉʬţ�ƶǇƹŹ�ƿƼ�ũƄšţſ�ɥƿǏŮͺŨƍ�ƟǇưǆ�ͭƸŝ�ƳƸƁ�ǌſŜǎ�ƾř�ƿͺƽǎ��ƻǅŨǎƃƀŭ
�ǆř��ǈƄŽʨţ�ƿƼ�ŤƽǅǁƼ�ǌř�ƻƹƢŮǎ�ʬ�ͭŮŹ�ǈƄŽʨţ�ūŤͺŨƎƸţ�ǈƀŹŝ�ƅǆŤŶŮŭ�ƀư��ŬưǇƸţ�ƃǆƄƽŧ�ʬ�ƀư
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��ƪƄƢŁŭ��ŪǏƢưţǆ�ƶǇƹŹ�ſŤŶǎʪ�ƘƱƬ�ŤǅƼƀžŮƊǏƉǆ�ŪǁͺƽƽƸţ�ƷźƸţ�ŪŹŤƊƼ�ƿƼ�ƄǏŲͺƸţ�ƀƸǇƽƸţ�ƫƎŮͺǎ

��ƻƉŤŧ�ŪƸŤźƸţ�ǂƂǄ�ƃŤǏǅǀʬţ�Ơƕǆ����mode collapse����
��ŪǏƱǏƱźƸţ�ūʬŤźƸţ�ƿƼ�ƘƱƬ�ũƄǏƦƑ�ŪǏơƄƬ�ŪơǇƽŶƼ�ƀƸǇƽƸţ�ƻƹƢŮǎ�ŤƼƀǁơ�ƃŤǏǅǀʬţ�Ơƕǆ�ůƀźǎ

��ƷǏŨƉ�ͭƹơ��ŪƹƽŮźƽƸţ�ŏƶŤŲƽƸţ����ƄƼʨţ�ƾŤƴ�ţƁŝ��ƃǇƑ�ųŤŮǀŞŧ�ƯƹƢŮǎŏƘƚƱƹƸ����ƿͺƽǏƬƀƸǇƽƹƸ����ƻƹƢŮǎ�ƾř
��ƀƱƭǎ��ƄǏƒƱƸţ�ƄƢƎƸţ�ūţƁ�ŖţſǇƊƸţ�ƘƚƱƹƸ�ƃǇƑ�ųŤŮǀŝ�ƘƱƬƀƸǇƽƸţ����ūʬŤźƸţ�ƠǏƽŵ�ŏǈƄŽʨţ����ɥŤƽŧ

ǈƄŽʨţ�ƾţǇƸʨţ�ūţƁ�ƘƚƱƸţ�ƳƸƁ��
��ǂƂǄ �ŪŶƸŤƢƽƸ �ūŤǏŶǏŭţƄŮƉʬţ �ƿƼ �ƀǎƀƢƸţ �ŷţƄŮưţ �ƻŭŏŪƹͺƎƽƸţ����ūŤƢƬŁƀƸţ �ŪǎǇƊŭ �ƳƸƁ �ɥŤƽŧ

��ūŤǀŤǏŨƸţ �ͭƸŝ �ūŤƼʭƢƸţ �ŪƬŤƕŝǆŪǏŨǎƃƀŮƸţ����ͭƸŝ �ūŤƼʭƢƸţ �ŪƬŤƕŝ �ǌſŜŭ ��ƀǎƆƽƸţǆŏūŤǀŤǏŨƸţ����ǌř
��ͭƸŝ �ŤǅƽǏƊƱŭŏūŤŢƬ����ūŤͺŨƍ�Ŗţſř �ƿǏƊźŭ�ͭƸŝGAN����ƃǇƑ�ŖŤƎǀŝ �ƻƹƢŭ �ƿƼ�˟ʬƀŧ ��ŤŨ̔ǎƄƱŭ �Ťƽ̔šţſ

��ƷͺƎŧ�ŪƭǏƸʨţ�ūŤǀţǇǏźƹƸŏƺŤơ����ųŤŮǀŝ�ƷǅƉʨţ�ƿƼ�ƾǇͺǎ�ƾř�ŦŶǎŏƃǇƑ����ƷǏŨƉ�ͭƹơŏƶŤŲƽƸţ����ƘƚƱƸţ
ƃǇǏƚƸţǆ�ťʭͺƸţǆ. 

� ���ͯƸʦţ �ƻƹƢŮƸţ �ͯƬ �ųƁŤƽǁƸţ �ƿƼ �ƾŤǏƊǏšƃ �ƾŤơǇǀ �ƲŤǁǄ �ŏ �ƺŤơ �ƷͺƎŧ�ǀ��ųƁǇƽ�ƀƸǇƽƸţ����ųƁǇƽǀǆ
�ƆǏƽƽƸţ�� 

� ��ųƁŤƽǀ�ƆƴƄŭ�ƆǏƽƽƸţ����ŤǅƒšŤƒžƸ�ŤĽƱƬǆ�ūŤǀŤǏŨƸţ�ūŤŢƭŧ�ŜŨǁŮƸţ�ͭƹơ 
� ��ƀƸǇǎ�ǃǁͺƸǆ�ŏ�ūŤŢƭƹƸ�ūŤƽƉ�ƿǏǏƢŭ�ƀƸǇƽƸţ�ųƁǇƽǀ�ƶǆŤźǎ�ʬ��ŪǁǏƢƼ�ŪŢƬ�ͯƬ�ũſǇŵǇƼ�ūŤƽƉ 
� ��ųƁŤƽǀ�ƠŨŮŭ�ƀƸǇƽƸţ����ūŤƭƸŤžƽƸţ�ǆř�ƗŤƽǀʨţ�Ť̔ǏšŤƱƹŭ�ƫƎŮͺǎ�ǌƂƸţ�ƪţƄƍʫƸ�ƠƕŤžƸţ�ƄǏƥ�ƻƹƢŮƸţ

��ŤǅƹǏƹźŭ�ƻŮǎ�ͯŮƸţ�ūŤǀŤǏŨƸţ�ͯƬ 
� ��ųƁŤƽǀ�ƟţǇǀř�ƠǏƽŵ�ƿƼ�ͯƊǏšƄƸţ�ƓƄƦƸţ�ƀƸǇƽƸţ����ūŤǀŤǏŨƸţ�ŪơǇƽŶƽƸ�ͯƹƢƭƸţ�ƠǎƅǇŮƸţ�ŪƬƄƢƼ�ǇǄ

��ŦǎƃƀŮƸţ�ŪơǇƽŶƽƸ 

 
1� ��ƃǇƞǁƼ�ƿƼ�ŪǏƹŲƼʬţ��ƪƀǅƸţ�ǇǄ�ŤƼ�ŏ�ƿƼ�ǍŨǎƃƀŮƸţ���ƀƸǇƽƸţ���ŕƆǏƽƽƸţǆ 
2� ��Ŧǎƃƀŭ�ƻŮǎ�ƫǏƴ�ŕƆǏƽƽƸţ 
3� ��ūʭŽƀƼ�ͯǄ�ŤƼ�ƀƸǇƽƸţ�ŕ 
4� ��ǇǄ�ŤƼ�Ơƕǆ���ƃŤǏǅǀʬţ�ŕ�
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