
CHAPTER 15

Processing Sequences Using
RNNs and CNNs

The batter hits the ball. The outfielder immediately starts running, anticipating the
ball’s trajectory. He tracks it, adapts his movements, and finally catches it (under a
thunder of applause). Predicting the future is something you do all the time, whether
you are finishing a friend’s sentence or anticipating the smell of coffee at breakfast. In
this chapter we will discuss recurrent neural networks (RNNs), a class of nets that can
predict the future (well, up to a point, of course). They can analyze time series data
such as stock prices, and tell you when to buy or sell. In autonomous driving systems,
they can anticipate car trajectories and help avoid accidents. More generally, they can
work on sequences of arbitrary lengths, rather than on fixed-sized inputs like all the
nets we have considered so far. For example, they can take sentences, documents, or
audio samples as input, making them extremely useful for natural language process‐
ing applications such as automatic translation or speech-to-text.

In this chapter we will first look at the fundamental concepts underlying RNNs and
how to train them using backpropagation through time, then we will use them to
forecast a time series. After that we’ll explore the two main difficulties that RNNs
face:

• Unstable gradients (discussed in Chapter 11), which can be alleviated using vari‐
ous techniques, including recurrent dropout and recurrent layer normalization

• A (very) limited short-term memory, which can be extended using LSTM and
GRU cells

RNNs are not the only types of neural networks capable of handling sequential data:
for small sequences, a regular dense network can do the trick; and for very long
sequences, such as audio samples or text, convolutional neural networks can actually
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work quite well too. We will discuss both of these possibilities, and we will finish this
chapter by implementing a WaveNet: this is a CNN architecture capable of handling
sequences of tens of thousands of time steps. In Chapter 16, we will continue to
explore RNNs and see how to use them for natural language processing, along with
more recent architectures based on attention mechanisms. Let’s get started!

Recurrent Neurons and Layers
Up to now we have focused on feedforward neural networks, where the activations
flow only in one direction, from the input layer to the output layer (a few exceptions
are discussed in Appendix E). A recurrent neural network looks very much like a
feedforward neural network, except it also has connections pointing backward. Let’s
look at the simplest possible RNN, composed of one neuron receiving inputs, pro‐
ducing an output, and sending that output back to itself, as shown in Figure 15-1
(left). At each time step t (also called a frame), this recurrent neuron receives the inputs
x(t) as well as its own output from the previous time step, y(t–1). Since there is no previ‐
ous output at the first time step, it is generally set to 0. We can represent this tiny net‐
work against the time axis, as shown in Figure 15-1 (right). This is called unrolling the
network through time (it’s the same recurrent neuron represented once per time step).

Figure 15-1. A recurrent neuron (lef) unrolled through time (right)

You can easily create a layer of recurrent neurons. At each time step t, every neuron
receives both the input vector x(t) and the output vector from the previous time step
y(t–1), as shown in Figure 15-2. Note that both the inputs and outputs are vectors now
(when there was just a single neuron, the output was a scalar).
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1 Note that many researchers prefer to use the hyperbolic tangent (tanh) activation function in RNNs rather
than the ReLU activation function. For example, take a look at Vu Pham et al.’s 2013 paper “Dropout Improves
Recurrent Neural Networks for Handwriting Recognition”. ReLU-based RNNs are also possible, as shown in
Quoc V. Le et al.’s 2015 paper “A Simple Way to Initialize Recurrent Networks of Rectified Linear Units”.

Figure 15-2. A layer of recurrent neurons (lef) unrolled through time (right)

Each recurrent neuron has two sets of weights: one for the inputs x(t) and the other for
the outputs of the previous time step, y(t–1). Let’s call these weight vectors wx and wy. If
we consider the whole recurrent layer instead of just one recurrent neuron, we can
place all the weight vectors in two weight matrices, Wx and Wy. The output vector of
the whole recurrent layer can then be computed pretty much as you might expect, as
shown in Equation 15-1 (b is the bias vector and ϕ(·) is the activation function (e.g.,
ReLU1).

Equation 15-1. Output of a recurrent layer for a single instance

y t = ϕ Wx
⊺x t + Wy

⊺y t − 1 + b

Just as with feedforward neural networks, we can compute a recurrent layer’s output
in one shot for a whole mini-batch by placing all the inputs at time step t in an input
matrix X(t) (see Equation 15-2).

Equation 15-2. Outputs of a layer of recurrent neurons for all instances in a mini-
batch

Y t = ϕ X t Wx + Y t − 1 Wy + b

= ϕ X t Y t − 1 W + b with W =
Wx

Wy
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In this equation:

• Y(t) is an m × nneurons matrix containing the layer’s outputs at time step t for each
instance in the mini-batch (m is the number of instances in the mini-batch and
nneurons is the number of neurons).

• X(t) is an m × ninputs matrix containing the inputs for all instances (ninputs is the
number of input features).

• Wx is an ninputs × nneurons matrix containing the connection weights for the inputs
of the current time step.

• Wy is an nneurons × nneurons matrix containing the connection weights for the out‐
puts of the previous time step.

• b is a vector of size nneurons containing each neuron’s bias term.
• The weight matrices Wx and Wy are often concatenated vertically into a single

weight matrix W of shape (ninputs + nneurons) × nneurons (see the second line of Equa‐
tion 15-2).

• The notation [X(t) Y(t–1)] represents the horizontal concatenation of the matrices
X(t) and Y(t–1).

Notice that Y(t) is a function of X(t) and Y(t–1), which is a function of X(t–1) and Y(t–2),
which is a function of X(t–2) and Y(t–3), and so on. This makes Y(t) a function of all the
inputs since time t = 0 (that is, X(0), X(1), …, X(t)). At the first time step, t = 0, there are
no previous outputs, so they are typically assumed to be all zeros.

Memory Cells
Since the output of a recurrent neuron at time step t is a function of all the inputs
from previous time steps, you could say it has a form of memory. A part of a neural
network that preserves some state across time steps is called a memory cell (or simply
a cell). A single recurrent neuron, or a layer of recurrent neurons, is a very basic cell,
capable of learning only short patterns (typically about 10 steps long, but this varies
depending on the task). Later in this chapter, we will look at some more complex and
powerful types of cells capable of learning longer patterns (roughly 10 times longer,
but again, this depends on the task).

In general a cell’s state at time step t, denoted h(t) (the “h” stands for “hidden”), is a
function of some inputs at that time step and its state at the previous time step: h(t) =
f(h(t–1), x(t)). Its output at time step t, denoted y(t), is also a function of the previous
state and the current inputs. In the case of the basic cells we have discussed so far, the
output is simply equal to the state, but in more complex cells this is not always the
case, as shown in Figure 15-3.
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Figure 15-3. A cell’s hidden state and its output may be dierent

Input and Output Sequences
An RNN can simultaneously take a sequence of inputs and produce a sequence of
outputs (see the top-left network in Figure 15-4). This type of sequence-to-sequence
network is useful for predicting time series such as stock prices: you feed it the prices
over the last N days, and it must output the prices shifted by one day into the future
(i.e., from N – 1 days ago to tomorrow).

Alternatively, you could feed the network a sequence of inputs and ignore all outputs
except for the last one (see the top-right network in Figure 15-4). In other words, this
is a sequence-to-vector network. For example, you could feed the network a sequence
of words corresponding to a movie review, and the network would output a senti‐
ment score (e.g., from –1 [hate] to +1 [love]).

Conversely, you could feed the network the same input vector over and over again at
each time step and let it output a sequence (see the bottom-left network of
Figure 15-4). This is a vector-to-sequence network. For example, the input could be an
image (or the output of a CNN), and the output could be a caption for that image.

Lastly, you could have a sequence-to-vector network, called an encoder, followed by a
vector-to-sequence network, called a decoder (see the bottom-right network of
Figure 15-4). For example, this could be used for translating a sentence from one lan‐
guage to another. You would feed the network a sentence in one language, the
encoder would convert this sentence into a single vector representation, and then the
decoder would decode this vector into a sentence in another language. This two-step
model, called an Encoder–Decoder, works much better than trying to translate on the
fly with a single sequence-to-sequence RNN (like the one represented at the top left):
the last words of a sentence can affect the first words of the translation, so you need
to wait until you have seen the whole sentence before translating it. We will see how
to implement an Encoder–Decoder in Chapter 16 (as we will see, it is a bit more com‐
plex than in Figure 15-4 suggests).
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Figure 15-4. Seq-to-seq (top lef), seq-to-vector (top right), vector-to-seq (bottom lef),
and Encoder–Decoder (bottom right) networks

Sounds promising, but how do you train a recurrent neural network?

Training RNNs
To train an RNN, the trick is to unroll it through time (like we just did) and then
simply use regular backpropagation (see Figure 15-5). This strategy is called backpro‐
pagation through time (BPTT).

Just like in regular backpropagation, there is a first forward pass through the unrolled
network (represented by the dashed arrows). Then the output sequence is evaluated
using a cost function C(Y(0), Y(1), …Y(T)) (where T is the max time step). Note that this
cost function may ignore some outputs, as shown in Figure 15-5 (for example, in a
sequence-to-vector RNN, all outputs are ignored except for the very last one). The
gradients of that cost function are then propagated backward through the unrolled
network (represented by the solid arrows). Finally the model parameters are updated
using the gradients computed during BPTT. Note that the gradients flow backward
through all the outputs used by the cost function, not just through the final output
(for example, in Figure 15-5 the cost function is computed using the last three out‐
puts of the network, Y(2), Y(3), and Y(4), so gradients flow through these three outputs,

502 | Chapter 15: Processing Sequences Using RNNs and CNNs



6 A character from the animated movies Finding Nemo and Finding Dory who has short-term memory loss.
7 Sepp Hochreiter and Jürgen Schmidhuber, “Long Short-Term Memory,” Neural Computation 9, no. 8 (1997):

1735–1780.

8 Haşim Sak et al., “Long Short-Term Memory Based Recurrent Neural Network Architectures for Large
Vocabulary Speech Recognition,” arXiv preprint arXiv:1402.1128 (2014).

9 Wojciech Zaremba et al., “Recurrent Neural Network Regularization,” arXiv preprint arXiv:1409.2329 (2014).

by the activation function. Finally, it returns the outputs twice (once as the outputs,
and once as the new hidden states). To use this custom cell, all we need to do is create
a keras.layers.RNN layer, passing it a cell instance:

model = keras.models.Sequential([
    keras.layers.RNN(LNSimpleRNNCell(20), return_sequences=True,
                     input_shape=[None, 1]),
    keras.layers.RNN(LNSimpleRNNCell(20), return_sequences=True),
    keras.layers.TimeDistributed(keras.layers.Dense(10))
])

Similarly, you could create a custom cell to apply dropout between each time step. But
there’s a simpler way: all recurrent layers (except for keras.layers.RNN) and all cells
provided by Keras have a dropout hyperparameter and a recurrent_dropout hyper‐
parameter: the former defines the dropout rate to apply to the inputs (at each time
step), and the latter defines the dropout rate for the hidden states (also at each time
step). No need to create a custom cell to apply dropout at each time step in an RNN.

With these techniques, you can alleviate the unstable gradients problem and train an
RNN much more efficiently. Now let’s look at how to deal with the short-term mem‐
ory problem.

Tackling the Short-Term Memory Problem
Due to the transformations that the data goes through when traversing an RNN,
some information is lost at each time step. After a while, the RNN’s state contains vir‐
tually no trace of the first inputs. This can be a showstopper. Imagine Dory the fish6

trying to translate a long sentence; by the time she’s finished reading it, she has no
clue how it started. To tackle this problem, various types of cells with long-term
memory have been introduced. They have proven so successful that the basic cells are
not used much anymore. Let’s first look at the most popular of these long-term mem‐
ory cells: the LSTM cell.

LSTM cells
The Long Short-Term Memory (LSTM) cell was proposed in 19977 by Sepp Hochreiter
and Jürgen Schmidhuber and gradually improved over the years by several research‐
ers, such as Alex Graves, Haşim Sak,8 and Wojciech Zaremba.9 If you consider the
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LSTM cell as a black box, it can be used very much like a basic cell, except it will per‐
form much better; training will converge faster, and it will detect long-term depen‐
dencies in the data. In Keras, you can simply use the LSTM layer instead of the
SimpleRNN layer:

model = keras.models.Sequential([
    keras.layers.LSTM(20, return_sequences=True, input_shape=[None, 1]),
    keras.layers.LSTM(20, return_sequences=True),
    keras.layers.TimeDistributed(keras.layers.Dense(10))
])

Alternatively, you could use the general-purpose keras.layers.RNN layer, giving it an
LSTMCell as an argument:

model = keras.models.Sequential([
    keras.layers.RNN(keras.layers.LSTMCell(20), return_sequences=True,
                     input_shape=[None, 1]),
    keras.layers.RNN(keras.layers.LSTMCell(20), return_sequences=True),
    keras.layers.TimeDistributed(keras.layers.Dense(10))
])

However, the LSTM layer uses an optimized implementation when running on a GPU
(see Chapter 19), so in general it is preferable to use it (the RNN layer is mostly useful
when you define custom cells, as we did earlier).

So how does an LSTM cell work? Its architecture is shown in Figure 15-9.

If you don’t look at what’s inside the box, the LSTM cell looks exactly like a regular
cell, except that its state is split into two vectors: h(t) and c(t) (“c” stands for “cell”). You
can think of h(t) as the short-term state and c(t) as the long-term state.
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Figure 15-9. LSTM cell

Now let’s open the box! The key idea is that the network can learn what to store in the
long-term state, what to throw away, and what to read from it. As the long-term state
c(t–1) traverses the network from left to right, you can see that it first goes through a
forget gate, dropping some memories, and then it adds some new memories via the
addition operation (which adds the memories that were selected by an input gate).
The result c(t) is sent straight out, without any further transformation. So, at each time
step, some memories are dropped and some memories are added. Moreover, after the
addition operation, the long-term state is copied and passed through the tanh func‐
tion, and then the result is filtered by the output gate. This produces the short-term
state h(t) (which is equal to the cell’s output for this time step, y(t)). Now let’s look at
where new memories come from and how the gates work.

First, the current input vector x(t) and the previous short-term state h(t–1) are fed to
four different fully connected layers. They all serve a different purpose:

• The main layer is the one that outputs g(t). It has the usual role of analyzing the
current inputs x(t) and the previous (short-term) state h(t–1). In a basic cell, there is
nothing other than this layer, and its output goes straight out to y(t) and h(t). In
contrast, in an LSTM cell this layer’s output does not go straight out, but instead
its most important parts are stored in the long-term state (and the rest is
dropped).

• The three other layers are gate controllers. Since they use the logistic activation
function, their outputs range from 0 to 1. As you can see, their outputs are fed to
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element-wise multiplication operations, so if they output 0s they close the gate,
and if they output 1s they open it. Specifically:
— The forget gate (controlled by f(t)) controls which parts of the long-term state

should be erased.
— The input gate (controlled by i(t)) controls which parts of g(t) should be added

to the long-term state.
— Finally, the output gate (controlled by o(t)) controls which parts of the long-

term state should be read and output at this time step, both to h(t) and to y(t).

In short, an LSTM cell can learn to recognize an important input (that’s the role of the
input gate), store it in the long-term state, preserve it for as long as it is needed (that’s
the role of the forget gate), and extract it whenever it is needed. This explains why
these cells have been amazingly successful at capturing long-term patterns in time
series, long texts, audio recordings, and more.

Equation 15-3 summarizes how to compute the cell’s long-term state, its short-term
state, and its output at each time step for a single instance (the equations for a whole
mini-batch are very similar).

Equation 15-3. LSTM computations

i t = σ Wxi
⊺x t + Whi

⊺h t − 1 + bi

f t = σ Wx f
⊺x t + Wh f

⊺h t − 1 + b f

o t = σ Wxo
⊺x t + Who

⊺h t − 1 + bo

g t = tanh Wxg
⊺x t + Whg

⊺h t − 1 + bg

c t = f t ⊗ c t − 1 + i t ⊗ g t

y t = h t = o t ⊗ tanh c t

In this equation:

• Wxi, Wxf, Wxo, Wxg are the weight matrices of each of the four layers for their con‐
nection to the input vector x(t).

• Whi, Whf, Who, and Whg are the weight matrices of each of the four layers for their
connection to the previous short-term state h(t–1).

• bi, bf, bo, and bg are the bias terms for each of the four layers. Note that Tensor‐
Flow initializes bf to a vector full of 1s instead of 0s. This prevents forgetting
everything at the beginning of training.
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10 F. A. Gers and J. Schmidhuber, “Recurrent Nets That Time and Count,” Proceedings of the IEEE-INNS-ENNS
International Joint Conference on Neural Networks (2000): 189–194.

11 Kyunghyun Cho et al., “Learning Phrase Representations Using RNN Encoder-Decoder for Statistical
Machine Translation,” Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing
(2014): 1724–1734.

Peephole connections
In a regular LSTM cell, the gate controllers can look only at the input x(t) and the pre‐
vious short-term state h(t–1). It may be a good idea to give them a bit more context by
letting them peek at the long-term state as well. This idea was proposed by Felix Gers
and Jürgen Schmidhuber in 2000.10 They proposed an LSTM variant with extra con‐
nections called peephole connections: the previous long-term state c(t–1) is added as an
input to the controllers of the forget gate and the input gate, and the current long-
term state c(t) is added as input to the controller of the output gate. This often
improves performance, but not always, and there is no clear pattern for which tasks
are better off with or without them: you will have to try it on your task and see if it
helps.

In Keras, the LSTM layer is based on the keras.layers.LSTMCell cell, which does not
support peepholes. The experimental tf.keras.experimental.PeepholeLSTMCell
does, however, so you can create a keras.layers.RNN layer and pass a PeepholeLSTM
Cell to its constructor.

There are many other variants of the LSTM cell. One particularly popular variant is
the GRU cell, which we will look at now.

GRU cells
The Gated Recurrent Unit (GRU) cell (see Figure 15-10) was proposed by Kyunghyun
Cho et al. in a 2014 paper11 that also introduced the Encoder–Decoder network we
discussed earlier.
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12 A 2015 paper by Klaus Greff et al., “LSTM: A Search Space Odyssey”, seems to show that all LSTM variants
perform roughly the same.

Figure 15-10. GRU cell

The GRU cell is a simplified version of the LSTM cell, and it seems to perform just as
well12 (which explains its growing popularity). These are the main simplifications:

• Both state vectors are merged into a single vector h(t).
• A single gate controller z(t) controls both the forget gate and the input gate. If the

gate controller outputs a 1, the forget gate is open (= 1) and the input gate is
closed (1 – 1 = 0). If it outputs a 0, the opposite happens. In other words, when‐
ever a memory must be stored, the location where it will be stored is erased first.
This is actually a frequent variant to the LSTM cell in and of itself.

• There is no output gate; the full state vector is output at every time step. How‐
ever, there is a new gate controller r(t) that controls which part of the previous
state will be shown to the main layer (g(t)).
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Equation 15-4 summarizes how to compute the cell’s state at each time step for a sin‐
gle instance.

Equation 15-4. GRU computations

z t = σ Wxz
⊺x t + Whz

⊺h t − 1 + bz

r t = σ Wxr
⊺x t + Whr

⊺h t − 1 + br

g t = tanh Wxg
⊺x t + Whg

⊺ r t ⊗ h t − 1 + bg

h t = z t ⊗ h t − 1 + 1 − z t ⊗ g t

Keras provides a keras.layers.GRU layer (based on the keras.layers.GRUCell
memory cell); using it is just a matter of replacing SimpleRNN or LSTM with GRU.

LSTM and GRU cells are one of the main reasons behind the success of RNNs. Yet
while they can tackle much longer sequences than simple RNNs, they still have a
fairly limited short-term memory, and they have a hard time learning long-term pat‐
terns in sequences of 100 time steps or more, such as audio samples, long time series,
or long sentences. One way to solve this is to shorten the input sequences, for exam‐
ple using 1D convolutional layers.

Using 1D convolutional layers to process sequences
In Chapter 14, we saw that a 2D convolutional layer works by sliding several fairly
small kernels (or filters) across an image, producing multiple 2D feature maps (one
per kernel). Similarly, a 1D convolutional layer slides several kernels across a
sequence, producing a 1D feature map per kernel. Each kernel will learn to detect a
single very short sequential pattern (no longer than the kernel size). If you use 10 ker‐
nels, then the layer’s output will be composed of 10 1-dimensional sequences (all of
the same length), or equivalently you can view this output as a single 10-dimensional
sequence. This means that you can build a neural network composed of a mix of
recurrent layers and 1D convolutional layers (or even 1D pooling layers). If you use a
1D convolutional layer with a stride of 1 and "same" padding, then the output
sequence will have the same length as the input sequence. But if you use "valid"
padding or a stride greater than 1, then the output sequence will be shorter than the
input sequence, so make sure you adjust the targets accordingly. For example, the fol‐
lowing model is the same as earlier, except it starts with a 1D convolutional layer that
downsamples the input sequence by a factor of 2, using a stride of 2. The kernel size is
larger than the stride, so all inputs will be used to compute the layer’s output, and
therefore the model can learn to preserve the useful information, dropping only the
unimportant details. By shortening the sequences, the convolutional layer may help
the GRU layers detect longer patterns. Note that we must also crop off the first three
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