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Introduction

A recurrent neural network (RNN) is a class of artificial neural
network where connections between units form a directed
cycle.

Unlike feedforward neural networks, RNNs can use their
internal memory to process arbitrary sequences of inputs.

The first RNN was invented in 1980s.

3 / 49



4 / 49



Recurrent Networks offer a lot of flexibility...

Lecture 10 - 8 Feb 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 10 - 8 Feb 20166

Recurrent Networks offer a lot of flexibility:

Vanilla Neural Networks

1

Simple neural network

1The example is from Fei-Fei Li’s slides.
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Recurrent Networks offer a lot of flexibility...
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Recurrent Networks offer a lot of flexibility:

Vanilla Neural Networks

e.g., Image captioning: image→ sequence-of-words
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Recurrent Networks offer a lot of flexibility:

Vanilla Neural Networks

e.g., Sentiment analysis: sequence-of-words → sentiment
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Recurrent Networks offer a lot of flexibility...
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Recurrent Networks offer a lot of flexibility:

Vanilla Neural Networks

e.g., Machine translation: sequence → sequence
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Recurrent Networks offer a lot of flexibility...
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Recurrent Networks offer a lot of flexibility:

Vanilla Neural Networks

e.g., POS Tagging: sequence → sequence
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Recurrent Neural Networks — An Example

Lecture 10 - 8 Feb 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 10 - 8 Feb 201616

Recurrent Neural Network

x

RNN

y
We can process a sequence of vectors x by 
applying a recurrence formula at every time step:

Notice: the same function and the same set 
of parameters are used at every time step.

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

information flow forward in time (computing outputs and losses) and backward
in time (computing gradients) by explicitly showing the path along which this
information flows.

10.2 Recurrent Neural Networks

Armed with the graph unrolling and parameter sharing ideas of Sec. , we can10.1
design a wide variety of recurrent neural networks.
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Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of x values to a corresponding sequence of outputo values.
A loss L measures how far each o is from the corresponding training target y . When using
softmax outputs, we assume o is the unnormalized log probabilities. The lossL internally
computes ŷ = softmax(o) and compares this to the target y . The RNN has input to hidden
connections parametrized by a weight matrix U , hidden-to-hidden recurrent connections
parametrized by a weight matrixW , and hidden-to-output connections parametrized by
a weight matrix V . Eq. defines forward propagation in this model.10.8 (Left) The RNN
and its loss drawn with recurrent connections. (Right) The same seen as an time-unfolded
computational graph, where each node is now associated with one particular time instance.

Some examples of important design patterns for recurrent neural networks
include the following:

• Recurrent networks that produce an output at each time step and have

378

Input x and output y are
from the training data;

o is the estimated output
value;

L is to evaluate the
difference (loss) between
the estimated output
ŷ = softmax(o) and the
true output y ;

U, W , V are three weigh
matrices.
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Recurrent Neural Networks — An Example

Let us unfold the graphical representation.

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

information flow forward in time (computing outputs and losses) and backward
in time (computing gradients) by explicitly showing the path along which this
information flows.

10.2 Recurrent Neural Networks

Armed with the graph unrolling and parameter sharing ideas of Sec. , we can10.1
design a wide variety of recurrent neural networks.
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Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of x values to a corresponding sequence of outputo values.
A loss L measures how far each o is from the corresponding training target y . When using
softmax outputs, we assume o is the unnormalized log probabilities. The lossL internally
computes ŷ = softmax(o) and compares this to the target y . The RNN has input to hidden
connections parametrized by a weight matrix U , hidden-to-hidden recurrent connections
parametrized by a weight matrixW , and hidden-to-output connections parametrized by
a weight matrix V . Eq. defines forward propagation in this model.10.8 (Left) The RNN
and its loss drawn with recurrent connections. (Right) The same seen as an time-unfolded
computational graph, where each node is now associated with one particular time instance.

Some examples of important design patterns for recurrent neural networks
include the following:

• Recurrent networks that produce an output at each time step and have

378

12 / 49



Recurrent Neural Networks — An Example

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

information flow forward in time (computing outputs and losses) and backward
in time (computing gradients) by explicitly showing the path along which this
information flows.

10.2 Recurrent Neural Networks

Armed with the graph unrolling and parameter sharing ideas of Sec. , we can10.1
design a wide variety of recurrent neural networks.

UU

VV

WW

o(t−1)o(t−1)

hh

oo

yy

LL

xx

o( )to( )t o( +1)to( +1)t

L(t−1)L(t−1) L( )tL( )t L( +1)tL( +1)t

y(t−1)y(t−1) y( )ty( )t y( +1)ty( +1)t

h(t−1)h(t−1) h( )th( )t h( +1)th( +1)t

x(t−1)x(t−1) x( )tx( )t x( +1)tx( +1)t

WWWW WW WW

h( )...h( )... h( )...h( )...

VV VV VV

UU UU UU

Unfold

Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of x values to a corresponding sequence of outputo values.
A loss L measures how far each o is from the corresponding training target y . When using
softmax outputs, we assume o is the unnormalized log probabilities. The lossL internally
computes ŷ = softmax(o) and compares this to the target y . The RNN has input to hidden
connections parametrized by a weight matrix U , hidden-to-hidden recurrent connections
parametrized by a weight matrixW , and hidden-to-output connections parametrized by
a weight matrix V . Eq. defines forward propagation in this model.10.8 (Left) The RNN
and its loss drawn with recurrent connections. (Right) The same seen as an time-unfolded
computational graph, where each node is now associated with one particular time instance.

Some examples of important design patterns for recurrent neural networks
include the following:

• Recurrent networks that produce an output at each time step and have

378

Update Equations

h(t) =
tanh(b + Wh(t−1) + Ux (t))

o(t) = c + Vh(t)

ŷ (t) = softmax(o(t))

Objective function:
L =

∑
t L

(t) =∑
t logP(y (t)|{x (1), · · · , x (t)})
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Recurrent Neural Networks

There are many different types of recurrent neural networks

Recurrent connections between hidden units
Recurrent connections from the output at one time step to the
hidden units at the next time step
Recurrent connections between hidden units but produces only
one output
...
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Recurrent Neural Networks – Output Recurrence

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS
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Figure 10.4: An RNN whose only recurrence is the feedback connection from the output
to the hidden layer. At each time step t , the input is x t, the hidden layer activations are
h( )t , the outputs are o( )t , the targets are y( )t and the loss is L( )t . (Left) Circuit diagram.
(Right) Unfolded computational graph. Such an RNN is less powerful (can express a
smaller set of functions) than those in the family represented by Fig. . The RNN10.3
in Fig. can choose to put any information it wants about the past into its hidden10.3
representation h and transmit h to the future. The RNN in this figure is trained to
put a specific output value intoo , and o is the only information it is allowed to send
to the future. There are no direct connections fromh going forward. The previous h
is connected to the present only indirectly, via the predictions it was used to produce.
Unless o is very high-dimensional and rich, it will usually lack important information
from the past. This makes the RNN in this figure less powerful, but it may be easier to
train because each time step can be trained in isolation from the others, allowing greater
parallelization during training, as described in Sec. .10.2.1

380

(a) Network with Output Recurrence

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS
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Figure 10.6: Illustration of teacher forcing. Teacher forcing is a training technique that is
applicable to RNNs that have connections from their output to their hidden states at the
next time step. (Left) correct outputAt train time, we feed the y( )t drawn from the train
set as input to h( +1)t . (Right) When the model is deployed, the true output is generally
not known. In this case, we approximate the correct outputy( )t with the model’s output
o( )t , and feed the output back into the model.

383

(b) Teacher Forcing

Figure 1: Other Types of RNN. Output Recurrence: the only recurrence
is from the output to the hidden layer; Teacher Forcing: training
technique for RNN.

Conditional likelihood of Teacher Forcing:

log p(y (1), y (2)|x (1), x (2)) = log p(y (2)|y (1), x (1), x (2))+log p(y (1)|x (1), x (2))
15 / 49



Discussion on Output Recurrence

Advantage

all the time steps are decoupled, training can be in parallel

Disadvantage

lack hidden-to-hidden recurrence, strictly less powerful

Solution

randomly choose to use generated values or actual values as
input
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Gradient Computation in RNN
The gradient can be computed using a generalized
back-propagation algorithm, specifically called back-propagation
through time (BPTT):

(∇o(t)L)i =
∂L

∂o
(t)
i

=
∂L

∂L(t)
∂L(t)

∂o
(t)
i

= ŷ
(t)
i − 1i,y (t)

∇h(t)L = W>(∇h(t+1)L)diag
(

1− (h(t+1))2
)

+ V>(∇otL)
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∇h(t)L
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1− (h(t))2
)

(∇h(t)L)h(t−1)>

∇UL =
∑

t

diag
(
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)

(∇h(t)L)x (t)>

(1)
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RNN as Directed Graphical Models

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS
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10.2 Recurrent Neural Networks

Armed with the graph unrolling and parameter sharing ideas of Sec. , we can10.1
design a wide variety of recurrent neural networks.
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Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of x values to a corresponding sequence of outputo values.
A loss L measures how far each o is from the corresponding training target y . When using
softmax outputs, we assume o is the unnormalized log probabilities. The lossL internally
computes ŷ = softmax(o) and compares this to the target y . The RNN has input to hidden
connections parametrized by a weight matrix U , hidden-to-hidden recurrent connections
parametrized by a weight matrixW , and hidden-to-output connections parametrized by
a weight matrix V . Eq. defines forward propagation in this model.10.8 (Left) The RNN
and its loss drawn with recurrent connections. (Right) The same seen as an time-unfolded
computational graph, where each node is now associated with one particular time instance.

Some examples of important design patterns for recurrent neural networks
include the following:

• Recurrent networks that produce an output at each time step and have
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(a) Hidden-hidden Recurrence
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Figure 10.4: An RNN whose only recurrence is the feedback connection from the output
to the hidden layer. At each time step t , the input is x t, the hidden layer activations are
h( )t , the outputs are o( )t , the targets are y( )t and the loss is L( )t . (Left) Circuit diagram.
(Right) Unfolded computational graph. Such an RNN is less powerful (can express a
smaller set of functions) than those in the family represented by Fig. . The RNN10.3
in Fig. can choose to put any information it wants about the past into its hidden10.3
representation h and transmit h to the future. The RNN in this figure is trained to
put a specific output value intoo , and o is the only information it is allowed to send
to the future. There are no direct connections fromh going forward. The previous h
is connected to the present only indirectly, via the predictions it was used to produce.
Unless o is very high-dimensional and rich, it will usually lack important information
from the past. This makes the RNN in this figure less powerful, but it may be easier to
train because each time step can be trained in isolation from the others, allowing greater
parallelization during training, as described in Sec. .10.2.1
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(b) Output-hidden Recurrence

Figure 2: Two Types of RNN we have discussed. Left: maximize the
log-likelihood logP(y (t)|x (1), · · · , x (t)); Right: maximize the
log-likelihood logP(y (t)|x (1), · · · , x (t), y (1), · · · , y (t−1))
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Modeling Sequences Conditioned on Context with RNNs

(a) (b)

Figure 3: RNN for tasks like image captioning Left: a single image as
input, the model produces a sequence of words describing the image.
Right: a real example from Feifei Li’s CVPR’15 paper. However, the
RNN is only conditioned on the image information at the first time step
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Bidirectional RNNs

For classification you want to incorporate information from both
preceding and following.

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

conditional distribution P(y(1), . . . ,y( )τ | x(1) , . . . ,x( )τ ) that makes a conditional
independence assumption that this distribution factorizes as




t

P (y ( )t | x(1) , . . . ,x( )t ). (10.35)

To remove the conditional independence assumption, we can add connections from
the output at time t to the hidden unit at time t+ 1, as shown in Fig. . The10.10
model can then represent arbitrary probability distributions over the y sequence.
This kind of model representing a distribution over a sequence given another
sequence still has one restriction, which is that the length of both sequences must
be the same. We describe how to remove this restriction in Sec. .10.4
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g (t−1)g (t−1) g ( )tg ( )t g ( +1)tg ( +1)t

Figure 10.11: Computation of a typical bidirectional recurrent neural network, meant
to learn to map input sequences x to target sequences y , with loss L( )t at each step t.
The h recurrence propagates information forward in time (towards the right) while the
g recurrence propagates information backward in time (towards the left). Thus at each
point t , the output units o( )t can benefit from a relevant summary of the past in itsh( )t

input and from a relevant summary of the future in its g( )t input.

394

Bidirectional RNNs

Two hidden layers, one for the
left-to-right propagation and
another for the right-to-left
propagation

~ht = f ( ~Wxt + ~V~ht−1 + ~b)

~ht = f ( ~Wxt + ~V ~ht−1 + ~b)

ŷ = g(Uht + c) = g(U[~ht , ~ht ] + c)

(2)
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Deep Bidirectional RNN

A deep bidirectional RNN
with three RNN layers.

~hit = f ( ~W ihi−1t + ~V i~hit−1 + ~bi )

~hit = f ( ~W ihi−1t + ~V i ~hit−1 + ~bi )

ŷ = g(Uht + c) = g(U[~hLt ,
~hLt ] + c)

(3)
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Encoder-Decoder Sequence-to-Sequence Architectures

(a) seq to fixed-size vec (b) fixed-size vec to seq (c) seq to seq of the same
length

Figure 4: RNNs that we have discussed so far.

Can we train a RNN model to map an input sequence to an output
sequence which is not necessarily of the same length?
This is important in many applications: speech recognition,
machine translation, or question answering.
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Encoder-Decoder Sequence-to-Sequence Architectures

CHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS

Encoder

…

x(1)x(1) x(2)x(2) x( )...x( )... x(n x)x(n x)

Decoder
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y(1)y(1) y(2)y(2) y( )...y( )... y(n y )y(n y )

CC

Figure 10.12: Example of an encoder-decoder or sequence-to-sequence RNN architecture,
for learning to generate an output sequence (y(1), . . . ,y(n y)) given an input sequence
(x(1) ,x(2) , . . . ,x(nx) ). It is composed of an encoder RNN that reads the input sequence
and a decoder RNN that generates the output sequence (or computes the probability of a
given output sequence). The final hidden state of the encoder RNN is used to compute a
generally fixed-size context variableC which represents a semantic summary of the input
sequence and is given as input to the decoder RNN.

397

Figure 5: Encoder-decoder or
sequence-to-sequence RNN architecture.

When C is a fixed-size vector,
this architecture could be
reviewed as a combination of
a sequence to fixed-size vector
RNN and a fixed-size vector
to sequence RNN.

Limitation: C may be too
small to summarize a long
sequence (Bahdanau et al.
(2015)).
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Figure 5: Encoder-decoder or
sequence-to-sequence RNN architecture.

When C is a fixed-size vector,
this architecture could be
reviewed as a combination of
a sequence to fixed-size vector
RNN and a fixed-size vector
to sequence RNN.

Limitation: C may be too
small to summarize a long
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Encoder-Decoder Architectures with Attention Mechanism

C may be too small to summarize a long sequence (Bahdanau et
al. (2015)). They proposed to make C a variable-length sequence.
Additionally, they introduced the attention mechanism.

Figure 6: Formulatin: a(·) is an alignment model which scores how well the inputs
around position j and the output at position i match, which is parameterized as a
feedforward neural network
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Encoder-Decoder Architectures with Attention Mechanism

Consider an input (or intermediate) sequence

Consider an upper level representation, which can choose
“where to look” when producing some task (e.g., machine
translation) at each position
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Encoder-Decoder Architectures with Attention Mechanism

Decoder: is often trained to predict the next word yt given the
context vector c and all the previous words {y1, y2, ..., yt−1}

p(yt |y1, ..., yt−1, x) = g(yt−1, st , ct) (4)

where st is an RNN hidden state for position t, computed by

si = f (si−1, yi−1, ci ) (5)
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Attention Mechanism

The context vector ct depends on a sequence of annotations
(h1, ..., hT ) to which an encoder maps the input sentence,
computed by

ct =
T∑

j=1

αtjhj (6)
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Attention Mechanism

The weight α is so called “attention matrix” (used to choose
“where to look”) and is computed by

αtj =
exp{etj}∑T

k=1 etk
(7)

where
etj = h(st−1, hj) (8)

is an attention model which scores how well the inputs around
position j and the output at position t match.
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Attention Mechanism

The attention model can be parametrized as a feedforward
neural network (or multilayer perceptron, etc.) which is jointly
trained with all the other components of the system.
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Attention Mechanism with Seq-to-Seq Architectures

To summarize, the attention mechanism with sequence-to-sequence
architectures have the following formalization:

Figure 7: Formulatin: a(·) is an alignment model
which scores how well the inputs around position j
and the output at position i match, which is
parameterized as a feedforward neural network

p(yi |y1, · · · , yi−1, x)

= g(yi−1, si , ci )

si = f (si−1, yi−1, ci )

ci =
Tx∑

j=1

αijhj

αij =
exp(eij)∑Tx

j=1 exp(eij)

eij = a(si−1, hj)
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Let us review the vanishing and exploding gradient problem
Let’s first review what is long-term dependencies mentioned in
Lecture “Optimization for Training Deep Models”.

Pure Linear Case

Consider a RNN with no nolinearity

h(t) = Wh(t−1) + Vx (t) + b

∂h(t)

∂h(k)
=

t∏

j=k+1

∂h(j)

∂h(j−1)
=

t∏

j=k+1

W> = (W>)t−k
(9)

Suppose that W has an eigendecomposition
W> = V diag(λ)V−1, then

(W>)t−k = V diag(λ)t−kV−1 (10)

Vanishing and exploding gradient problem: Any eigenvalues λi
that are not near an absolute value of 1 will either explode (if
|λi | > 1) or vanish (if |λi | < 1).
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Vanishing and exploding gradient problem

Non-linear Case

Let’s consider the Jacobi Matrix and its norm:

h(t) = f (Wh(t−1) + Vx (t) + b)

∂h(t)

∂h(k)
=

t∏

j=k+1

∂h(j)

∂h(j−1)
=

t∏

j=k+1

W>diag
(
f ′(h(j−1))

)

|| ∂h
(t)

∂h(j−1)
|| ≤ ||W>|| × ||diag

(
f ′(h(j−1))

)
||

(11)

Non-linear activation function may

bound recurrent dynamics, alleviating the exploding gradient
problem.

make vanishing gradient problem severer.

The remaining of this slides discuss various approaches to reduce
the difficulty of learning long-term dependencies.
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Trick for exploding gradient: Clipping GradientsCHAPTER 10. SEQUENCE MODELING: RECURRENT AND RECURSIVE NETS
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Figure 10.17: Example of the effect of gradient clipping in a recurrent network with
two parameters w and b. Gradient clipping can make gradient descent perform more
reasonably in the vicinity of extremely steep cliffs. These steep cliffs commonly occur
in recurrent networks near where a recurrent network behaves approximately linearly.
The cliff is exponentially steep in the number of time steps because the weight matrix
is multiplied by itself once for each time step. (Left) Gradient descent without gradient
clipping overshoots the bottom of this small ravine, then receives a very large gradient
from the cliff face. The large gradient catastrophically propels the parameters outside the
axes of the plot. (Right) Gradient descent with gradient clipping has a more moderate
reaction to the cliff. While it does ascend the cliff face, the step size is restricted so that
it cannot be propelled away from steep region near the solution. Figure adapted with
permission from Pascanu 2013aet al. ( ).

A simple type of solution has been in use by practitioners for many years:
clipping the gradient. There are different instances of this idea (Mikolov 2012, ;
Pascanu 2013aet al., ). One option is to clip the parameter gradient from a
minibatch (element-wise Mikolov 2012, ) just before the parameter update. Another
is to clip the norm || ||g of the gradient g (Pascanu 2013aet al., ) just before the
parameter update:

if || ||g > v (10.48)

g ←
gv

|| ||g
(10.49)

where v is the norm threshold and g is used to update parameters. Because the
gradient of all the parameters (including different groups of parameters, such as
weights and biases) is renormalized jointly with a single scaling factor, the latter

method has the advantage that it guarantees that each step is still in the gradient
direction, but experiments suggest that both forms work similarly. Although

416

The solution first introduced by Mikolov is to clip gradients...

On the di�culty of training recurrent neural networks

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 components
element-wise (clipping an entry when it exceeds in ab-
solute value a fixed threshold).

3.2. Scaling down the gradients

As suggested in section 2.3, one mechanism to deal
with the exploding gradient problem is to rescale their
norm whenever it goes over a threshold:

Algorithm 1 Pseudo-code for norm clipping

ĝ @E
@✓

if kĝk � threshold then
ĝ threshold

kĝk ĝ

end if

This algorithm is similar to the one proposed by Tomas
Mikolov and we only diverged from the original pro-
posal in an attempt to provide a better theoretical jus-
tification (see section 2.3; we also move in a descent
direction for the current mini-batch). We regard this
work as an investigation of why clipping works. In
practice both variants behave similarly.

The proposed clipping is simple and computationally
e�cient, but it does however introduce an additional
hyper-parameter, namely the threshold. One good
heuristic for setting this threshold is to look at statis-
tics on the average norm over a su�ciently large num-
ber of updates. In our experience values from half
to ten times this average can still yield convergence,
though convergence speed can be a↵ected.

3.3. Vanishing gradient regularization

We opt to address the vanishing gradients problem us-
ing a regularization term that represents a preference
for parameter values such that back-propagated gra-
dients neither increase or decrease in magnitude. Our
intuition is that increasing the norm of @xt

@xk
means the

error at time t is more sensitive to all inputs ut, ..,uk

( @xt

@xk
is a factor in @Et

@uk
). In practice some of these in-

puts will be irrelevant for the prediction at time t and
will behave like noise that the network needs to learn
to ignore. The network can not learn to ignore these
irrelevant inputs unless there is an error signal. These
two issues can not be solved in parallel, and it seems
natural to expect that we might need to force the net-
work to increase k @xt

@xk
k at the expense of larger errors

(caused by the irrelevant input entries) and then wait
for it to learn to ignore these input entries. This sug-
gests that moving towards increasing the norm of @xt

@xk

can not be always done while following a descent di-
rection of the error E (which is, for e.g., what a second

order method would do), and a more natural choice
might be a regularization term.

The regularizer we propose prefers solutions for which
the error preserves norm as it travels back in time:

⌦ =
X

k

⌦k =
X

k

0
@

��� @E
@xk+1

@xk+1

@xk

���
��� @E
@xk+1

���
� 1

1
A

2

(9)

In order to be computationally e�cient, we only use
the “immediate” partial derivative of ⌦ with respect to
Wrec (we consider that xk and @E

@xk+1
as being constant

with respect to Wrec when computing the derivative
of ⌦k), as depicted in eq. (10). This can be done e�-
ciently because we get the values of @E

@xk
from BPTT.

We use Theano to compute these gradients (Bergstra
et al., 2010; Bastien et al., 2012).

@+⌦
@Wrec

=
P

k
@+⌦k

@Wrec

=
P

k

@+

0
@

���� @E
@xk+1

WT
recdiag(�0(xk))

����
2

���� @E
@xk+1

����
2 �1

1
A

2

@Wrec

(10)
Note that our regularization term only forces the Ja-
cobian matrices @xk+1

@xk
to preserve norm in the relevant

direction of the error @E
@xk+1

, not for any direction (we

do not enforce that all eigenvalues are close to 1). The
second observation is that we are using a soft con-
straint, therefore we are not ensured the norm of the
error signal is preserved. This means that we still need
to deal with the exploding gradient problem, as a sin-
gle step induced by it can disrupt learning. From the
dynamical systems perspective we can see that pre-
venting the vanishing gradient problem implies that
we are pushing the model towards the boundary of
the current basin of attraction (such that during the
N steps it does not have time to converge), making it
more probable for the gradients to explode.

4. Experiments and results

4.1. Pathological synthetic problems

As done in Martens and Sutskever (2011), we address
some of the pathological problems from Hochreiter and
Schmidhuber (1997) that require learning long term
correlations. We refer the reader to this original pa-
per for a detailed description of the tasks and to the
supplementary materials for the complete description
of setup for any of the following experiments. 3

4.1.1. The temporal order problem

We consider the temporal order problem as the pro-
totypical pathological problem, extending our results
to the other proposed tasks afterwards. The input is

3Code: https://github.com/pascanur/trainingRNNs

It makes big difference in RNN!
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For vanishing gradients: Initialization+ReLU

Initialize W (?)′s to identity matrix
I and ReLU f (z) = max(0, z)

It makes huge difference!

Several ideas about initialization
for DL Initialization idea first
introduced in Parsing with
Compositional Vector Grammars,
Socher et al. 2013
A Simple Way to Initialize
Recurrent Networks of Rectified

For	vanishing	gradients:	Initialization	+	ReLus!

4/21/16Richard	Socher26

• Initialize	W(*)‘s	to
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	2	weeks	ago	(!)	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)
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Gated RNNs and Long Short-Term Memory

The Long-Short-Term-Memory (LSTM) algorithm was proposed in
1997 (Hochreiter and Schmidhuber, 1997).

Recent work on gated RNNs, Gated Recurrent Units (GRU) was
proposed in 2014

The LSTM has been found extremely successful in many
applications, such as unconstrained handwriting recognition, speech
recognition, handwriting generation, machine translation, image
captioning and parsing.
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LSTM

Forget Gate: f (t) = sigmoid(W f h(t−1) + U f x (t) + bf )

Input Gate: i (t) = sigmoid(W ih(t−1) + U ix (t) + bi )

Output Gate: o(t) = sigmoid(W oh(t−1) + Uox (t) + bo)

Cell State Vector:

c(t) = f (t) ◦ c(t−1) + i (t) ◦ tanh(W ch(t−1) + Ucx (t) + bc)

Final Hidden State: h(t) = o(t) ◦ tanh(c(t))
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LSTM: Forget Gate

Forget gate looks at ht−1 and xt , and outputs a number between 0
and 1 for each number in the cell state Ct−1.

A one represents “completely keep this”.

A zero represents “completely get rid of this.”.
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LSTM: Input Gate

Decide what new information we’re going to store in the cell state.

a sigmoid layer called the “input gate layer” decides which
values we’ll update.

a tanh layer creates a vector of new candidate values of cell
state.
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LSTM: Update Cell State

Update the old cell state

multiply the old state by ft (results from forget gate),
forgetting the things we decided to forget.

add the new candidate values, scaled by it — how much we
decided to update each state value.
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LSTM: Output Gate

Output final results.

a sigmoid layer which decides what parts of the cell state
we’re going to output.

put the cell state through tanh and multiply it by the output
of the sigmoid gate.
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Gated Recurrent Units (GRU, 2014)

Let’s denote element-wise product (Hadamard product) as ◦
Update Gate: z (t) = sigmoid(W zh(t−1) + Uzx (t) + bz)

Reset Gate: r (t) = sigmoid(W rh(t−1) + U rx (t) + br )

New Memory Content:
h̄(t) = tanh

(
W (r (t) ◦ h(t−1)) + Ux (t) + b

)

Final Memory: h(t) = z(t) ◦ h(t−1) + (1− z(t)) ◦ h̄(t)

Remark

The reset gate r (t) close to 0 makes RNN ignore previous
hidden state — allow model to drop information that is
irrelevant

The Update gate z (t) control how much of past state should
matter now.

45 / 49



LSTM vs GRU
GRUs achieve similar performance in a variety of tasks
compared to LSTM.

GRUs train faster than LSTMs on less training data.

LSTM outperform GRUs in tasks requiring modeling
long-distance relations.
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Summary

RNN is able to model sequential data with lots of flexibilities

RNN can be also extended to model bidirectional
dependencies and work with attention mechanism.

LSTM is a special RNN and can be used to model long-term
dependencies. GRU is a simplification of LSTM that runs
faster and requires less training data.
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Thanks.
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HP:  http://keg.cs.tsinghua.edu.cn/jietang/
Email:  jietang@tsinghua.edu.cn
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