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Overview	Today:

• Another	explanation	of	backprop
(from	a	tutorial	Yoshua,	Chris	and	I	did)

• Practical	tips	and	tricks:
• Multi-task	learning
• Nonlinearities
• Finite	difference	gradient	check
• Momentum,	AdaGrad

• Language	Models
• First	intro	to	Recurrent	Neural	Networks
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Backpropagation (Another	explanation)
• Compute	gradient	of	example-wise	loss	wrt

parameters	

• Simply	applying	the	derivative	chain	rule	wisely

• If	computing	the	loss(example,	parameters)	is	O(n)	
computation,	then	so	is	computing	the	gradient
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Simple Chain Rule
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Multiple Paths Chain Rule
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Multiple	Paths	Chain	Rule	- General

…
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Chain Rule in Flow Graph

…

…

…

Flow	graph:	any	directed	acyclic	graph
node	=	computation	result
arc	=	computation	dependency

=	successors	of	
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Back-Prop in Multi-Layer Net

…

…
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h = sigmoid(Vx)



Back-Prop in General Flow Graph

…

…

…

=	successors	of	

1. Fprop:	visit	nodes	 in	topo-sort	order	
- Compute	value	of	node	given	predecessors

2. Bprop:
- initialize	output	gradient	=	1	
- visit	nodes	 in	reverse	order:

Compute	gradient	wrt each	node	using	
gradient	wrt successors

Single	 scalar	output
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Automatic Differentiation

• The	gradient	computation	can	
be	automatically	inferred	from	
the	symbolic	expression	of	the	
fprop.

• Each	node	type	needs	to	know	
how	to	compute	its	output	and	
how	to	compute	the	gradient	
wrt its	inputs	given	the	
gradient	wrt its	output.

• Easy	and	fast	prototyping
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Neural	Tips	and	Tricks
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Multi-task	learning	/	Weight	sharing

• Base	model:	Neural	network	
from	last	class	but	replaces	
the	single	scalar	score	with	a	
Softmax classifier

• Training	is	again	done	via	
backpropagation

• NLP	(almost)	from	scratch,	
Collobertet	al.	2011
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The	model

• We	already	know	the	softmax	classifier	and	how	to	optimize	it
• The	interesting	twist	in	deep	learning	is	that	the	input	features	x	

and	their	transformations	in	a	hidden	layer	are	also	learned.
• Two	final	layers	are	possible:

S
c1 c2 c3

x1 x2																x3 +1

a1 a2

s		 U2

W23

x1 x2																x3 +1

a1 a2

13



Multitask	learning

• Main	idea:	We	can	share	both	the	word	vectors	AND	the	hidden	
layer	weights.	Only	the	softmax weights	are	different.

• Cost	function	is	just	the	sum	of	two	cross	entropy	errors
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The	multitask	model	- Training

• Example:	predict	each	window’s	center	NER	tag	and	POS	tag:
(example	POS	tags:	DT,	NN,	NNP,	JJ,	JJS	(superlative	adj),	VB,…)

• Efficient	implementation:	Same	forward	prop,	
compute	errors	on	hidden	vectors	and	add		
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POS
WSJ (acc.)

NER
CoNLL (F1)

State-of-the-art* 97.24 89.31
Supervised	NN 96.37 81.47
Word	vector	pre-training	
followed	by	supervised	NN**

97.20 88.87

+	hand-crafted	features*** 97.29 89.59
*	Representative	systems:	POS:	(Toutanova	et	al.	2003),	NER: (Ando	&	Zhang	
2005)
**	130,000-word	embedding	trained	on	Wikipedia	and	Reuters	with	11	word	
window,	100	unit	hidden	layer	– then	supervised	task	training
***Features	are	character	suffixes	for	POS	and	a	gazetteer	for	NER

The	secret	sauce	(sometimes)	is	the	unsupervised	
word	vector	pre-training	on	a	large	text	collection
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POS
WSJ (acc.)

NER
CoNLL (F1)

Supervised	NN 96.37 81.47
NN	with	Brown	clusters 96.92 87.15
Fixed	embeddings* 97.10 88.87
C&W 2011** 97.29 89.59

*	Same	architecture	as	C&W	2011,	but	word	embeddings	are	kept	constant	
during	the	supervised	training	phase
**	C&W	is	unsupervised	pre-train	+	supervised	NN	+	features	model	of	last	slide

Supervised	refinement	of	the	unsupervised	word	
representation	helps
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General	Strategy	for	Successful	NNets

1. Select	network	structure	appropriate	for	problem
1. Structure:	Single	words,	fixed	windows,	sentence	based,		

document	level;	bag	of	words,	recursive	vs.	recurrent,	CNN	
2. Nonlinearity

2. Check	for	implementation	bugs	with	gradient	checks
3. Parameter	 initialization
4. Optimization	tricks
5. Check	if	the	model	is	powerful	enough	to	overfit

1. If	not,	change	model	structure	or	make	model	“larger”
2. If	you	can	overfit:	Regularize
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Non-linearities:	What’s	used

logistic	(“sigmoid”)																															tanh

tanh is	just	a	rescaled	and	shifted	sigmoid
tanh(z) = 2logistic(2z)−1
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For	many	models,		tanh is	the	best!

4/17/16Richard	Socher20

• In	comparison	to	sigmoid:

• At	initialization:	values	close	to	0

• Faster	convergence	in	practice

• Like	sigmoid:	Nice	derivative:	



Non-linearities:	There	are	various	other	choices

hard	tanh soft	sign rectified	linear	(ReLu)

• hard	tanh similar	but	computationally	cheaper	than	tanh and	saturates	hard.
• Glorot and	Bengio,	AISTATS2011	discuss	softsign and	rectifier

rect(z) =max(z, 0)softsign(z) = a
1+ a
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MaxOut Network

22

A	recent	type	of	nonlinearity/network

Goodfellow et	al.	(2013)

Where	

This	function	also	becomes	a	universal	approximator
when	stacked	in	multiple	layers

State	of	the	art	on	several	image	datasets



Gradient	Checks	are	Awesome!

• Allow	you	to	know	that	there	are	no	bugs	in	your	neural	
network	implementation!

• Steps:
1. Implement	your	gradient
2. Implement	a	finite	difference	computation	by	looping	

through	the	parameters	of	your	network,	adding	and	
subtracting	a	small	epsilon	(∼10-4)	and	estimate	derivatives

3. Compare	the	two	and	make	sure	they	are	almost	the	same
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Using	gradient	checks	and	model	simplification

• If	you	gradient	fails	and	you	don’t	know	why?
• What	now?	Create	a	very	tiny	synthetic	model	and	dataset
• Simplify	your	model	until	you	have	no	bug!	
• Example:	Start	from	simplest	model	then	go	to	what	you	want:

• Only	softmax on	fixed	input
• Backprop into	word	vectors	and	softmax
• Add	single	unit	single	hidden	layer
• Add	multi	unit	single	layer
• Add	bias
• Add	second	layer	single	unit,	add	multiple	units,	bias
• Add	one	softmax on	top,	then	two	softmax layers
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General	Strategy

1. Select	appropriate	Network	Structure
1. Structure:	Single	words,	fixed	windows	vs Recursive	

Sentence	Based	vs Bag	of	words
2. Nonlinearity

2. Check	for	implementation	bugs	with	gradient	check
3. Parameter	 initialization
4. Optimization	tricks
5. Check	if	the	model	is	powerful	enough	to	overfit

1. If	not,	change	model	structure	or	make	model	“larger”
2. If	you	can	overfit:	Regularize
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Parameter	Initialization

• Initialize	hidden	layer	biases	to	0	and	output	(or	reconstruction)	
biases	to	optimal	value	if	weights	were	0	(e.g.,	mean	target	or	
inverse	sigmoid	of	mean	target).

• Initialize	weights	∼ Uniform(−r,	r),	r inversely	proportional	to	
fan-in	(previous	layer	size)	and	fan-out	(next	layer	size):

for	tanh units,	and	4x	bigger	for	sigmoid	units [Glorot AISTATS	2010]
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• Gradient	descent	uses	total	gradient	over	all	examples	per	
update,	SGD	updates	after	only	1	or	few	examples:

• Jt =	loss	function	at	current	example,	µ = parameter	vector,
® = learning	rate.

• Ordinary	gradient	descent	as	a	batch	method	is	very	slow,	should	
never	be	used.	Use	2nd order	batch	method	such	as	L-BFGS.	

• On	large	datasets,	SGD	usually	wins	over	all	batch	methods.	On	
smaller	datasets	L-BFGS	or	Conjugate	Gradients	win.	Large-batch	
L-BFGS	extends	the	reach	of	L-BFGS	[Le	et	al.	ICML	2011].

Stochastic	Gradient	Descent	(SGD)
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• Gradient	descent	uses	total	gradient	over	all	examples	per	
update,	SGD	updates	after	only	1	example

• Most	commonly	used	now:	Mini	batches	

• Size	of	each	mini	batch	B:	20	to	1000:

• Helps	parallelizing	any	model	by	computing	gradients	for	multiple	
elements	of	the	batch	in	parallel

Mini-batch	Stochastic	Gradient	Descent	(SGD)
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Improvement	over	SGD:	Momentum

• Idea:	Add	a	fraction	v	of	previous	update	to	current	one
• When	the	gradient	keeps	pointing	in	the	same	direction,	this	will	

increase	the	size	of	the	steps	taken	towards	the	minimum
• Reduce	global	learning	rate	® when	using	a	lot	of	momentum	

• Update	rule:

• v	is	initialized	at	0
• Common:	¹ =	0.9
• Momentum	often	increased	after	some	epochs	(0.5	à 0.99)
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Intuition	Momentum

• Adds	friction	(momentum	~	misnomer)

• Parameters	build	up	velocity	in	direction	of	consistent	gradient

• Simple	convex	function	optimization	dynamics
without	momentum with	momentum:
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Figure	 from	https://www.willamette.edu/~gorr/classes/cs449/momrate.html



Learning	Rates

• Simplest	recipe:	keep	it	fixed	and	use	the	same	for	all	
parameters.	Standard:	

• Better	results	by	allowing	learning	rates	to	decrease	Options:	
• Reduce	by	0.5	when	validation	error	stops	improving
• Reduction	by	O(1/t)	because	of	theoretical	convergence	
guarantees,	e.g.:
with	hyper-parameters	ε0 and	τ and	t	is	iteration	numbers

• Better	yet:	No	hand-set	learning	of	rates	by	using	AdaGrad à
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Adagrad

• Adaptive	learning	rates	for	each	parameter!	
• Related	paper:	Adaptive	Subgradient Methods	for	Online	

Learning	and	Stochastic	Optimization,	Duchi et	al.	2010

• Learning	rate	is	adapting	differently	for	each	parameter	and	rare	
parameters	get	larger	updates	than	frequently	occurring	
parameters.	Word	vectors!	

• Let																									,	then:
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3.6 Subgradient Methods and AdaGrad
The objective function is not differentiable due to
the hinge loss. Therefore, we generalize gradient
ascent via the subgradient method (Ratliff et al.,
2007) which computes a gradient-like direction.
Let ✓ = (X,W

(··)
, v

(··)
) 2 RM be a vector of all

M model parameters, where we denote W
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the set of matrices that appear in the training set.
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is the tree with the highest score. To
minimize the objective, we use the diagonal vari-
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where ↵ is the learning rate. Since we use the di-
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the update becomes fast to compute: At time step
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Hence, the learning rate is adapting differ-
ently for each parameter and rare parameters get
larger updates than frequently occurring parame-
ters. This is helpful in our setting since some W

matrices appear in only a few training trees. This
procedure found much better optima (by ⇡3% la-
beled F1 on the dev set), and converged more
quickly than L-BFGS which we used previously
in RNN training (Socher et al., 2011a). Training
time is roughly 4 hours on a single machine.

3.7 Initialization of Weight Matrices
In the absence of any knowledge on how to com-
bine two categories, our prior for combining two
vectors is to average them instead of performing a
completely random projection. Hence, we initial-
ize the binary W matrices with:

W
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0
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] + ✏,

where we include the bias in the last column and
the random variable is uniformly distributed: ✏ ⇠

U [�0.001, 0.001]. The first block is multiplied by
the left child and the second by the right child:
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4 Experiments

We evaluate the CVG in two ways: First, by a stan-
dard parsing evaluation on Penn Treebank WSJ
and then by analyzing the model errors in detail.

4.1 Cross-validating Hyperparameters
We used the first 20 files of WSJ section 22
to cross-validate several model and optimization
choices. The base PCFG uses simplified cate-
gories of the Stanford PCFG Parser (Klein and
Manning, 2003a). We decreased the state split-
ting of the PCFG grammar (which helps both by
making it less sparse and by reducing the num-
ber of parameters in the SU-RNN) by adding
the following options to training: ‘-noRightRec -
dominatesV 0 -baseNP 0’. This reduces the num-
ber of states from 15,276 to 12,061 states and 602
POS tags. These include split categories, such as
parent annotation categories like VPˆS. Further-
more, we ignore all category splits for the SU-
RNN weights, resulting in 66 unary and 882 bi-
nary child pairs. Hence, the SU-RNN has 66+882
transformation matrices and scoring vectors. Note
that any PCFG, including latent annotation PCFGs
(Matsuzaki et al., 2005) could be used. However,
since the vectors will capture lexical and semantic
information, even simple base PCFGs can be sub-
stantially improved. Since the computational com-
plexity of PCFGs depends on the number of states,
a base PCFG with fewer states is much faster.

Testing on the full WSJ section 22 dev set (1700
sentences) takes roughly 470 seconds with the
simple base PCFG, 1320 seconds with our new
CVG and 1600 seconds with the currently pub-
lished Stanford factored parser. Hence, increased
performance comes also with a speed improve-
ment of approximately 20%.

We fix the same regularization of � = 10

�4

for all parameters. The minibatch size was set to
20. We also cross-validated on AdaGrad’s learn-
ing rate which was eventually set to ↵ = 0.1 and
word vector size. The 25-dimensional vectors pro-
vided by Turian et al. (2010) provided the best



General	Strategy

1. Select	appropriate	Network	Structure
1. Structure:	Single	words,	 fixed	windows	 vs Recursive	Sentence	Based	vs Bag	of	words
2. Nonlinearity

2. Check	for	implementation	bugs	with	gradient	check
3. Parameter	initialization
4. Optimization	tricks
5. Check	if	the	model	is	powerful	 enough	to	overfit

1. If	not,	change	model	structure	or	make	model	“larger”
2. If	you	can	overfit:	Regularize

Assuming	you	found	the	right	network	structure,	implemented	it	
correctly,	optimize	it	properly	and	you	can	make	your	model	
overfit on	your	training	data.

Now,	it’s	time	to	regularize
33



Prevent	Overfitting:	Model	Size	and	Regularization

• Simple	first	step:	Reduce	model	size	by	lowering	number	of	
units	and	layers	and	other	parameters

• Standard	L1	or	L2	regularization	on	weights	

• Early	Stopping:	Use	parameters	that	gave	best	validation	error

• Sparsity constraints	on	hidden	activations,	e.g.,	add	to	cost:	
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Prevent	Feature	Co-adaptation

Dropout	(Hinton	et	al.	2012)
• Training	time:	at	each	instance	of	evaluation	(in	online	SGD-
training),	randomly	set	50%	of	the	inputs	to	each	neuron	to	0

• Test	time:	halve	the	model	weights	(now	twice	as	many)
• This	prevents	feature	co-adaptation:	A	feature	cannot	only	be	
useful	in	the	presence	of	particular	other	features

• In	a	single	layer:	A	kind	of	middle-ground	between	Naïve	
Bayes	(where	all	feature	weights	are	set	independently)	and	
logistic	regression	models	(where	weights	are	set	in	the	
context	of	all	others)

• Can	be	thought	of	as	a	form	of	model	bagging
• It	also	acts	as	a	strong	regularizer
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Deep	Learning	Tricks	of	the	Trade
• Y.	Bengio	(2012),	“Practical	Recommendations	for	Gradient-

Based	Training	of	Deep	Architectures”	
• Unsupervised	pre-training
• Stochastic	gradient	descent	and	setting	learning	rates
• Main	hyper-parameters
• Learning	rate	schedule	&	early	stopping,	Minibatches,	Parameter	
initialization,	Number	of	hidden	units,	regularization	(=	weight	decay)

• How	to	efficiently	search	for	hyper-parameter	configurations
• Short	answer:	Random	hyperparameter search (!)

• Some	more	advanced	and	recent	tricks	in	later	lectures
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Language	Models
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Language	Models
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A	language	model	computes	a	probability	for	a	sequence	
of	words:

Probability	is	usually	conditioned	on	window	of	n	
previous	words	:

Very	useful	for	a	lot	of	tasks:

Can	be	used	to	determine	whether	a	sequence	is	a	good	/	
grammatical	 translation	or	speech	utterance



Original	neural	language	model
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A	Neural	Probabilistic	Language	Model,	Bengio et	al.	2003

Original	equations:

Problem:	Fixed	window
of	context	for	
conditioning	:(
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Figure 1: Neural architecture: f (i,wt�1, · · · ,wt�n+1) = g(i,C(wt�1), · · · ,C(wt�n+1)) where g is the
neural network andC(i) is the i-th word feature vector.

parameters of the mapping C are simply the feature vectors themselves, represented by a |V |⇥m
matrixC whose row i is the feature vectorC(i) for word i. The function g may be implemented by a
feed-forward or recurrent neural network or another parametrized function, with parameters ω. The
overall parameter set is θ= (C,ω).

Training is achieved by looking for θ that maximizes the training corpus penalized log-likelihood:

L=
1
T ∑t

log f (wt ,wt�1, · · · ,wt�n+1;θ)+R(θ),

where R(θ) is a regularization term. For example, in our experiments, R is a weight decay penalty
applied only to the weights of the neural network and to theC matrix, not to the biases.3

In the above model, the number of free parameters only scales linearly with V , the number of
words in the vocabulary. It also only scales linearly with the order n : the scaling factor could
be reduced to sub-linear if more sharing structure were introduced, e.g. using a time-delay neural
network or a recurrent neural network (or a combination of both).

In most experiments below, the neural network has one hidden layer beyond the word features
mapping, and optionally, direct connections from the word features to the output. Therefore there
are really two hidden layers: the shared word features layer C, which has no non-linearity (it would
not add anything useful), and the ordinary hyperbolic tangent hidden layer. More precisely, the
neural network computes the following function, with a softmax output layer, which guarantees
positive probabilities summing to 1:

P̂(wt |wt�1, · · ·wt�n+1) =
eywt
∑i eyi

.

3. The biases are the additive parameters of the neural network, such as b and d in equation 1 below.

1142

A NEURAL PROBABILISTIC LANGUAGE MODEL

The yi are the unnormalized log-probabilities for each output word i, computed as follows, with
parameters b,W ,U ,d and H:

y= b+Wx+U tanh(d+Hx) (1)

where the hyperbolic tangent tanh is applied element by element, W is optionally zero (no direct
connections), and x is the word features layer activation vector, which is the concatenation of the
input word features from the matrix C:

x= (C(wt�1),C(wt�2), · · · ,C(wt�n+1)).

Let h be the number of hidden units, andm the number of features associated with each word. When
no direct connections from word features to outputs are desired, the matrixW is set to 0. The free
parameters of the model are the output biases b (with |V | elements), the hidden layer biases d (with
h elements), the hidden-to-output weightsU (a |V |⇥h matrix), the word features to output weights
W (a |V |⇥ (n� 1)m matrix), the hidden layer weights H (a h⇥ (n� 1)m matrix), and the word
features C (a |V |⇥m matrix):

θ= (b,d,W,U,H,C).

The number of free parameters is |V |(1+ nm+ h) + h(1+ (n� 1)m). The dominating factor is
|V |(nm+ h). Note that in theory, if there is a weight decay on the weightsW and H but not on C,
thenW and H could converge towards zero while C would blow up. In practice we did not observe
such behavior when training with stochastic gradient ascent.

Stochastic gradient ascent on the neural network consists in performing the following iterative
update after presenting the t-th word of the training corpus:

θ θ+ ε
∂ log P̂(wt |wt�1, · · ·wt�n+1)

∂θ

where ε is the “learning rate”. Note that a large fraction of the parameters needs not be updated
or visited after each example: the word features C( j) of all words j that do not occur in the input
window.
Mixture of models. In our experiments (see Section 4) we have found improved performance by

combining the probability predictions of the neural network with those of an interpolated trigram
model, either with a simple fixed weight of 0.5, a learned weight (maximum likelihood on the
validation set) or a set of weights that are conditional on the frequency of the context (using the
same procedure that combines trigram, bigram, and unigram in the interpolated trigram, which is a
mixture).

3. Parallel Implementation

Although the number of parameters scales nicely, i.e. linearly with the size of the input window and
linearly with the size of the vocabulary, the amount of computation required for obtaining the output
probabilities is much greater than that required from n-gram models. The main reason is that with
n-gram models, obtaining a particular P(wt |wt�1, . . . ,wt�n+1) does not require the computation of
the probabilities for all the words in the vocabulary, because of the easy normalization (performed
when training the model) enjoyed by the linear combinations of relative frequencies. The main
computational bottleneck with the neural implementation is the computation of the activations of
the output layer.
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Figure 1: Neural architecture: f (i,wt�1, · · · ,wt�n+1) = g(i,C(wt�1), · · · ,C(wt�n+1)) where g is the
neural network andC(i) is the i-th word feature vector.

parameters of the mapping C are simply the feature vectors themselves, represented by a |V |⇥m
matrixC whose row i is the feature vectorC(i) for word i. The function g may be implemented by a
feed-forward or recurrent neural network or another parametrized function, with parameters ω. The
overall parameter set is θ= (C,ω).

Training is achieved by looking for θ that maximizes the training corpus penalized log-likelihood:

L=
1
T ∑t

log f (wt ,wt�1, · · · ,wt�n+1;θ)+R(θ),

where R(θ) is a regularization term. For example, in our experiments, R is a weight decay penalty
applied only to the weights of the neural network and to theC matrix, not to the biases.3

In the above model, the number of free parameters only scales linearly with V , the number of
words in the vocabulary. It also only scales linearly with the order n : the scaling factor could
be reduced to sub-linear if more sharing structure were introduced, e.g. using a time-delay neural
network or a recurrent neural network (or a combination of both).

In most experiments below, the neural network has one hidden layer beyond the word features
mapping, and optionally, direct connections from the word features to the output. Therefore there
are really two hidden layers: the shared word features layer C, which has no non-linearity (it would
not add anything useful), and the ordinary hyperbolic tangent hidden layer. More precisely, the
neural network computes the following function, with a softmax output layer, which guarantees
positive probabilities summing to 1:

P̂(wt |wt�1, · · ·wt�n+1) =
eywt
∑i eyi

.

3. The biases are the additive parameters of the neural network, such as b and d in equation 1 below.
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Recurrent	Neural	Networks!
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Solution:	Condition	the	neural	network	on	all	previous	
words	and	tie	the	weights	at	each	time	step

xt−1 xt xt+1

ht−1 ht ht+1

W W



Recurrent	Neural	Network	language	model
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Given	list	of	word	vectors:

At	a	single	time	step:

xt ht

ßà



Recurrent	Neural	Network	language	model

Main	idea:	we	use	the	same	set	of	W	weights	at	all	time	
steps!

Everything	else	is	the	same:

is	some	initialization	vector	for	the	hidden	layer	
at	time	step	0

is	the	column	vector	of	L	at	index	[t]	at	time	step	t



Recurrent	Neural	Network	language	model

4/17/16Richard	Socher44

is	a	probability	distribution	over	the	vocabulary

Same	cross	entropy	loss	function	but	predicting	words	
instead	of	classes



Recurrent	Neural	Network	language	model

4/17/16Richard	Socher45

Evaluation	could	just	be	negative	of	average	log	
probability	over	dataset	of	size	(number	of	words)	T:

But	more	commonly: Perplexity:				2J

Lower	is	better!



Training	RNNs	is	hard

• The	gradient	is	a	product	of	Jacobianmatrices,	each	associated	
with	a	step	in	the	forward	computation.	

• Multiply	the	same	matrix	at	each	time	step	during	backprop

• This	can	become	very	small	or	very	large	quickly	[Bengio et	al	
1994],	and	the	locality	assumption	of	gradient	descent	breaks	
down.	à Vanishing	or	exploding	gradient

4/17/16Richard	SocherLecture	1,	Slide	 46

The second derivative in eq. 28 for output units is simply
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We adopt standard notation and introduce the error � related to an output unit:
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So far, we only computed errors for output units, now we will derive �’s for normal hidden units and
show how these errors are backpropagated to compute weight derivatives of lower levels. We will start with
second to top layer weights from which a generalization to arbitrarily deep layers will become obvious.
Similar to eq. 28, we start with the error derivative:
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Now,
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where we used in the first line that the top layer is linear. This is a very detailed account of essentially
just the chain rule.

So, we can write the � errors of all layers l (except the top layer) (in vector format, using the Hadamard
product �):

�

(l) =
⇣
(W (l))T �(l+1)

⌘
� f 0(z(l)), (59)
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Initialization	trick	for	RNNs!
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• Initialize	W(hh) to	be	
the	identity	matrix	I
and
f(z)		=

• à Huge	difference!

• Initialization	idea	first	introduced	in	Parsing	with	Compositional	
Vector	Grammars,	Socher	et	al.	2013

• New	experiments	with	recurrent	neural	nets	last	week	(!)	in	A	
Simple	Way	to	Initialize	Recurrent	Networks	of	Rectified	Linear	
Units,	Le	et	al.	2015

T LSTM RNN + Tanh IRNN
150 lr = 0.01, gc = 10, fb = 1.0 lr = 0.01, gc = 100 lr = 0.01, gc = 100

200 lr = 0.001, gc = 100, fb = 4.0 N/A lr = 0.01, gc = 1

300 lr = 0.01, gc = 1, fb = 4.0 N/A lr = 0.01, gc = 10

400 lr = 0.01, gc = 100, fb = 10.0 N/A lr = 0.01, gc = 1

Table 1: Best hyperparameters found for adding problems after grid search. lr is the learning rate, gc
is gradient clipping, and fb is forget gate bias. N/A is when there is no hyperparameter combination
that gives good result.

4.2 MNIST Classification from a Sequence of Pixels

Another challenging toy problem is to learn to classify the MNIST digits [21] when the 784 pixels
are presented sequentially to the recurrent net. In our experiments, the networks read one pixel at a
time in scanline order (i.e. starting at the top left corner of the image, and ending at the bottom right
corner). The networks are asked to predict the category of the MNIST image only after seeing all
784 pixels. This is therefore a huge long range dependency problem because each recurrent network
has 784 time steps.

To make the task even harder, we also used a fixed random permutation of the pixels of the MNIST
digits and repeated the experiments.

All networks have 100 recurrent hidden units. We stop the optimization after it converges or when
it reaches 1,000,000 iterations and report the results in figure 3 (best hyperparameters are listed in
table 2).
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Figure 3: The results of recurrent methods on the “pixel-by-pixel MNIST” problem. We report the
test set accuracy for all methods. Left: normal MNIST. Right: permuted MNIST.

Problem LSTM RNN + Tanh RNN + ReLUs IRNN
MNIST lr = 0.01, gc = 1 lr = 10

−8, gc = 10 lr = 10
−8, gc = 10 lr = 10

−8, gc = 1

fb = 1.0

permuted lr = 0.01, gc = 1 lr = 10
−8, gc = 1 lr = 10

−6, gc = 10 lr = 10
−9, gc = 1

MNIST fb = 1.0

Table 2: Best hyperparameters found for pixel-by-pixelMNIST problems after grid search. lr is the
learning rate, gc is gradient clipping, and fb is the forget gate bias.

The results using the standard scanline ordering of the pixels show that this problem is so difficult
that standard RNNs fail to work, even with ReLUs, whereas the IRNN achieves 3% test error rate
which is better than most off-the-shelf linear classifiers [21]. We were surprised that the LSTM did
not work as well as IRNN given the various initialization schemes that we tried. While it still possi-
ble that a better tuned LSTM would do better, the fact that the IRNN perform well is encouraging.

5

rect(z) =max(z, 0)



Long-Term	dependencies	and	clipping	trick

• The	solution	first	introduced	by	Mikolov is	to	clip	gradients
to	a	maximum	value.	

• Makes	a	big	difference	in	RNNs.

48

On the di�culty of training Recurrent Neural Networks

region of space. It has been shown that in practice
it can reduce the chance that gradients explode, and
even allow training generator models or models that
work with unbounded amounts of memory(Pascanu
and Jaeger, 2011; Doya and Yoshizawa, 1991). One
important downside is that it requires a target to be
defined at every time step.

In Hochreiter and Schmidhuber (1997); Graves et al.
(2009) a solution is proposed for the vanishing gra-
dients problem, where the structure of the model is
changed. Specifically it introduces a special set of
units called LSTM units which are linear and have a
recurrent connection to itself which is fixed to 1. The
flow of information into the unit and from the unit is
guarded by an input and output gates (their behaviour
is learned). There are several variations of this basic
structure. This solution does not address explicitly the
exploding gradients problem.

Sutskever et al. (2011) use the Hessian-Free opti-
mizer in conjunction with structural damping, a spe-
cific damping strategy of the Hessian. This approach
seems to deal very well with the vanishing gradient,
though more detailed analysis is still missing. Pre-
sumably this method works because in high dimen-
sional spaces there is a high probability for long term
components to be orthogonal to short term ones. This
would allow the Hessian to rescale these components
independently. In practice, one can not guarantee that
this property holds. As discussed in section 2.3, this
method is able to deal with the exploding gradient
as well. Structural damping is an enhancement that
forces the change in the state to be small, when the pa-
rameter changes by some small value�✓. This asks for
the Jacobian matrices @xt

@✓

to have small norm, hence
further helping with the exploding gradients problem.
The fact that it helps when training recurrent neural
models on long sequences suggests that while the cur-
vature might explode at the same time with the gradi-
ent, it might not grow at the same rate and hence not
be su�cient to deal with the exploding gradient.

Echo State Networks (Lukoševičius and Jaeger, 2009)
avoid the exploding and vanishing gradients problem
by not learning the recurrent and input weights. They
are sampled from hand crafted distributions. Because
usually the largest eigenvalue of the recurrent weight
is, by construction, smaller than 1, information fed in
to the model has to die out exponentially fast. This
means that these models can not easily deal with long
term dependencies, even though the reason is slightly
di↵erent from the vanishing gradients problem. An
extension to the classical model is represented by leaky
integration units (Jaeger et al., 2007), where

x

k

= ↵x

k�1 + (1� ↵)�(W
rec

x

k�1 +W

in

u

k

+ b).

While these units can be used to solve the standard
benchmark proposed by Hochreiter and Schmidhu-
ber (1997) for learning long term dependencies (see
(Jaeger, 2012)), they are more suitable to deal with
low frequency information as they act as a low pass
filter. Because most of the weights are randomly sam-
pled, is not clear what size of models one would need
to solve complex real world tasks.

We would make a final note about the approach pro-
posed by Tomas Mikolov in his PhD thesis (Mikolov,
2012)(and implicitly used in the state of the art re-
sults on language modelling (Mikolov et al., 2011)).
It involves clipping the gradient’s temporal compo-
nents element-wise (clipping an entry when it exceeds
in absolute value a fixed threshold). Clipping has been
shown to do well in practice and it forms the backbone
of our approach.

3.2. Scaling down the gradients

As suggested in section 2.3, one simple mechanism to
deal with a sudden increase in the norm of the gradi-
ents is to rescale them whenever they go over a thresh-
old (see algorithm 1).

Algorithm 1 Pseudo-code for norm clipping the gra-
dients whenever they explode

ĝ @E
@✓

if kĝk � threshold then

ĝ threshold

kĝk ĝ

end if

This algorithm is very similar to the one proposed by
Tomas Mikolov and we only diverged from the original
proposal in an attempt to provide a better theoretical
foundation (ensuring that we always move in a de-
scent direction with respect to the current mini-batch),
though in practice both variants behave similarly.

The proposed clipping is simple to implement and
computationally e�cient, but it does however in-
troduce an additional hyper-parameter, namely the
threshold. One good heuristic for setting this thresh-
old is to look at statistics on the average norm over
a su�ciently large number of updates. In our ex-
periments we have noticed that for a given task and
model size, training is not very sensitive to this hyper-
parameter and the algorithm behaves well even for
rather small thresholds.

The algorithm can also be thought of as adapting
the learning rate based on the norm of the gradient.
Compared to other learning rate adaptation strate-
gies, which focus on improving convergence by col-
lecting statistics on the gradient (as for example in



Gradient	clipping	intuition
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• Error	surface	of	a	single	hidden	unit	RNN,	

• High	curvature	walls

• Solid	lines:	standard	gradient	descent	trajectories	

• Dashed	lines	gradients	rescaled	to	fixed	size

On the di�culty of training Recurrent Neural Networks

Figure 6. We plot the error surface of a single hidden unit

recurrent network, highlighting the existence of high cur-

vature walls. The solid lines depicts standard trajectories

that gradient descent might follow. Using dashed arrow

the diagram shows what would happen if the gradients is

rescaled to a fixed size when its norm is above a threshold.

explode so does the curvature along v, leading to a
wall in the error surface, like the one seen in Fig. 6.

If this holds, then it gives us a simple solution to the
exploding gradients problem depicted in Fig. 6.

If both the gradient and the leading eigenvector of the
curvature are aligned with the exploding direction v, it
follows that the error surface has a steep wall perpen-
dicular to v (and consequently to the gradient). This
means that when stochastic gradient descent (SGD)
reaches the wall and does a gradient descent step, it
will be forced to jump across the valley moving perpen-
dicular to the steep walls, possibly leaving the valley
and disrupting the learning process.

The dashed arrows in Fig. 6 correspond to ignoring
the norm of this large step, ensuring that the model
stays close to the wall. The key insight is that all the
steps taken when the gradient explodes are aligned
with v and ignore other descent direction (i.e. the
model moves perpendicular to the wall). At the wall, a
small-norm step in the direction of the gradient there-
fore merely pushes us back inside the smoother low-
curvature region besides the wall, whereas a regular
gradient step would bring us very far, thus slowing or
preventing further training. Instead, with a bounded
step, we get back in that smooth region near the wall
where SGD is free to explore other descent directions.

The important addition in this scenario to the classical
high curvature valley, is that we assume that the val-
ley is wide, as we have a large region around the wall
where if we land we can rely on first order methods
to move towards the local minima. This is why just
clipping the gradient might be su�cient, not requiring
the use a second order method. Note that this algo-

rithm should work even when the rate of growth of the
gradient is not the same as the one of the curvature
(a case for which a second order method would fail
as the ratio between the gradient and curvature could
still explode).

Our hypothesis could also help to understand the re-
cent success of the Hessian-Free approach compared
to other second order methods. There are two key dif-
ferences between Hessian-Free and most other second-
order algorithms. First, it uses the full Hessian matrix
and hence can deal with exploding directions that are
not necessarily axis-aligned. Second, it computes a
new estimate of the Hessian matrix before each up-
date step and can take into account abrupt changes in
curvature (such as the ones suggested by our hypothe-
sis) while most other approaches use a smoothness as-
sumption, i.e., averaging 2nd order signals over many
steps.

3. Dealing with the exploding and
vanishing gradient

3.1. Previous solutions

Using an L1 or L2 penalty on the recurrent weights can
help with exploding gradients. Given that the parame-
ters initialized with small values, the spectral radius of
W

rec

is probably smaller than 1, from which it follows
that the gradient can not explode (see necessary condi-
tion found in section 2.1). The regularization term can
ensure that during training the spectral radius never
exceeds 1. This approach limits the model to a sim-
ple regime (with a single point attractor at the origin),
where any information inserted in the model has to die
out exponentially fast in time. In such a regime we can
not train a generator network, nor can we exhibit long
term memory traces.

Doya (1993) proposes to pre-program the model (to
initialize the model in the right regime) or to use
teacher forcing. The first proposal assumes that if
the model exhibits from the beginning the same kind
of asymptotic behaviour as the one required by the
target, then there is no need to cross a bifurcation
boundary. The downside is that one can not always
know the required asymptotic behaviour, and, even if
such information is known, it is not trivial to initial-
ize a model in this specific regime. We should also
note that such initialization does not prevent cross-
ing the boundary between basins of attraction, which,
as shown, could happen even though no bifurcation
boundary is crossed.

Teacher forcing is a more interesting, yet a not very
well understood solution. It can be seen as a way of
initializing the model in the right regime and the right

On	the	difficulty	of	
training	Recurrent	Neural	
Networks,	Pascanuet	al.	
2013



Summary
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Tips	and	tricks	to	become	a	deep	neural	net	ninjia

Introduction	to	Recurrent	Neural	Network	

Next	week:	

à Lecture	on	TensorFlow for	practical	implementations,	
PSet	and	project

à More	RNN	details	and	variants	(LSTMs	and	GRUs)	

à Exciting	times!


