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Keras Functional	API



Sequential	Model

But	in	general,	the	neural	network	model	
can	be	any	directed	acyclic	graph	(DAC)







Google	“Inception”	deep	neural	network	architecture





ResNet



Examples	of	functional	API

• See	every	layer	as	a	function	y	=	f(x)
• Every	input	and	output	has	a	name,	which	makes	it	feasible	to	define	
the	model	graph	conveniently.
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Multi-input	models



Example	application:	question-answering

Tom	went	 out	to	buy	wine	 and	bread.
He	came	back	with	 only	 bread.

What	 did	Tom	not	buy?

wine
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Multi-output	models
(see	textbook	for	details)	



How	to	train	the	multi-output	model:
1. Choose	a	loss	function	for	each	output.

2.	Keras will	take	their	(weighted)	sum	as	the	overall	loss	function.
(And	we	can	choose	a	weight	for	each	loss	function.)







Directed	acyclic	graphs	of	layers

A	neural	network	model	can	be	any	directed	acyclic	graph.



Inception	modules



Inception	modules



Inception	modules

Xception (extreme	inception)	module:	 separating	the	 learning	of	channel-wise	 and	space-wise
features	to	its	logical	 extreme.	



Residual	connections

• Tackles	two	common	problems:	vanishing	gradients	and	
representation	bottlenecks.
• Winning	the	ILSVRC	ImageNet	Challenge	in	2015.
• In	general,	adding	residual	connections	to	any	model	that	has	more	
than	10	layers	is	likely	to	be	beneficial.



Example:



Point-wise	 add.	Here	X	and	 Y	need	 to	have	the	same	 shape.



Point-wise	 add.	Here	X	and	 Y	need	 to	have	the	same	 shape.

conv



Layer	weight	sharing

• It	is	useful	to	share	weights.	(Think	of	convolutional	filters.)
• We	can	reuse	a	layer	instance	several	times.	The	share	the	same	
weights	(because	they	are	the	same	layer	instance).





We	use	 the	same	 LSTM	layer	to	turn	each	 sentence	 into	 a	set	of	features.

We	 then	 compare	 the	similarity	 of	 the	two	sets	of	 features,	 to	decide	 if	the	two	 sentences	 are	similar	 or	not.

The	representations	 of	 this	 LSTM	layer	(its	weights)	 are	learned	 based	on	both	 inputs	 simultaneously.
This	 is	called	 a	Siamese	 LSTM	model	 or	a	shared	 LSTM.
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Models	as	layers

• A	model	can	be	used	like	a	layer.	(We	can	think	of	model	as	a	“bigger	
layer”.)



Reuse	weights	of	a	model:



Example:	Dual	camera	that	can	perceive	depth

We	use	the	convolutional	base	of	the	Xception network (that	is,	we	remove	it	top	dense
layer,	which	is	used	for	classification)	 to	extract	features	of	the	 input	image.

The	same	model	can	be	used	for	both	cameras.	
(It	is	a	Siamese	 vision	model,	or	shared	convolutional	 base.)
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Inspecting	and	monitoring	deep-learning	models	
using	Keras callbacks and	TensorBoard



Using	callbacks to	act	on	a	model	during	training



Example:	the	ModelCheckpoint and	EarlyStopping callbacks

Save	the	model
(its	weights)
in	a	file

Stop	training	when	a	monitored	metric
(such	as	accuracy	or	loss)	stops
improving



Example:	the	ModelCheckpoint and	EarlyStopping callbacks



Example:	the	ReduceLRonPlateau callback

• Reduce	(or	increase)	the	Learning	Rate	when	the	monitored	metric	
(such	as	validation	loss)	has	stopped	improving.

• It	is	an	effective	way	to	get	out	of	local	minimal	during	training.



Example:	the	ReduceLRonPlateau callback



Example:	the	ReduceLRonPlateau callback

Your	can	write	your	own	callbacks.	(For	details,	see	textbook.)



TensorBoard:	the	TensorFlow visualization	framework

• TensorFlow is	a	library	(platform)	for	deep	learning.

• Keras is	built	on	top	of	TensorFlow (and	other	platforms).

• TensorBoard is	a	nice	visualization	tool	for	deep	learning.



Example:	Visualize	DNN	training	for	IMDB	dataset











Monitor	word	embedding	(visualized	in	a	2-D	space)

Words	are	forming	two	clusters:
One	positive	cluster,
One	negative	cluster.







Getting	the	most	out	of	your	models

Techniques	for	improving	DNN	performance



Batch	normalization
How	to	normalize	the	output	of	a	layer	(not	just	the	 input	data	to	the	whole	model)?





Depthwise separable	 convolution







Hyper-parameter	optimization

• Hyper-parameter:	parameters	that	define	the	architecture	of	the	
model	and	the	training	process.
• Examples:	How	many	layers?	How	many	filters?	Size	of	each	filter?	
Which	activation	function	to	use?	Should	we	use	batch	
normalization?	How	much	dropout	to	use?	What	is	the	learning	rate?	
Etc.	



Challenges:	

1. Long	time:	every	time	the	hyper-parameters	 are	tuned,	a	new	model	need	be	trained.	
Then	we	get	to	know	if	the	new	hyper-parameters	work	well	or	not.

2.	Discrete	choices:	 the	hyper-parameters	are	often	not	continuous.
So	gradient	descent	 usually	cannot	be	used	for	optimization.



AutoML:	automatically	choose	and	optimize	the	
network	architecture	and	hyper-parameters
• Techniques:	Bayesian	optimization,	genetic	algorithms,	random	
search,	etc.

• Some	easy-to-use	tools:	Hyperopt,	Hyperas



Model	ensembling

• Train	a	large	set	of	very	different	models

• Combine	their	results	to	get	the	final	result


