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Google	TensorFlow	深度學習	
(Deep	Learning	with	Google	TensorFlow)	



週次	(Week)				日期	(Date)				內容	(Subject/Topics)	
1				2016/02/18				社群網路行銷管理課程介紹 	

																										(Course	OrientaKon	for	Social	Media	MarkeKng	Management)	

2				2016/02/25				社群網路商業模式 	
																										(Business	Models	of	Social	Media)	

3				2016/03/03				顧客價值與品牌 	
																										(Customer	Value	and	Branding)	

4				2016/03/10				社群網路消費者心理與行為 	
																										(Consumer	Psychology	and	Behavior	on	Social	Media)	

5				2016/03/17				社群網路行銷蜻蜓效應 	
																										(The	Dragonfly	Effect	of	Social	Media	MarkeKng)	

課程大綱 (Syllabus)
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週次	(Week)				日期	(Date)				內容	(Subject/Topics)	
6				2016/03/24				社群網路行銷管理個案研究 I		

																										(Case	Study	on	Social	Media	MarkeKng	Management	I)	
7				2016/03/31				行銷傳播研究 	

																											(MarkeKng	CommunicaKons	Research)	
8				2016/04/07				教學行政觀摩日 (Off-campus	study)		
9				2016/04/14				社群網路行銷計劃 	

																											(Social	Media	MarkeKng	Plan)	
10				2016/04/21				期中報告 (Midterm	PresentaKon)	
11				2016/04/28				行動 APP	行銷 (Mobile	Apps	MarkeKng)	
	

課程大綱 (Syllabus)
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週次	(Week)				日期	(Date)				內容	(Subject/Topics)	
12				2016/05/05				社群口碑與社群網路探勘 	

																													(Social	Word-of-Mouth	and	Web	Mining	on	Social	Media)	
13				2016/05/12				社群網路行銷管理個案研究 II		

																													(Case	Study	on	Social	Media	MarkeKng	Management	II)	

14				2016/05/19				深度學習社群網路情感分析 	
																													(Deep	Learning	for	SenKment	Analysis	on	Social	Media)	

15				2016/05/26				Google	TensorFlow	深度學習 	
																													(Deep	Learning	with	Google	TensorFlow)	

16				2016/06/02				期末報告 I		(Term	Project	PresentaKon	I)	
17				2016/06/09				端午節(放假一天)	
18				2016/06/16				期末報告 II		(Term	Project	PresentaKon	II)	
	

課程大綱 (Syllabus)
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LeCun,	Yann,		
Yoshua	Bengio,		

and	Geoffrey	Hinton.		

"Deep	learning."		
Nature	521,	no.	7553	(2015):	

436-444.	
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6Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 



Sebas-an	Raschka	(2015),		
Python	Machine	Learning,		

Packt	Publishing	

7Source: http://www.amazon.com/Python-Machine-Learning-Sebastian-Raschka/dp/1783555130 



Sunila	Gollapudi	(2016),		

Prac-cal	Machine	Learning,		
Packt	Publishing	

8Source: http://www.amazon.com/Practical-Machine-Learning-Sunila-Gollapudi/dp/178439968X 



Machine	Learning	Models	

9

Deep	Learning	

Ensemble		

Clustering	 Regression	Analysis	

Kernel		

Dimensionality	reducKon	Decision	tree	

Instance	based	Bayesian	

AssociaKon	rules	

Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Neural	networks		
(NN)	
1960	

10Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Mul-layer	Perceptrons		
(MLP)	
1985	

11Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Restricted	Boltzmann	Machine		
(RBM)	
1986	

12Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Support	Vector	Machine	
(SVM)	
	1995	

13Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Hinton	presents	the		

Deep	Belief	Network	
(DBN)	

New	interests	in	deep	learning	
and	RBM	

State	of	the	art	MNIST	

2005	
14Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Deep		
Recurrent	Neural	Network		

(RNN)	
2009	

15Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Convolu-onal	DBN	
2010	

16Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Max-Pooling	CDBN	
2011	

17Source: Sunila	Gollapudi	(2016),	PracKcal	Machine	Learning,	Packt	Publishing	



Neural	Networks	

18

Input Layer 
(X) 

Output Layer 
(Y) 

Hidden Layer 
(H) 

Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 
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Deep	Learning	
	

Geoffrey	Hinton		
Yann	LeCun	

Yoshua	Bengio	
Andrew	Y.	Ng	
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Geoffrey	Hinton	
Google		

University	of	Toronto	

20Source: https://en.wikipedia.org/wiki/Geoffrey_Hinton 



LeCun,	Yann,		
Yoshua	Bengio,		

and	Geoffrey	Hinton.		

"Deep	learning."		
Nature	521,	no.	7553	(2015):	

436-444.	
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Deep	Learning	

22Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 



23Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 

Deep	Learning	



24Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 

Deep	Learning	



25Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 

Deep	Learning	



Recurrent	Neural	Network	(RNN)	

26Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 
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 From image to text 

Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 



From	image	to	text		
Image:	deep	convolu-on	neural	network	(CNN)	

Text:	recurrent	neural	network	(RNN)		

28Source: LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." Nature 521, no. 7553 (2015): 436-444. 



CS224d:	Deep	Learning	for		
Natural	Language	Processing	

29http://cs224d.stanford.edu/ 



Recurrent	Neural	Networks	
(RNNs)	

30Source: http://cs224d.stanford.edu/lectures/CS224d-Lecture8.pdf 



31Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 
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32Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 
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Training	a	Network	
=	

Minimize	the	Cost	Func-on	

33Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 



Neural	Networks	

34Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 



Neural	Networks	
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Y 
X1 

X2 



Neural	Networks	
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Input Layer 
(X) 

Output Layer 
(Y) 

Hidden Layers 
(H) 

Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 

Deep Neural Networks 
Deep Learning 



Neural	Networks	
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Input Layer 
(X) 

Output Layer 
(Y) 

Hidden Layer 
(H) 

Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 
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Neuron	and	Synapse	

38Source: https://en.wikipedia.org/wiki/Neuron 



Neurons	

39

1 Unipolar neuron 2 Bipolar neuron 

3 Multipolar neuron 4 Pseudounipolar neuron 

Source: https://en.wikipedia.org/wiki/Neuron 



40Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 

The	Neuron	

x1 

x2 

xn 

… … 

y 

w1 

w2 

wn 



41Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 
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42Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 
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Deep	Learning	

•  A	powerful	class	of	machine	learning	model	
•  Modern	reincarnaKon	of	arKficial	neural	networks	
•  CollecKon	of	simple,		
trainable	mathemaKcal	funcKons	

•  CompaKble	with	many	variants	of	machine	learning	

43Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



44Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 

What	is	Deep	Learning?	



45Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



Learning	Algorithm	

While	not	done:	
Pick	a	random	training	example	“(input,	label)”	
Run	neural	network	on	“input”	
Adjust	weights	on	edges	to	make	output	closer	to	“label”	

46Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



47Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 
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48Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 

x1 

x2 

x3 

y 

-0.21 

0.3 

0.65 

Weights 
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Next time: 
y = max ( 0, -0.23 * x1 + 0.31 * x2 + 0.65 * x3 ) 
y = max ( 0, -0.21 * x1 + 0.3 * x2 + 0.7 * x3 ) 
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Neural	Networks	

49
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(X) 

Output Layer 
(Y) 

Hidden Layer 
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Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 
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Neural	Networks	

50Source: https://www.youtube.com/watch?v=P2HPcj8lRJE&list=PLjJh1vlSEYgvGod9wWiydumYl8hOXixNu&index=2 
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Convolu-onal	Neural	Networks	

(CNNs	/	ConvNets)	

51http://cs231n.github.io/convolutional-networks/ 



A	regular	3-layer	Neural	Network	

52http://cs231n.github.io/convolutional-networks/ 



A	ConvNet	arranges	its	neurons	in	
three	dimensions		

(width,	height,	depth)	

53http://cs231n.github.io/convolutional-networks/ 



The	ac-va-ons	of	an		
example	ConvNet	architecture.	

54http://cs231n.github.io/convolutional-networks/ 



ConvNets	

55http://cs231n.github.io/convolutional-networks/ 



ConvNets	

56http://cs231n.github.io/convolutional-networks/ 



ConvNets	

57http://cs231n.github.io/convolutional-networks/ 



ConvNets	
max	pooling	

58http://cs231n.github.io/convolutional-networks/ 



Convolu-onal	Neural	Networks	
(CNN)	(LeNet)	

59Source: http://deeplearning.net/tutorial/lenet.html 

Sparse Connectivity 



Convolu-onal	Neural	Networks	
(CNN)	(LeNet)	

60Source: http://deeplearning.net/tutorial/lenet.html 

Shared Weights 



Convolu-onal	Neural	Networks	
(CNN)	(LeNet)	

61Source: http://deeplearning.net/tutorial/lenet.html 

example of a convolutional layer 



Convolu-onal	Neural	Networks	
(CNN)	(LeNet)	

62Source: http://deeplearning.net/tutorial/lenet.html 



63Source: http://deeplearning.net/tutorial/rnnslu.html 

show	flights	from	Boston	to	New	York	today	



Recurrent	Neural	Networks	with	
Word	Embeddings	

Seman-c	Parsing	/	Slot-Filling	
(Spoken	Language	Understanding)	

64Source: http://deeplearning.net/tutorial/rnnslu.html 

Input	
(words)	 show	 flights	 from	 Boston	 to	 New	 York	 today	

Output	
(labels)	 O	 O	 O	 B-dept	 O	 B-arr	 I-arr	 B-date	



show	flights	from	Boston	to	New	York	today	

65Source: http://deeplearning.net/tutorial/rnnslu.html 

show	flights	from	Boston	to	New	York	today	

Input	
(words)	 show	 flights	 from	 Boston	 to	 New	 York	 today	

Output	
(labels)	 O	 O	 O	 B-dept	 O	 B-arr	 I-arr	 B-date	



66Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



Important	Property	of	Neural	Networks	

Results	get	beder	with	

More	data	+	
Bigger	models	+	

More	computa-on	
(Beder	algorithms,	new	insights		

and	improved	techniques	always	help,	too!)	

67Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



68Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



DeepDream	

69Source: https://github.com/tensorflow/tensorflow/blob/master/tensorflow/examples/tutorials/deepdream/deepdream.ipynb 



Deep	Learning	Sofware	
•  Theano	

– CPU/GPU	symbolic	expression	compiler	in	
python	(from	MILA	lab	at	University	of	
Montreal)	

•  Keras	
– A	theano	based	deep	learning	library.	

•  Tensorflow	
– TensorFlow™	is	an	open	source	sojware	library	
for	numerical	computaKon	using	data	flow	
graphs.	

70Source: http://deeplearning.net/software_links/ 



71Source: https://github.com/tensorflow/tensorflow 



Google	TensorFlow	

72https://www.tensorflow.org/ 



TensorFlow		
is	an		

Open	Source		
Sofware	Library		

for		

Machine	Intelligence	
73



numerical	computa-on		
using	data	flow	graphs	

74



Nodes:		
mathema-cal	opera-ons	

	
edges:		

mul-dimensional	data	arrays	
(tensors)		

communicated	between	nodes	

75



Computa-on	is	a	Dataflow	Graph	

76

Graph of Nodes,  
also called Operations or ops. 

weights	

MatMul	

bias	

examples	

labels	

Add	 Relu	

Xent	

Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



Computa-on	is	a	Dataflow	Graph	

77

Edges are N-dimensional arrays: Tensors 

weights	

MatMul	

bias	

inputs	

targets	

Add	 Relu	

Xent	

Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



Logis-c	Regression	as	Dataflow	Graph	

78

weights	

MatMul	

bias	

inputs	

targets	

Add	 Sojmax	

Xent	

ops	OperaKons	Nodes	

Edges are N-dimensional arrays: Tensors 

b 

W 

X 

Y

Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



Computa-on	is	a	Dataflow	Graph	

79

Add	

biases	

…	

learning	
rate	

…	 Mul	 -=	

‘Biases’ is a variable 
Some ops compute gradients 

-= updates biases 

with state 

Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 



Neural	Networks	

80

Input Layer 
(X) 

Output Layer 
(Y) 

Hidden Layer 
(H) 

Source: https://www.youtube.com/watch?v=bxe2T-V8XRs&index=1&list=PLiaHhY2iBX9hdHaRr6b7XevZtgZRa1PoU 
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	Data	Flow	Graph	

81Source: https://www.tensorflow.org/ 



	Data	Flow	Graph	

82Source: https://www.tensorflow.org/ 

	Data	Flow	
Graph	



	Data	Flow	Graph	

83Source: https://www.tensorflow.org/ 

	Data	Flow	
Graph	



TensorFlow	Playground	

84http://playground.tensorflow.org/ 



TensorBoard	

85https://www.tensorflow.org/tensorboard/index.html#graphs 



Try	your	first	TensorFlow	

86https://github.com/tensorflow/tensorflow 



Architecture	of	TensorFlow		

87Source: Jeff Dean (2016), Large-Scale Deep Learning For Building Intelligent Computer Systems, WSDM 2016 

C	++	front	end	 Python	front	end	

Core	TensorFlow	ExecuKon	System	

CPU	 GPU	 Android	 iOS	

… 



CS224d:	Deep	Learning	for		
Natural	Language	Processing	

88http://cs224d.stanford.edu/ 



Deeply	Moving:		
Deep	Learning	for	Sen-ment	Analysis	

89http://nlp.stanford.edu/sentiment/ 



Recursive	Deep	Models	for	Seman-c	Composi-onality	
Over	a	Sen-ment	Treebank	

90
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 



	Recursive	Neural	Tensor	Network	(RNTN)	

91
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 



Recursive	Neural	Network	Defini-on	

92Source: http://cs224d.stanford.edu/lectures/CS224d-Lecture10.pdf 



Parsing	a	sentence	with	an	RNN	

93Source: http://cs224d.stanford.edu/lectures/CS224d-Lecture10.pdf 
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Parsing	a	sentence	with	an	RNN	

Source: http://cs224d.stanford.edu/lectures/CS224d-Lecture10.pdf 
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Parsing	a	sentence	with	an	RNN	

Source: http://cs224d.stanford.edu/lectures/CS224d-Lecture10.pdf 
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Parsing	a	sentence	with	an	RNN	

Source: http://cs224d.stanford.edu/lectures/CS224d-Lecture10.pdf 



	Recursive	Neural	Network	(RNN)		
models	for	sen-ment	

97
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 



Recursive	Neural	Tensor	Network	
(RNTN)	

98
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 



Roger	Dodger	is	one	of	the	most	
compelling	varia-ons	on	this	

theme.	
	
	

Roger	Dodger	is	one	of	the	least	
compelling	varia-ons	on	this	

theme.	
99

Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 
Sentiment Treebank", EMNLP 2013 



RNTN	for	Sen-ment	Analysis	

100
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 

Roger Dodger is one of the most compelling variations on this theme. 



101
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 

Roger Dodger is one of the least compelling variations on this theme. 

RNTN	for	Sen-ment	Analysis	



	Accuracy	for	fine	grained	(5-class)		
and	binary	predic-ons		

at	the	sentence	level	(root)	and	for	all	nodes	

102
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 



	Accuracy	of	nega-on	detec-on	

103
Source: Richard Socher et al. (2013) "Recursive Deep Models for Semantic Compositionality Over a 

Sentiment Treebank", EMNLP 2013 



Long	Short-Term	Memory	(LSTM)	

104Source: https://cs224d.stanford.edu/reports/HongJames.pdf 



Deep	Learning		
for	Sen-ment	Analysis	

	CNN	RNTN	LSTM	

105Source: https://cs224d.stanford.edu/reports/HongJames.pdf 



Performance	Comparison	of		
Sen-ment	Analysis	Methods	

106
Vishal Kharde and Sheetal Sonawane (2016), "Sentiment Analysis of Twitter Data: A Survey of Techniques,"  

International Journal of Computer Applications, Vol 139, No. 11, 2016. pp.5-15



107	Source: https://www.python.org/community/logos/ 



Yves	Hilpisch,		
Python	for	Finance:	Analyze	Big	Financial	Data,	

O'Reilly,	2014	

108	Source: http://www.amazon.com/Python-Finance-Analyze-Financial-Data/dp/1491945281 



109	Source: http://www.amazon.com/Numpy-Beginners-Guide-Ivan-Idris/dp/1785281968 

Ivan	Idris,		
Numpy	Beginner's	Guide,	Third	Edi-on		

Packt	Publishing,	2015	



110	

Michael	Heydt	,		
Mastering	Pandas	for	Finance,		

Packt	Publishing,	2015	

Source: http://www.amazon.com/Mastering-Pandas-Finance-Michael-Heydt/dp/1783985100 



111	Source: http://www.kdnuggets.com/2015/05/poll-r-rapidminer-python-big-data-spark.html 

Python:	Analy-cs	and	Data	Science	Sofware	



Python	

112	https://www.python.org/ 



Python	is	an		
interpreted,		

object-oriented,		
high-level		

programming	language		
with		

dynamic	seman-cs.	
113	Source: https://www.python.org/doc/essays/blurb/ 



NumPy	

114	http://www.numpy.org/ 



NumPy		
is	the		

fundamental	package		
for		

scien-fic	compu-ng		
with	Python.	

115	Source: http://www.numpy.org/ 



Python	versions	(py2	and	py3)	

•  Python	0.9.0	released	in	1991	(first	release)	
•  Python	1.0	released	in	1994	
•  Python	2.0	released	in	2000	
•  Python	2.6	released	in	2008	
•  Python	2.7	released	in	2010	
•  Python	3.0	released	in	2008	
•  Python	3.3	released	in	2010	
•  Python	3.4	released	in	2014	
•  Python	3.5	released	in	2015	

116	Source: Yves Hilpisch (2014), Python for Finance: Analyze Big Financial Data, O'Reilly 



Python	(Python	2.7	&	Python	3.5)	
	Standard	Syntax	

117	https://www.youtube.com/watch?v=KOqk8j11aAI 
Source: PyCon Australia (2014),  Writing Python 2/3 compatible code by Edward Schofield 

Python	3	Python	2	



from __future__ import ...

118	https://www.youtube.com/watch?v=KOqk8j11aAI 
Source: PyCon Australia (2014),  Writing Python 2/3 compatible code by Edward Schofield 

Python	3	Python	2	



from future.builtins import *

119	https://www.youtube.com/watch?v=KOqk8j11aAI 
Source: PyCon Australia (2014),  Writing Python 2/3 compatible code by Edward Schofield 

Python	3	Python	2	



from past.builtins import *

120	https://www.youtube.com/watch?v=KOqk8j11aAI 
Source: PyCon Australia (2014),  Writing Python 2/3 compatible code by Edward Schofield 

Python	3	Python	2	



Anaconda	

121	https://www.continuum.io/ 



Download	Anaconda	

122	https://www.continuum.io/downloads 



Download	Anaconda	Python	2.7	

123	https://www.continuum.io/downloads 



OS	X	Anaconda	Installa-on	

124	https://www.continuum.io/downloads 



Anaconda2-2.5.0-MacOSX-x86_64.pkg	

125	

OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	



Install	Anaconda	2:	
165	packages	included	

129	



130	

OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	
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OS	X	Anaconda	Installa-on	



137	

OS	X	Anaconda	Installa-on	



conda list

138	http://conda.pydata.org/docs/using/using.html#verify-that-conda-is-installed-check-current-conda-version 



139	

conda --version

http://conda.pydata.org/docs/using/using.html#verify-that-conda-is-installed-check-current-conda-version 



140	

conda --version



141	

python --version



ipython notebook

142	



143	

conda search python



144	

conda create -n py35 python=3.5 anaconda

Source: http://conda.pydata.org/docs/py2or3.html 

Create	a	Python	3.5	environment	



145	

Create	a	Python	3.5	environment	

y



146	

Create	a	Python	3.5	environment	



147	

source activate py35



148	

python --version 



149	

from platform import python_version
print('Python Version:', python_version())



conda info --envs

150	



151	

conda --version  
python --version



152	

py27
py35

conda info --envs
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Source activate py35
conda install notebook ipykernel



154	

conda install notebook ipykernel



155	

conda install notebook ipykernel



156	

Source activate py27
conda install notebook ipykernel



157	

conda install notebook ipykernel
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conda install notebook ipykernel



159	

python --version



160	

source deactivate



161	

ipython notebook



ipython notebook

162	



163	

jupyter	notebook	
Python	3	



164	

jupyter	notebook	
Python	3	



165	

jupyter	notebook	
Python	2	
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jupyter	notebook	
Python	2	
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ipython	notebook	
jupyter	notebook	
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jupyter	notebook	



169	

jupyter	notebook	



print(‘Hello World, Python’)

170	



171	

print(‘Hello World, Python’)



Conda	Get-Started	

172	http://conda.pydata.org/docs/get-started.html 



Update	or	Upgrade	Python	

173	

If you are in an environment with Python 
version 3.4.2, this command will update 
Python to 3.4.3, which is the latest version in 
the 3.4 branch: 
 
$ conda update python 
 
Upgrade Python to another branch such as 
3.5 by installing that version of Python: 
 
$ conda install python=3.5 

http://conda.pydata.org/docs/py2or3.html 



Python–Future		

174	http://python-future.org/index.html 



pip	install	future	
pip	install	six	

175	

import future        # pip install future
import builtins      # pip install future
import past          # pip install future
import six           # pip install six

The imports below refer to these  
pip-installable packages on PyPI: 

futurize             # pip install future
pasteurize           # pip install future

http://python-future.org/compatible_idioms.html 



print	

176	

# Python 2 only:
print 'Hello’

# Python 2 and 3:
print('Hello')

# Python 2 only:
print 'Hello', 'Guido’

# Python 2 and 3:
from __future__ import print_function #(at top of module)

print('Hello', 'Guido')

http://python-future.org/compatible_idioms.html 



Wri-ng	Python	2-3	compa-ble	code	
Essen-al	syntax	differences	

177	http://python-future.org/compatible_idioms.html 
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# Python 2 only
s1 = 'The Zen of Python'
s2 = u'きたないのよりきれいな方がいい\n'

# Python 2 and 3
s1 = u'The Zen of Python'
s2 = u'きたないのよりきれいな方がいい\n'

http://python-future.org/compatible_idioms.html 

Unicode	(text)	string	literals	



179	

# Python 2 and 3
from __future__ import unicode_literals # at top of module

s1 = 'The Zen of Python'
s2 = 'きたないのよりきれいな方がいい\n'

http://python-future.org/compatible_idioms.html 

Unicode	(text)	string	literals	



180	Source: https://www.python.org/community/logos/ 



Text	input	and	output	

181	Source: http://pythonprogramminglanguage.com/text-input-and-output/ 

name = input("Enter a name: ")

x = int(input("What is x? "))

x = 2
y = 3
print(x, ' ', y)

x = 3
print(x)

print("Hello World")

print("Hello World\nThis is a message")

x = float(input("Write a number"))



Variables	

182	Source: http://pythonprogramminglanguage.com/ 

x = 2
price = 2.5
word = 'Hello'

x = 2
x = x + 1
x = 5

word = 'Hello'
word = "Hello"
word = '''Hello'''



Python	Basic	Operators	

183	

print('7 + 2 =', 7 + 2)
print('7 - 2 =', 7 - 2)
print('7 * 2 =', 7 * 2)
print('7 / 2 =', 7 / 2)
print('7 // 2 =', 7 // 2)
print('7 % 2 =', 7 % 2)
print('7 ** 2 =', 7 ** 2)



BMI	Calculator	in	Python	

184	

height_cm = float(input("Enter your height in cm: "))
weight_kg = float(input("Enter your weight in kg: "))

height_m = height_cm/100
BMI = (weight_kg/(height_m**2))

print("Your BMI is: " + str(round(BMI,1)))

Source: http://code.activestate.com/recipes/580615-bmi-code/ 



If	statements	

185	Source: http://pythonprogramminglanguage.com/ 

>			greater	than	
<			smaller	than	
==		equals	
!=		is	not	

score = 80
if score >=60 :
    print("Pass")
else:
    print("Fail")



For	loops	

186	Source: http://pythonprogramminglanguage.com/ 

for i in range(1,11):
    print(i)
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 



For	loops	

187	Source: http://pythonprogramminglanguage.com/ 

for i in range(1,10):
    for j in range(1,10):
        print(i, ' * ' , j , ' = ', i*j)

9		*		1		=		9	
9		*		2		=		18	
9		*		3		=		27	
9		*		4		=		36	
9		*		5		=		45	
9		*		6		=		54	
9		*		7		=		63	
9		*		8		=		72	
9		*		9		=		81	



Func-ons	

188	

def convertCMtoM(xcm):
    m = xcm/100
    return m

cm = 180
m = convertCMtoM(cm)
print(str(m))

1.8	



Lists	

189	

x = [60, 70, 80, 90]
print(len(x))
print(x[0])
print(x[1])
print(x[-1])

60	
70	
90	



Tuples	

190	

x = (10, 20, 30, 40, 50)
print(x[0])
print(x[1])
print(x[2])
print(x[-1])

10
20
30
50

A	tuple	in	Python	is	a	collecKon	that		
cannot	be	modified.		
A	tuple	is	defined	using	parenthesis.	

Source: http://pythonprogramminglanguage.com/tuples/ 



191	

Python	Ecosystem	



Python	Ecosystem	
import	math	

192	

math.log? 



NumPy	

•  NumPy	provides	a		
mulKdimensional	array	object		
to	store	homogenous	or	heterogeneous	data;	
it	also	provides	opKmized	funcKons/methods	
to	operate	on	this	array	object.	

193	Source: Yves Hilpisch (2014), Python for Finance: Analyze Big Financial Data, O'Reilly 



v = range(1, 6)  
print(v)  
2 * v  
import numpy as np  
v = np.arange(1, 6)  
v  
2 * v

194	

NumPy	

Source: Yves Hilpisch (2014), Python for Finance: Analyze Big Financial Data, O'Reilly 



195	



Compa-ble		
Python	2	and	Python	3	Code	

196	https://www.youtube.com/watch?v=5Pwc-Rd4qJA 
Source: DrapsTV (2016), Compatible Python 2 & 3 Code 

•  print()	
•  ExcepKons	
•  Division	
•  Unicode	strings	
•  Bad	imports	



Compa-ble		
Python	2	and	Python	3	Code	

197	https://www.youtube.com/watch?v=5Pwc-Rd4qJA 
Source: DrapsTV (2016), Compatible Python 2 & 3 Code 

print()
print(“This works in py2 and py3”)

from __future__ import print_function
print(“Hello”, “World”)



What	version	of	Python		
should	I	choose?	

•  The	latest	version	of	Python	2	is	2.7,	and	that	
is	included	with	Anaconda	and	Miniconda.	

•  The	newest	stable	version	of	Python	is	3.5,	
and	that	is	included	with	Anaconda3	and	
Miniconda3.	

•  You	can	easily	set	up	addiKonal	versions	of	
Python	such	as	3.4	by	downloading	any	
version	and	creaKng	a	new	environment	with	
just	a	few	clicks.	

198	Source: http://conda.pydata.org/docs/download.html 



Create	Python	2	or	3	environments	

199	Source: http://conda.pydata.org/docs/py2or3.html#create-python-2-or-3-environments 



File	IO	with	open()	

200	https://github.com/PythonCharmers/python-future/blob/master/docs/notebooks/Writing%20Python%202-3%20compatible%20code.ipynb 

# Python 2 only
f = open('myfile.txt')
data = f.read()              # as a byte string
text = data.decode('utf-8')

# Python 2 and 3: alternative 1
from io import open
f = open('myfile.txt', 'rb')
data = f.read()              # as bytes
text = data.decode('utf-8')  # unicode, not bytes

# Python 2 and 3: alternative 2
from io import open
f = open('myfile.txt', encoding='utf-8')
text = f.read()    # unicode, not bytes



Six:	Python	2	and	3	Compa-bility	Library	

201	https://pythonhosted.org/six/ 



Conda	Test	Drive	

202	http://conda.pydata.org/docs/test-drive.html 



Managing	Conda	and	Anaconda	

203	http://conda.pydata.org/docs/_downloads/conda-cheatsheet.pdf 



204	http://conda.pydata.org/docs/_downloads/conda-cheatsheet.pdf 

Managing	environments	



205	http://conda.pydata.org/docs/_downloads/conda-cheatsheet.pdf 

Managing	Python	



206	http://conda.pydata.org/docs/_downloads/conda-cheatsheet.pdf 

Managing	Packages	in	Python	



207	Source: https://github.com/tensorflow/tensorflow 



Install	TensorFlow	

208	https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html 



209	

Install	TensorFlow	

https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html#anaconda-environment-installation 



210	

conda create -n tensorflow python=2.7

Source: https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html 



211	Source: https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html 

source activate tensorflow



212	Source: https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html 

pip install --ignore-installed --upgrade 
https://storage.googleapis.com/tensorflow/
mac/tensorflow-0.8.0-py2-none-any.whl



213	

conda info --envs
conda --version  
python --version



214	

conda info --envs

source deactivate

source activate tensorflow



215	

$ python
...
>>> import tensorflow as tf
>>> hello = tf.constant('Hello, TensorFlow!')
>>> sess = tf.Session()
>>> print(sess.run(hello))
Hello, TensorFlow!

Source: https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html#test-the-tensorflow-installation 
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$ python
>>> import tensorflow as tf
>>> hello = tf.constant('Hello TensorFlow')
>>> sess = tf.Session()
>>> sess.run(hello)
'Hello TensorFlow'
>>> exit()
$

Source: https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html#test-the-tensorflow-installation 
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conda list



218	

pip install ipython



219	

conda list



220	

pip install ipython[all]



221	

conda list



222	

conda list



223	

ipython notebook



224	

import tensorflow as tf
hello = tf.constant('Hello TensorFlow')
sess = tf.Session()
print(sess.run(hello))

a = tf.constant(10)
b = tf.constant(32)
c = sess.run(a+b)
print(c)

Source: https://www.tensorflow.org/versions/r0.8/get_started/os_setup.html#test-the-tensorflow-installation 
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import tensorflow as tf
import numpy as np

# Create 100 phony x, y data points in NumPy, y = x * 0.1 + 0.3
x_data = np.random.rand(100).astype(np.float32)
y_data = x_data * 0.1 + 0.3

# Try to find values for W and b that compute y_data = W * x_data + b
# (We know that W should be 0.1 and b 0.3, but Tensorflow will
# figure that out for us.)
W = tf.Variable(tf.random_uniform([1], -1.0, 1.0))
b = tf.Variable(tf.zeros([1]))
y = W * x_data + b

# Minimize the mean squared errors.
loss = tf.reduce_mean(tf.square(y - y_data))
optimizer = tf.train.GradientDescentOptimizer(0.5)
train = optimizer.minimize(loss)

# Before starting, initialize the variables.  We will 'run' this first.
init = tf.initialize_all_variables()

# Launch the graph.
sess = tf.Session()
sess.run(init)

# Fit the line.
for step in xrange(201):
    sess.run(train)
    if step % 20 == 0:
        print(step, sess.run(W), sess.run(b))

# Learns best fit is W: [0.1], b: [0.3]

Source: https://www.tensorflow.org/versions/r0.8/get_started/index.html 

TensorFlow	Example	



226	Source: https://www.tensorflow.org/versions/r0.8/get_started/index.html 

TensorFlow	Example	



227	Source: https://www.tensorflow.org/versions/r0.8/get_started/index.html 

TensorFlow	Example	



228	https://www.tensorflow.org/tensorboard/index.html#graphs 

TensorFlow	
TensorBoard	

	Graphs	
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from __future__ import absolute_import
from __future__ import division
from __future__ import print_function

# Import data
from tensorflow.examples.tutorials.mnist import input_data

import tensorflow as tf

flags = tf.app.flags
FLAGS = flags.FLAGS
flags.DEFINE_string('data_dir', '/tmp/data/', 'Directory for storing data')

mnist = input_data.read_data_sets(FLAGS.data_dir, one_hot=True)

sess = tf.InteractiveSession()

# Create the model
x = tf.placeholder(tf.float32, [None, 784])
W = tf.Variable(tf.zeros([784, 10]))
b = tf.Variable(tf.zeros([10]))
y = tf.nn.softmax(tf.matmul(x, W) + b)

# Define loss and optimizer
y_ = tf.placeholder(tf.float32, [None, 10])
cross_entropy = tf.reduce_mean(-tf.reduce_sum(y_ * tf.log(y), reduction_indices=[1]))
train_step = tf.train.GradientDescentOptimizer(0.5).minimize(cross_entropy)

# Train
tf.initialize_all_variables().run()
for i in range(1000):
  batch_xs, batch_ys = mnist.train.next_batch(100)
  train_step.run({x: batch_xs, y_: batch_ys})

# Test trained model
correct_prediction = tf.equal(tf.argmax(y, 1), tf.argmax(y_, 1))
accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))
print(accuracy.eval({x: mnist.test.images, y_: mnist.test.labels}))

https://github.com/tensorflow/tensorflow/blob/r0.8/tensorflow/examples/tutorials/mnist/mnist_softmax.py 

TensorFlow	Example		
MNIST	Sofmax	



230	https://github.com/tensorflow/tensorflow/blob/r0.8/tensorflow/examples/tutorials/mnist/mnist_softmax.py 

TensorFlow	Example	MNIST	Sofmax	



231	https://github.com/tensorflow/tensorflow/blob/r0.8/tensorflow/examples/tutorials/mnist/mnist_softmax.py 

TensorFlow	Example	MNIST	Sofmax	
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from __future__ import absolute_import
from __future__ import division
from __future__ import print_function

import gzip
import os
import tempfile

import numpy
from six.moves import urllib
from six.moves import xrange  # pylint: disable=redefined-builtin
import tensorflow as tf
from tensorflow.contrib.learn.python.learn.datasets.mnist import read_data_sets

def weight_variable(shape):
  initial = tf.truncated_normal(shape, stddev=0.1)
  return tf.Variable(initial)

def bias_variable(shape):
  initial = tf.constant(0.1, shape=shape)
  return tf.Variable(initial)

def conv2d(x, W):
  return tf.nn.conv2d(x, W, strides=[1, 1, 1, 1], padding='SAME')

def max_pool_2x2(x):
  return tf.nn.max_pool(x, ksize=[1, 2, 2, 1],
                        strides=[1, 2, 2, 1], padding='SAME')

W_conv1 = weight_variable([5, 5, 1, 32])
b_conv1 = bias_variable([32])

x_image = tf.reshape(x, [-1,28,28,1])

h_conv1 = tf.nn.relu(conv2d(x_image, W_conv1) + b_conv1)
h_pool1 = max_pool_2x2(h_conv1)

W_conv2 = weight_variable([5, 5, 32, 64])
b_conv2 = bias_variable([64])

h_conv2 = tf.nn.relu(conv2d(h_pool1, W_conv2) + b_conv2)
h_pool2 = max_pool_2x2(h_conv2)

W_fc1 = weight_variable([7 * 7 * 64, 1024])
b_fc1 = bias_variable([1024])

h_pool2_flat = tf.reshape(h_pool2, [-1, 7*7*64])
h_fc1 = tf.nn.relu(tf.matmul(h_pool2_flat, W_fc1) + b_fc1)

keep_prob = tf.placeholder(tf.float32)
h_fc1_drop = tf.nn.dropout(h_fc1, keep_prob)

W_fc2 = weight_variable([1024, 10])
b_fc2 = bias_variable([10])

y_conv=tf.nn.softmax(tf.matmul(h_fc1_drop, W_fc2) + b_fc2)

cross_entropy = tf.reduce_mean(-tf.reduce_sum(y_ * tf.log(y_conv), reduction_indices=[1]))
train_step = tf.train.AdamOptimizer(1e-4).minimize(cross_entropy)
correct_prediction = tf.equal(tf.argmax(y_conv,1), tf.argmax(y_,1))
accuracy = tf.reduce_mean(tf.cast(correct_prediction, tf.float32))
sess.run(tf.initialize_all_variables())
for i in range(20000):
  batch = mnist.train.next_batch(50)
  if i%100 == 0:
    train_accuracy = accuracy.eval(feed_dict={
        x:batch[0], y_: batch[1], keep_prob: 1.0})
    print("step %d, training accuracy %g"%(i, train_accuracy))
  train_step.run(feed_dict={x: batch[0], y_: batch[1], keep_prob: 0.5})

print("test accuracy %g"%accuracy.eval(feed_dict={
    x: mnist.test.images, y_: mnist.test.labels, keep_prob: 1.0}))

https://www.tensorflow.org/versions/r0.8/tutorials/mnist/pros/index.html 

TensorFlow		
Deep	MNIST	for	Experts	



233	https://www.tensorflow.org/versions/r0.8/tutorials/mnist/pros/index.html 

TensorFlow	Deep	MNIST	for	Experts	



234	https://www.tensorflow.org/versions/r0.8/tutorials/mnist/pros/index.html 

TensorFlow	Deep	MNIST	for	Experts	



235	https://www.tensorflow.org/versions/r0.8/tutorials/mnist/pros/index.html 

TensorFlow	Deep	MNIST	for	Experts	



236	https://www.tensorflow.org/versions/r0.8/tutorials/mnist/pros/index.html 

TensorFlow	Deep	MNIST	for	Experts	
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