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Neural	Networks	

•  Networks	of	processing	units	(neurons)	with	
connec6ons	(synapses)	between	them	

•  Large	number	of	neurons:	1010	

•  Large	connec66vity:	105	

•  Parallel	processing	
•  Distributed	computa6on/memory	

•  Robust	to	noise,	failures	
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Perceptron	
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(RosenblaQ,	1962)	
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What	a	Perceptron	Does		

•  Regression:	y=wx+w0	

•  Classifica6on:	y=1(wx+w0>0)	
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Training	a	Perceptron	
•  Regression:	

	

•  Classifica6on:	
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yt = sigmoid wTxt( )
Et w|xt,rt( ) = −rt  log yt − 1− rt( )  log 1− yt( )
Δwj

t =η rt − yt( ) x jt



Learning	Boolean	AND	
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XOR	

•  No	w0,	w1,	w2	sa6sfy:	
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(Minsky	and	Papert,	1969)	
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Mul6layer	Perceptrons	
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(Rumelhart	et	al.,	1986)	
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9	

x1	XOR	x2	=	(x1	AND	~x2)	OR	(~x1	AND	x2)	
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Backpropaga6on	

10	
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•  Momentum	

	

•  Adap6ve	learning	rate	

Improving	Convergence	
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Overfiang/Overtraining	

15	

Number	of	weights:	H	(d+1)+(H+1)K	
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Hints	

17	

•  Invariance	to	transla6on,	rota6on,	size	

•  Virtual	examples	

•  Augmented	error:	E’=E+λhEh	
If	x’	and	x	are	the	“same”:	Eh=[g(x|θ)-	g(x’|θ)]2	
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(Abu-Mostafa,	1995)	
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Tuning	the	Network	Size	

•  Destruc6ve	
•  Weight	decay:	

•  Construc6ve	
•  Growing	networks	

18	

(Ash,	1989)	 (Fahlman	and	Lebiere,	1989)	
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Dimensionality	Reduc6on	

19	Lecture	Notes	for	E	Alpaydın	2010	Introduc6on	to	Machine	Learning	2e	©	The	MIT	Press	(V1.0)	



Learning	Time	

•  Applica6ons:	
– Sequence	recogni6on:	Speech	recogni6on	
– Sequence	reproduc6on:	Time-series	predic6on	

– Sequence	associa6on	
•  Network	architectures	
– Time-delay	networks	(Waibel	et	al.,	1989)	

– Recurrent	networks	(Rumelhart	et	al.,	1986)	

20	Lecture	Notes	for	E	Alpaydın	2010	Introduc6on	to	Machine	Learning	2e	©	The	MIT	Press	(V1.0)	



Time-Delay	Neural	Networks	
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Recurrent	Networks	

22	



Unfolding	in	Time	
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Universal	Approxima6on	Theorem	

•  MLP	with	one	hidden	layer	is	a	universal	

approximator	(Hornik	et	al.,	1989)	

•  But	using	mul6ple	layers	may	lead	to	

simpler	networks	

•  There	is	an	MLP	that	fits	the	data,	but	it	

might	not	be	possible	to	find	that	MLP	

using	the	training	algorithms	we	have.		



How	to	Train	a	MLP	with	Lots	of	Data	

Having	a	shallow	network	with	a	lot	of	hidden	units	

may	not	learn	as	easy	as	a	deep	network.		

Deep	network	may	par66on	tasks	into	subtasks	and	

learn	easier.		
(Goodfellow,	2014)	



Vanishing	Gradients	
•  Learning	with	a	lot	of	layers	is	difficult.		

•  Since	gradients	are	computed	based	on	gradients	of	layers	

closer	to	the	outputs,	using	chain	rule,	the	gradients	of	weights	

closer	to	the	inputs	get	very	small.		

	

•  Instead	of	sigmoid,	RelU		

(Rec6fied	Linear	Ac6va6on	Func6on)		

is	used.		RelU	outputs	are		

linear	for	posi6ve	inputs	and		

0	for	nega6ve	inputs		
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Deep	Learning	Libraries	

•  When	compu6ng	gradients,	use	graph	representa6on	

of	the	MLP.		

•  Instead	of	single	weights,	use	vectors/tensors	of	
weights.		

•  Different	libraries	(Torch,Caffe	vs	Theano,	TensorFlow)	
approaches	to	the	gradient	computa6on.		





Op6miza6on	

•  Theano	and	Tensorflow	approximate	the	Hessian	
Matrix	(higher	order	deriva6ves)	using	Krylov	

Methods.	Matrix	inversions	(therefore	computa6ons	of	

eigenvectors/values	are	also	approximated).		

•  Nesterov	Momentum:	similar	to	momentum,	but	

evaluate	gradient	awer	applying	the	current	velocity.		

•  Minibatches	(in	order	to	op6mize	for	the	hardware	

also)	

•  Conjugate	gradient	
•  Polyak	averaging	
•  Greedy	supervised	pretraining	



Regulariza6on	for	Deep	Learning	

•  L1	and	L2	(ridge	regression/Tikhonov	regulariza6on)	
regulariza6on	

•  Feature	selec6on	(results	in	weight	elimina6on		

•  Early	stopping	
•  Dataset	augmenta6on:	e.g.	add	rotated,	blurred,	

scaled	etc.	images	



Regulariza6on	for	Deep	Learning	

•  Ability	to	penalize	weights	at	different	layers	
differently	(Srebro	2005,	constrain	norm	of	each	

column	of	the	weight	matrix	of	a	neural	network,	

rather	than	constrain	the	whole	weight	matrix)	

•  Noise	robustness:	dropout	algorithm	(approximates	

bagging,	zero	random	some	weights	at	each	

minibatch)		

•  Parameter	tying	and	parameter	sharing:	reduce	the	

number	of	parameters	used	by	clustering/forcing	

similar	valued	parameters	together	and	represen6ng	

them	using	smaller	number	of	bits.	CNNs	already	do	

parameter	sharing	

•  Adversarial	training:	training	on	perturbed	images	



Convolu6on	

•  Sparse	interac6ons,	parameter	sharing	and	

equivariant	representa6ons	

•  Parallel	convolu6ons	(feature	extrac6on	
units),	folllowed	by	RelU,	followed	by	pooling	

to	to	obtain	summary	sta6s6cs	of	nearby	cells.	



Hardware:	GPUs	and	TPUs	to	make	

matrix/weight	opera6ons	faster	



Teşekkürler.

Questions?

cataltepe@itu.edu.tr
zehra@tazi.io
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