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CHAPTER 12:

Deep Learning



Deep Neural Networks

• Many hidden layers

• End-to-end training

• Learn increasingly abstract 
representations  with minimal 
human contribution

• Basis functions calculated from 
simpler basis functions
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Rectified Linear Unit (ReLU)

• Does not saturate for large a
• Leads to a sparse representation
• No learning for a<0, be careful with initialization
• Leaky ReLU

4
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12.2 How to Train Multiple Hidden Layers

12.2.1 Rectified Linear Unit

In chapter 11, we used sigmoid and tanh as nonlinear activation func-
tions. An activation function for hidden units that has become popular
recently with deep networks is the rectified linear unit (ReLU) (Nair andrectified linear

unit Hinton 2010; Glorot, Bordes, and Bengio 2011), which is defined as

ReLU(a) =
!

a if a > 0
0 otherwise

(12.1)

Though ReLU is not di!erentiable at a = 0, we use it anyway; we use
the left derivative:

ReLU!(a) =
!

1 if a > 0
0 otherwise

(12.2)

One advantage of ReLU is that, because it does not saturate (unlike
sigmoid and tanh), updates can still be done for large positive a. The
other advantage is that, for some inputs, some hidden unit activations
will be zero, meaning that we will have a sparse representation. Sparse
representations lead to faster training (where there are fewer nonzero
hidden units, there is less interference between them); they are also easier
to interpret. The disadvantage of ReLU is that, because the derivative is
zero for a " 0, there is no further training if, for a hidden unit, the
weighted sum somehow becomes negative. This implies that one should
be careful in initializing the weights so that the initial activation for all
hidden units is positive.

In the leaky ReLU (Maas, Hannun, and Ng 2013), the output is also
linear on the negative side but with a smaller slope, just enough to make
sure that there will be updates for negative activations, albeit small:

leaky-ReLU(a) =
!

a if a > 0
!a otherwise

(12.3)

For example, ! is taken as 0.01, which is the derivative for a " 0.

12.2.2 Initialization

One should be careful when initializing the weights in a deep network.
In chapter 11, we said that we can choose initial weight values uniformly
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Figure 12.1 In the forward direction, when we use weights, we calculate unit
values as a weighted sum of unit values in the previous layer. In the backward
direction, when we update weights, we calculate errors as a weighted sum of
errors in the following layer.

We start with the forward direction, in which we calculate z values as
the weighted sum of the earlier z values (zt0j ! xtj are the inputs):

ztkh = f

!

"

#

j

wkhjz
t
k"1,j

$

%(12.4)

Summation goes over all the units that are connected to this unit in
the previous layer; we call this the fan-in. If k is the output layer, we use
an activation function suitable for the application, for example, linear for
regression and softmax for multiclass.

In the backward direction, we calculate e values as weighted sum of the
later e values:

etkh =
#

l

etk+1,lwk+1,lh(12.5)
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Improving Training Convergence

• Momentum. At each update, also add a 
fraction of the average of past gradients:
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For each weight wi , we keep an additional value si , originally zero, that
keeps a running average of the past gradients, and that is how much we
update:

sti = !st!1
i + (1!!) "E

t

"wi
(12.7)

!wti = !#sti

The hyperparameter 0 < ! < 1 is the decay or forgetting parameter
of the running average and is generally taken as 0.9. Momentum is espe-
cially useful when online or minibatch learning is used, where as a result
we get an e!ect of averaging and smooth the trajectory during conver-
gence. The disadvantage is that the si values should be stored in extra
memory.

12.3.2 Adaptive Learning Factor

In gradient descent, the learning factor # determines the magnitude of
change to be made in the parameter. Typically it takes a value less than
or equal to 0.2. A very early heuristic was to make it adaptive for faster
convergence, where it is kept large when learning takes place and is de-
creased when learning slows down:

!# =
!

+a if Et+$ < Et

!b# otherwise
(12.8)

Thus we increase # by a constant amount (or keep it unchanged) if
the error on the training set decreases and decrease it geometrically if
it increases. Because E may oscillate from one epoch to another, it is a
better idea to take the average of the past few epochs as Et .

In a deep network with many hidden layers and units, the contributions
of weights to the error are not the same, and one can adapt the learn-
ing factor separately for each weight, depending on convergence along
that direction. The idea in such methods is to accumulate the past error
gradient magnitudes for each weight and then make the learning factor
inversely proportional to that. In directions where the gradient is small,
the learning factor is larger to compensate, and it can be smaller along
directions where the gradient is already large.

In AdaGrad (Duchi, Hazan, and Singer 2011), we keep a running sumAdaGrad

of all the past gradients; in RMSProp (Hinton 2012), we keep a runningRMSProp



Adaptive Learning Factor

• RMSprop. Make update inversely proportional 
to the sum of past gradients, so, update more 
when gradient is small and less where it is 
large.
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average where we give more importance to more recent values. For any
weight wi , the update rule is

!wti = !
!
!

r ti

"Et

"wi
(12.9)

where ri is the accumulated past gradient, one for each weight in the
network. It is initially zero and updated after each epoch as

r ti = #r t!1
i + (1! #)

"
"
"
"
"

"Et

"wi

"
"
"
"
"

2

(12.10)

where # is generally taken as 0.999. Adam (Kingma and Ba 2014) is anAdam

extension that also includes a momentum factor. At iteration t , we have

sti = $st!1
i + (1!$) "E

t

"wi
(12.11)

r ti = #r t!1
i + (1! #)

"
"
"
"
"

"Et

"wi

"
"
"
"
"

2

s̃ti = sti
1!$t and r̃ ti =

r ti
1! #t(12.12)

!wti = !! s̃
t
i

!

r̃ ti

Apologies for the two di!erent uses of the superscript t here: With sti , for
example, t denotes an index; with $t and #t , it denotes the tth power.

In terminology of Adam, short for Adaptive moments, sti is the first
moment (it uses the gradient) and r ti is the second moment (it uses the
square of the gradient), and the versions of these with " on top that
we calculate in equation 12.12 are the so-called bias-corrected values:
Because both sti and r ti start from 0 and because both $ and # are close
to 1, in early iterations, the estimated values will be biased toward 0; the
divisions correct for those. When t gets large (which happens later, when
the corresponding hyperparameter is closer to 1), its tth power will be
close to 0, and the division in bias correction will be almost by 1.

12.3.3 Batch Normalization

We know from earlier chapters (e.g., section 11.3) that it is always a good
idea to z-normalize the inputs to have zero mean and unit variance so
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Initially both s and r terms are 0, so we bias-correct them 
(both a and r are <1, so they get smaller as t gets large):
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Batch Normalization

• Z-normalize hidden unit values (m and s are 
mean and stdev over the current minibatch):

• Can then rescale (g and b are also learned):

9
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that all inputs are in the same scale. The advantage is that, for some
attribute, all values may be clustered in some small range and normal-
ization spreads them; when the inputs are in the same scale, the corre-
sponding weights are also in the same scale, so initializing them in the
same range or using the same learning rate makes sense.

A similar case can also be made for the hidden units, and this is the
idea behind batch normalization (Io!e and Szegedy 2015). We normal-batch

normalization ize hidden unit values before applying the activation function, such as
sigmoid or ReLU. Let us call that weighted sum aj . For each batch or
minibatch, for each hidden unit j we calculate the meanmj and standard
deviation sj of its values, and we first z-normalize:

ãj =
aj !mj

sj
(12.13)

We can then map these to have arbitrary mean !j and scale "j

âj = !j ãj + "j(12.14)

and then we apply the activation function.
There are a number of important points here. First, mj and sj are cal-

culated anew for each batch, and we see immediately that batch normal-
ization is not meaningful with online learning or very small minibatches.
Second, !j and "j are parameters that are initialized and updated (after
each batch or minibatch) using gradient descent, just like the connection
weights. So they require extra memory and computation. These new pa-
rameters allow each hidden unit to have its arbitrary (but learned) mean
and standard deviation for its activation.

Note also that if we normalize using equation 12.13, an incoming bias
to hidden unit j (in calculating aj ) is useless; it is a constant added for all
instances and will be subtracted out; actually, "j will now act as the bias.

Once learning is done, we can go over the whole training data (or a
large enough subset) and calculate mj and sj to use during testing, when
we see one instance at a time.

One reason why batch normalization helps learning is the same as why
we normalize inputs: It allows a better use of the range. In some mini-
batches, all instances may lead to very similar aj ; renormalization makes
the di!erences between them clearer. There is another reason that is
specific to hidden units: Note that the value of each hidden unit in a
deep network depends on all of the weights before it, and these are con-
tinuously updated. This means that, as learning proceeds, for the same
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• Invariance to translation, rotation, size

• Virtual examples
• Augmented error: E’=E+λhEh

If x’ and x should be the “same”: 
Eh=[g(x|θ)- g(x’|θ)]2

Regularization: Hints 10

(Abu-Mostafa, 1995)



Regularization: Weight Decay

• If a weight is 0, we have a simpler model.
• Initially all weights are close to 0 and they are 

moved away as learning proceeds. 
• Early stopping: Stop before too many weights 

are updated.
• Weight decay: Add a term that penalizes non-

zero weights:
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level o! and then start increasing. We stop when we observe that this is
happening.

When all the incoming weights are close to zero, the weighted sum is
also close to zero (assuming the bias is also very small), which implies
that we are in the middle section of a sigmoid (or tanh) that is almost
linear. If we have successive hidden layers that are almost linear, because
the linear combination of linear models is also linear, together they act
as one linear model, which e!ectively corresponds to pruning the hidden
layers in between.

Even if we start with a weight close to zero, because of some noisy
instances, it may move away from zero; the idea in weight decay is to addweight decay

some small constant background force that always pulls a weight toward
zero, unless it is absolutely necessary that it be large (in magnitude) to
decrease error. For any weight wi , the update rule is

!wi = !!
"E

"wi
! #"wi(12.15)

This is equivalent to doing gradient descent on the error function with
an added penalty term, penalizing networks with many nonzero weights
(#" = #!):

E" = E + #
2

!

i

w2
i(12.16)

where E is the usual classification or regression error (negative log likeli-
hood). The sum in the second term is over all weights in all layers, and
its e!ect is like that of a spring that pulls each weight to zero. Starting
from a value close to zero, unless the actual error gradient is large and
causes an update, due to the second term the weight will gradually decay
to zero.

The hyperparameter # determines the relative importance of the error
on the training set and the complexity due to nonzero parameters and
thus determines the speed of decay: With a large #, weights will be pulled
to zero no matter what the training error is; with a small #, there is not
much penalty for nonzero weights. Like any hyperparameter, # is fine-
tuned using cross-validation. This approach of removing unnecessary
parameters is known as ridge regression in statistics.ridge regression

That simpler networks are better generalizers is a hint we implement
by adding a penalty term. Note that we are not saying that simple net-
works are always better than large networks; we are saying that, if we
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causes an update, due to the second term the weight will gradually decay
to zero.

The hyperparameter # determines the relative importance of the error
on the training set and the complexity due to nonzero parameters and
thus determines the speed of decay: With a large #, weights will be pulled
to zero no matter what the training error is; with a small #, there is not
much penalty for nonzero weights. Like any hyperparameter, # is fine-
tuned using cross-validation. This approach of removing unnecessary
parameters is known as ridge regression in statistics.ridge regression

That simpler networks are better generalizers is a hint we implement
by adding a penalty term. Note that we are not saying that simple net-
works are always better than large networks; we are saying that, if we



• Consider weights wi as random vars, prior p(wi)

• Weight decay, ridge regression, regularization
cost=data-misfit + λ complexity

More about Bayesian methods in chapter 15

Regularization: 
Bayesian Perspective
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Regularization: Dropout

• Adding noise to inputs/hidden unit 
values/weights has a regularizing effect
• What if we drop them out completely?

13

12.5 Convolutional Layers 331

Figure 12.3 In dropout, the output of a random subset of the units are set to
zero, and backpropagation is done on the remaining smaller network.

unit with probability p, that is, set its output to zero, or keep it with prob-
ability 1! p (Srivastava et al. 2014). p is adjusted using cross-validation;
with more inputs or hidden units in a layer, we can a!ord a larger p (see
figure 12.3).

In each batch or minibatch, for each unit independently we decide ran-
domly to keep it or not. Let us say that p = 0.25. So, on average, we
remove a quarter of the units and we do backpropagation as usual on
the remaining network for that batch or minibatch. We need to make up
for the loss of units, though: In each layer, we divide the activation of
the remaining units by 1 ! p to make sure that they provide a vector of
similar magnitude to the next layer. There is no dropout during testing.

In each batch or minibatch, a smaller network (with smaller variance)
is trained. Thus dropout is e!ectively sampling from a pool of possible
networks of di!erent depths and widths. The resulting e!ect is that,
as we mentioned above, instead of giving large weights to few units in
the preceding layer, dropout gives small weights to many, just like we
have in L2 regularization. Dropout has been found to be very e!ective in
regularizing deep neural networks.

There is a version called dropconnect that drops out or not connectionsdropconnect

independently, which allows a larger set of possible networks to sample
from, and this may be preferable in smaller networks (Wan et al. 2013).

12.5 Convolutional Layers

12.5.1 The Idea

In getting a better fit to the data, one possibility is to adapt the struc-
ture of the network to better represent the constraints of the underlying

Input or hidden unit dropped out (output set to 0)
with probability p in each minibatch



Regularization: Convolutions

• Each unit is connected to a small set of units in 
the preceding layer. In images, this corresponds
to a local patch (LeCun et al 1989).

14



Regularization: Weight Sharing 15

The same weights are used in different locations

1d example with 1x4 convolutions and weight sharing



Multiple Convolutional Layers 16
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3x3
convolution

2x2
pooling

2x2
stride

Figure 12.5 The 3! 3 convolutional layer applies the convolution at all points.
The pooling layer pools the values in a 2! 2 patch, and a stride of 2 lowers the
resolution by half.

olution decreases, and we get some small invariance to translations. To
downsample, instead of using the value at every location we can skip over
some. For example, with a stride of 2, we take the value at every other
pixel (in both dimensions).

Typically, before striding we use pooling, where for a small patch we
take the maximum or average of the values. For example, let us say the
original image is 100 ! 100, and we apply a 3! 3 kernel at all positions.
Then we have a pooling of size 2! 2, where of those 4 values we choose
the maximum, and then we can use a stride of 2 because we will have
the same values nearby. We thus end up with a 50 ! 50 feature map.
We typically talk about a pooling layer, where a pooling and striding are
done, but note that this is a layer where the operation is fixed and there
are no learned parameters (see figure 12.5).

In image recognition typically in successive convolutional layers, the
image size gets smaller but the number of channels increases. The reso-
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LeNet-5 (LeCun et al 1998) 19
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32x32

16x10x10

5x5
conv

6x28x28

6x14x14

2x2
pool

16x5x5

5x5
conv

2x2
pool

120

84

10

fully 
connect

fully 
connect

fully 
connect

Figure 12.6 LeNet-5 network for recognition of handwritten digits (LeCun et al.
1998).

12.5.3 Examples: LeNet-5 and AlexNet

Let us examine an example of a convolutional network. LeNet-5, the earli-
est success story of convolutional and deep networks, was a commercial
product used to read handwritten checks (LeCun et al. 1998).

The network architecture is given in figure 12.6. The image is 32 ! 32
and is already padded. The first convolution layer uses 5!5 kernels (and
biases), and there are six channels. There are 122,304 connections but
156 parameters. Then there is a 2! 2 average pooling layer with a stride
of 2. LeNet-5 actually has trainable parameters in its pooling layer: We
sum the four values, multiply it with a weight, add a bias, and then pass
it through the tanh activation function. This layer has 12 parameters.

The next convolution layer also uses 5! 5 convolutions and then 2! 2
pooling in 16 channels. Those add another 1,516 + 32 parameters. The
400-dimensional output is then fed to two fully connected layers of 120
and 84 units each, and finally we have 10 output units. These contain
48,120 and 10,164 parameters, respectively. LeNet-5 uses Euclidean ra-
dial basis function units at the output, which we will discuss in chap-
ter 13, but this is an older approach, and using softmax at the output has
recently become the norm for classification.

LeNet-5 has around 60,000 weights and is trained on a training set of
60,000 examples. Those numbers were the limits for its day. Incidentally,
the data used there is the MNIST (Modified National Institute of Standards
and Technology) data set that has been widely used in many deep neural
network architectures since then. Nowadays with test error less than half

Has approximately 60K weights and trained on 60K examples (MNIST data set)



Tuning the Network Size

• Destructive
Weight decay:

• Constructive
Growing networks

20

(Ash, 1989) (Fahlman and Lebiere, 1989)
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Skip Connections 21
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zl

zl-1

zl-L

wl
vl

(a)

zl

zl-1

zl-L

wl vl

(b)

gl

Figure 12.9 (a) vl are the skip connections to layer l; (b) gl are the gating units
that mediate the e!ect of the skip connections. Both allow shorter paths to the
output.

bypasses all the layers between L and l and, as such, can be regarded as
a simpler model. A similar approach underlies residual networks (He et
al. 2015); we can say that the shorter path is the main prediction and the
longer path (with extra computation) provides any necessary residual.

The advantage of such skip connections is also apparent in training. We
saw in section 12.2 that when we backpropagate, to calculate the gradient
at any layer, we multiply the error by all the weights on the path after that
layer. When we have deep networks with many layers, if those weights
are greater than 1, the gradient may become very large after many multi-
plications; if they are smaller than 1, the gradient may become very small.
This is the problem of vanishing/exploding gradients. When we have skipvanish-

ing/exploding

gradients
layers, we e!ectively define shorter paths to the output, and this helps
propagate the error back to earlier layers without gradients exploding or
vanishing. Using such residual connections, He et al. (2015) were able to
train networks with 151 layers.

12.6.3 Gating Units

Equation 12.24 takes a direct sum of the two paths. An alternative is to
take a weighted average and also learn those weights (figure 12.9(b))

zlh = f

!

"glh
#

i

wlhizl!1,i + (1! glh)
#

j

vlhjzl!L,j

$

%(12.25)

Skip
connection

Gating unit
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are trained.
Dynamic node creation adds a new hidden unit to an existing hidden

layer and never adds another hidden layer. Cascade correlation always
adds a new hidden layer with a single unit. The ideal constructive method
should be able to decide when to introduce a new hidden layer and when
to add a unit to an existing layer. This is an open research problem.

Incremental algorithms are interesting because they correspond to mod-
ifying not only the parameters but also the structure during learning.
More generally, we can think of a space defined not only by such struc-
tural hyperparameters but also by others that a!ect learning, such as
the learning rate or the momentum factor, and we want to find the best
configuration in this space. The idea behind automated machine learn-automated machine

learning ing (AutoML) is to automate not only the optimization of parameters, as
is typically done, but all steps in building a machine learning system,
including the optimization of hyperparameters.

There are various approaches. One is population-based training (Jader-
berg et al. 2017), where there are a number of models with di!erent
hyperparameters trained all together, with information transfer between
models allowing an exploration of the vicinity of promising models, just
like in genetic algorithms. Another interesting work is network architec-network

architecture

search
ture search (Zoph and Le 2016), where the model description is generated
as a sequence of actions and the best sequence is learned using reinforce-
ment learning (see chapter 19).

12.6.2 Skip Connections

We saw above that, in cascade correlation, connections skip layers, which
we can also have with other networks. For example, a hidden unit may
be connected not only to all the units in its preceding layer, as usual,
but also to units in a layer much earlier. Consider a unit at layer l (see
figure 12.9(a)):

zlh = f

!

"

#

i

wl,h,izl!1,i +
#

j

vl,h,jzl!L,j

$

%(12.24)

where wl,h,i are the weights from all units i of layer l!1 to unit h of layer
l—this is what we normally have between successive layers—and vl!1,h,j

are the skip connections from all units j in layer l ! L.skip connections

We can view information coming from two paths; the usual path uses
all the layers between 1 and l; the second is a shorter path because it
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where glh are also learned from data during backpropagation. In the
simplest case, such gates are constants; in highway networks (Srivastava,highway networks

Gre!, and Schmidhuber 2015), they depend on the zl!L values in the layer
where the two paths split:

glh = sigmoid
!

aTlhzl!L + alh0

"

(12.26)

The parameters of the gating unit, alh, alh0, are also learned using gradi-
ent descent, and the sigmoid guarantees that glh is between 0 and 1.

A similar method is adaptive dropout (Ba and Frey 2013), where whetheradaptive dropout

a hidden unit is dropped out or not depends on a parameter, and that
parameter is also learned. It seems more suitable to call it a gating pa-
rameter rather than a dropout parameter, because it is learned from data
and is not a parameter of an external stochastic process.

12.7 Learning Sequences

12.7.1 Example Tasks

Until now, we have been concerned with cases where the input is fed once,
all together. In some applications, the input is a sequence, for example,
in time. In others, the output may be sequential. Examples are as follows:

! Sequence recognition. This is the assignment of a given sequence to
one of several classes. Speech recognition is one example where the
input sequence is the spoken speech and the output is the code of the
word spoken. That is, the input changes in time but the output comes
once at the end.

! Sequence reproduction. Here, after seeing part of a given sequence, the
system should predict the rest. Time-series prediction is one example
where the input is, for example, the sequence of daily temperatures
during the past week and the output is the prediction for the next day.

! Sequence association. This is the most general case where a particular
output sequence is given as output after a specific input sequence. The
input and output sequences may be di!erent in form and length. An
example is translation: The input is a sentence, which is a sequence of
characters, in the source language, and the output is its translation in
the target language, which is another sequence of characters.



Learning Time

• Applications:
• Sequence recognition: Speech recognition
• Sequence reproduction: Time-series prediction
• Sequence association

• Network architectures
• Time-delay networks (Waibel et al., 1989)
• Recurrent networks (Rumelhart et al., 1986)

22



Time-Delay Neural Networks 23



Recurrent Networks 24



Unfolding in Time 25
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(a)� (c)�(b)�

Figure 12.11 Examples of MLP with partial recurrency. Recurrent connections
are shown with dashed lines: (a) self-connections in the hidden layer, (b) self-
connections in the output layer, and (c) connections from the output to the
hidden layer. Combinations of these are also possible.

sociation tasks. It is also possible to have hidden units in the recurrent
backward connections, which are known as context units.

Let us consider the operation of the recurrent network shown in fig-
ure 12.12(a):

zth = f

!

"

d
#

j=0

whjx
t
j +

H
#

l=1

rhlz
t!1
l

$

%(12.27)

yt = g

!
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H
#

h=0

vhz
t
h

$

%(12.28)

We see that the activation of hidden units at time t also depends on
the activations at time t !1 through the recurrent weights rhl . The z0

h are
taken as zero. The activation function f at the hidden units is generally
taken as sigmoid or tanh, and the output activation g depends on the
application.

In equation 12.27, inside f the first part is the contribution of the cur-
rent input, and the second part is what is remembered from the past.
zt!1 contains a compressed representation of all the inputs seen until t ,
and its e!ect is combined with that of the current input at time t . The
values of whj and rhl determine how much we give weight to these two
sources.

The training of a recurrent neural network is also done using backprop-
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12.7.4 Long Short-Term Memory Unit

The long short-term memory (LSTM) unit (Hochreiter and Schmidhuberlong short-term

memory 1997) is a more complex form of the recurrent unit. It does not just take
a simple sum of the e!ects of the input and the past, but uses a set of
gating units that turn these e!ects on or o!, looking at the input. These
gates have their own parameters that are also trained during backpropa-
gation.

The augmented input to an LSTM unit, x̃t , is the concatenation of the
current input xt and the past hidden unit activations zt!1. All decisions
use this augmented input; that is, they are based on what is seen now
and what is remembered from the past.

In LSTM unit h, first, the e!ect of the input is calculated as

cth = tanh
!

wTc x̃
t
"

(12.29)

The cumulative internal state of unit h is a weighted sum of the past state
and current input:

sth = f th · st!1
h + ith · cth(12.30)

where f th and ith are the forget and input gates, respectively (gate parame-
ters are underlined to tell them apart from activations):

f th = sigmoid
!

wTf x̃
t
"

ith = sigmoid
!

wTi x̃
t
"

The overall value is calculated as

zth = oth · tanh
!

sth

"

(12.31)

with the output gate defined as

oth = sigmoid
!

wTo x̃
t
"

(12.32)

The input activation cth and all three gates see the extended input and
have their own weight vectors that are trained from data. One variant
of LSTM adds peephole connections; this means adding the vector of st!1

h

to the augmented input x̃t of the gating units (Gers, Schraudolph, and
Schmidhuber 2002).

The gates allow each unit to selectively decide how much to take the
current input or the past into account, and how much to give out as out-
put. They help with learning long-term dependencies. In equation 12.30,
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have their own weight vectors that are trained from data. One variant
of LSTM adds peephole connections; this means adding the vector of st!1

h

to the augmented input x̃t of the gating units (Gers, Schraudolph, and
Schmidhuber 2002).

The gates allow each unit to selectively decide how much to take the
current input or the past into account, and how much to give out as out-
put. They help with learning long-term dependencies. In equation 12.30,
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if ith is close to 0 and f th close to 1, the state of the hidden unit is copied to
the next state; this allows remembering inputs seen in the past without
changing them. Operationally, this will be just like a skip layer, bypassing
unnecessary additional complexity. It is not surprising that highway net-
works (equation 12.26) and LSTMs were proposed by the same research
group.

Let us say we have an application where we process sentences one word
at a time. Compare the following two sentences:

“The man who entered the house was in his thirties.”
“The woman who entered the house was in her thirties.”

Whether the correct pronoun is “his” or “her” depends on whether the
subject is “man” or “woman,” and that word appears a number of words
before. To be able to generate such a sentence, for example, or to be able
to generate a translation of it, at the time of the pronoun the network
should remember the subject; some part of the hidden representation
should be set when the subject is set, and it should remain intact until
we get to the pronoun. This is di!cult for an ordinary recurrent network,
where we continually average over the hidden units, but LSTM units with
their gates turning on and remaining on for some time (until maybe an-
other event happens to turn them o") can learn such dependencies.

LSTM nowadays is considered to be the state-of-the-art model for di-
verse sequence learning applications from translation to caption gener-
ation. The more flexible architecture allows longer and more complex
sequences to be learned, recognized, and produced.

12.7.5 Gated Recurrent Unit

The gated recurrent unit (GRU) (Cho et al. 2014) is a simpler version ofgated recurrent

unit LSTM with fewer gates and less computation.
The e"ect of the input is calculated as

cth = tanh
!

wTx x
t + r th ·wTr zt!1

"

(12.33)

Note that this di"ers from LSTM’s equation 12.29 in that wc is split into
wx and wr , and there is a reset gate r th:

r th = sigmoid
!

wTr x̃
t
"

(12.34)
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If r th is 0, the past is forgotten, hence the name, reset gate. The hid-
den unit value is calculated as the weighted average of the past and the
present

zth = (1! ith) · zt!1
h + ith · cth(12.35)

Note that, unlike LSTM’s equation 12.30, there is not a separate forget
gate; it is taken as 1 minus the input gate. We also see that, unlike LSTM,
there is no intermediate sth and no output gate; whatever value is calcu-
lated is the value of hidden unit h. As a simpler version of LSTM, GRU
finds successful applications in many sequence learning tasks (Chung et
al. 2014).

The basic recurrent unit takes a simple weighted average of the cur-
rent input and the past hidden activations. LSTM replaces it with a more
complex model; actually we can consider an LSTM as a small specific MLP
structure with internal values and gates, just like hidden units, that have
parameters that are trained—GRU corresponds to a simpler MLP.

12.8 Generative Adversarial Network

The generative adversarial network (GAN) is not a deep learning methodgenerative

adversarial

network
per se. It uses two deep neural networks, but the novelty of GAN is in the
way the task is defined rather than how it is implemented.

Let us say that we have a training set of faces and that our aim is to
be able to generate new faces; that is, we want to learn a generator that
can synthesize new images that everyone will recognize as legitimate face
images, but di!erent from the ones we already have in the training set.
Our training instances X = {xt}t are drawn from an unknown probabil-
ity distribution p(x); what we would like to do is first estimate and then
sample from p(x). Of course, one can always try any of the parametric,
semiparametric, or nonparametric methods for density estimation, dis-
cussed respectively in chapters 5, 7, and 8, but GAN uses a di!erent and
a very interesting approach that bypasses the estimation of p(x).

The underlying idea in GAN is somehow reminiscent of word2vec (sec-
tion 11.11) in that to solve the original unsupervised problem we define
an auxiliary supervised problem that helps us with the original task. A
GAN is composed of two learners, a generator and a discriminator, which
are implemented as two deep neural networks (Goodfellow et al. 2014).

We start with the training set of “true” examples, X = {xt}t , each of
which is d-dimensional. These are valid face images. We want to learn
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Figure 12.13 In GAN, G is the generator that generates fake examples from
random z. D is the discriminator that is trained to discriminate such fake G(z)
from true x of the training set.

a generator G that takes a low-dimensional z as input and gives out a
“fake” example that we denote by G(z). The z are drawn from some prior
multivariate distribution, typically a k-dimensional multivariate Gaussian
with mean zero, unit variance on all dimensions, and zero covariances,
that is, Nd(0, I).
G is implemented as a deep neural network that has k inputs, d out-

puts, and a number of hidden layers in between. If we want to generate
an image, the final layers will be deconvolutional, just as we have with a
deep autoencoder (see section 12.5.4); the similarity between a generator
and the decoder of an autoencoder is a topic we will come back to shortly.
G takes a low-dimensional distribution and learns to expand and distort
it suitably to cover the target x distribution.

In addition to G, GAN also uses a discriminator D that is trained to dis-
criminate true and fake examples. D is another deep network that takes
d-dimensional x as its input and, after some hidden layers, convolutional
or full, has a single sigmoid output, because it is trained on a two-class
task: For all true xt , the label is 1; for all G(z) that are generated by G
(from some z), the label is 0 (see figure 12.13).

The GAN criterion is
!

t

logD(xt )+
!

z!p(z)
log

"

1"D(G(z))
#

(12.36)

which is maximized by D and minimized by G. D is trained so that its
output is as large as possible for a true instance and as small as possible
for a fake instance. G is trained to fool D; it is trained to generate fakes
for which D gives large outputs. During training, as G gets better in
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generating fakes, D gets better in detecting them, which in turn forces G
to generate much better fakes, and so on.

Starting from random weights for both, training of the two is alter-
nated. For a fixed G, we update the weights of D so that the loss above
is maximized. This makes D a good detector for a fixed G. Then we fix
D and update the weights of G to minimize the second term, which is
equivalent to maximizing
!

z!p(z)
logD(G(z))

which makes G a better faker for a fixed D.
A variant of GAN that frequently leads to better generators uses the

Wasserstein loss (Arjovsky, Chintala, and Bottou, 2017):Wasserstein loss

!

t

E[D(xt )]"
!

z!p(z)
E[D(G(z))](12.37)

which is maximized by D and minimized by G (which is equivalent to
maximizing the second term).

In this case, D is not a classifier but a regressor; it has a single linear
output, which is a score of the “trueness” of its input. Wasserstein loss
measures the di!erence between the average score of true instances and
the average score of fake instances: D tries to maximize this; G tries to
minimize this, by maximizing the average score of the fakes. A similar
criterion is used by the loss-sensitive GAN (Qi 2017).

GAN is currently one of the hottest topics of research in machine learn-
ing, and we are seeing various applications as well as extensions. One of
them is the bidirectional GAN (Donahue, Krähenbühl, and Darrell 2016)
and the equivalent adversarially learned inference (Dumoulin et al. 2016),
where there is an additional encoder model that is trained to output z
for a given x. This new component works in the opposite direction of the
generator that works like a decoder in going from z to x.

Training a GAN is di"cult because we have two deep networks to train
and the task of adjusting the hyperparameters is doubled. G is trained
backpropagating through D, which adds to the di"culty. One frequent
problem is mode collapse. There may be di!erent ways of being a true
instance, but the generator learns only a few of those.

An additional problem is that there is no good evaluation measure to
detect the quality of a trained generator. There are frequently used crite-
ria, which basically compare the distribution of true and fake instances,

Wasserstein loss


