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CHAPTER

9 Sequence Processing with
Recurrent Networks

Time will explain.
Jane Austen, Persuasion

Language is an inherently temporal phenomenon. When we comprehend and pro-
duce spoken language, we are processing continuous input streams of indefinite
length. And even when dealing with written text we normally process it sequen-
tially, even though we in principle have arbitrary access to all the elements at once.
The temporal nature of language is reflected in the metaphors we use; we talk of
the flow of conversations, news feeds, and twitter streams, all of which call out the
notion that language is a sequence that unfolds in time. This temporal nature is also
reflected in the algorithms we use to process language. When applied to the problem
of part-of-speech tagging, the Viterbi algorithm works its way incrementally through
its input a word at a time, taking into account information gleaned along the way.
The syntactic parsing algorithms we cover in Chapters 11, 12, and 13 operate in a
similar fashion.

In contrast, the machine learning approaches we’ve studied for sentiment analy-
sis and other classification tasks do not have this temporal nature. These approaches
have simultaneous access to all aspects of their input. This is certainly true of feed-
forward neural networks, including their application to neural language models.
Such networks employ fixed-size input vectors with associated weights to capture
all relevant aspects of an example at once. This makes it difficult to deal with se-
quences of varying length, and they fail to capture important temporal aspects of
language.

We saw one work-around for these problems with the case of neural language
models. These models operate by accepting fixed-sized windows of tokens as input;
sequences longer than the window size are processed by sliding windows over the
input making predictions as they go, with the end result being a sequence of pre-
dictions spanning the input. Importantly, the decision made for one window has no
impact on later decisions. Fig. 9.1, reproduced here from Chapter 7, illustrates this
approach with a window of size 3. Here, we’re predicting which word will come
next given the window the ground there. Subsequent words are predicted by sliding
the window forward one word at a time.

The sliding window approach is problematic for a number of reasons. First, it
shares the primary weakness of Markov approaches in that it limits the context from
which information can be extracted; anything outside the context window has no
impact on the decision being made. This is an issue since there are many language
tasks that require access to information that can be arbitrarily distant from the point
at which processing is happening. Second, the use of windows makes it difficult for
networks to learn systematic patterns arising from phenomena like constituency. For
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Figure 9.1 A simplified view of a feedforward neural language model moving through a text. At each time
step t the network takes the 3 context words, converts each to a d-dimensional embedding, and concatenates the
3 embeddings together to get the 1×Nd unit input layer x for the network.

example, in Fig. 9.1 the noun phrase the ground appears in two separate windows:
once, as shown, in the first and second positions in the window, and in the preceding
step where it appears in the second and third positions, thus forcing the network to
learn two separate patterns for what should be a constituent.

The subject of this chapter is recurrent neural networks, a class of networksrecurrent
neural networks

designed to address these challenges by dealing directly with the temporal aspect of
language, allowing us to handle variable length inputs without the use of arbitrary
fixed-sized windows, and providing the means to capture and exploit the temporal
nature of language.

9.1 Simple Recurrent Neural Networks

A recurrent neural network (RNN) is any network that contains a cycle within its
network connections. That is, any network where the value of a unit is directly, or
indirectly, dependent on earlier outputs as an input. While powerful, such networks
are difficult to reason about and to train. However, within the general class of recur-
rent networks there are constrained architectures that have proven to be extremely
effective when applied to spoken and written language. In this section, we consider a
class of recurrent networks referred to as Elman Networks (Elman, 1990) or simpleElman

Networks
recurrent networks. These networks are useful in their own right and serve as the
basis for more complex approaches to be discussed later in this chapter and again in
Chapter 10 and Chapter 11. Going forward, when we use the term RNN we’ll be
referring to these simpler more constrained networks.

Fig. 9.2 illustrates the structure of a simple RNN. As with ordinary feedforward
networks, an input vector representing the current input element, xt , is multiplied by
a weight matrix and then passed through an activation function to compute an activa-
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Figure 9.2 Simple recurrent neural network after Elman (Elman, 1990). The hidden layer
includes a recurrent connection as part of its input. That is, the activation value of the hidden
layer depends on the current input as well as the activation value of the hidden layer from the
previous time step.

tion value for a layer of hidden units. This hidden layer is, in turn, used to calculate
a corresponding output, yt . In a departure from our earlier window-based approach,
sequences are processed by presenting one element at a time to the network. The
key difference from a feedforward network lies in the recurrent link shown in the
figure with the dashed line. This link augments the input to the computation at the
hidden layer with the activation value of the hidden layer from the preceding point
in time.

The hidden layer from the previous time step provides a form of memory, or
context, that encodes earlier processing and informs the decisions to be made at
later points in time. Critically, this architecture does not impose a fixed-length limit
on this prior context; the context embodied in the previous hidden layer includes
information extending back to the beginning of the sequence.

Adding this temporal dimension may make RNNs appear to be more exotic than
non-recurrent architectures. But in reality, they’re not all that different. Given an
input vector and the values for the hidden layer from the previous time step, we’re
still performing the standard feedforward calculation. To see this, consider Fig. 9.3
which clarifies the nature of the recurrence and how it factors into the computation
at the hidden layer. The most significant change lies in the new set of weights,
U , that connect the hidden layer from the previous time step to the current hidden
layer. These weights determine how the network should make use of past context in
calculating the output for the current input. As with the other weights in the network,
these connections are trained via backpropagation.

9.1.1 Inference in Simple RNNs

Forward inference (mapping a sequence of inputs to a sequence of outputs) in an
RNN is nearly identical to what we’ve already seen with feedforward networks. To
compute an output yt for an input xt , we need the activation value for the hidden
layer ht . To calculate this, we multiply the input xt with the weight matrix W , and
the hidden layer from the previous time step ht−1 with the weight matrix U . We
add these values together and pass them through a suitable activation function, g,
to arrive at the activation value for the current hidden layer, ht . Once we have the
values for the hidden layer, we proceed with the usual computation to generate the
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Figure 9.3 Simple recurrent neural network illustrated as a feedforward network.

output vector.

ht = g(Uht−1 +Wxt)

yt = f (V ht)

In the commonly encountered case of soft classification, computing yt consists of
a softmax computation that provides a normalized probability distribution over the
possible output classes.

yt = softmax(V ht)

The fact that the computation at time t requires the value of the hidden layer
from time t−1 mandates an incremental inference algorithm that proceeds from the
start of the sequence to the end as illustrated in Fig. 9.4. The sequential nature of
simple recurrent networks can also be seen by unrolling the network in time as is
shown in Fig. 9.5. In this figure, the various layers of units are copied for each time
step to illustrate that they will have differing values over time. However, the various
weight matrices are shared across time.

function FORWARDRNN(x, network) returns output sequence y

h0←0
for i←1 to LENGTH(x) do

hi←g(U hi−1 + W xi)
yi← f (V hi)

return y

Figure 9.4 Forward inference in a simple recurrent network. The matrices U , V and W are
shared across time, while new values for h and y are calculated with each time step.

9.1.2 Training
As with feedforward networks, we’ll use a training set, a loss function, and back-
propagation to obtain the gradients needed to adjust the weights in these recurrent
networks. As shown in Fig. 9.3, we now have 3 sets of weights to update: W , the
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Figure 9.5 A simple recurrent neural network shown unrolled in time. Network layers are copied for each
time step, while the weights U , V and W are shared in common across all time steps.

weights from the input layer to the hidden layer, U , the weights from the previous
hidden layer to the current hidden layer, and finally V , the weights from the hidden
layer to the output layer.

Before going on, let’s first review some of the notation that we introduced in
Chapter 7. Assuming a network with an input layer x and a non-linear activation
function g, a[i] refers to the activation value from a layer i, which is the result of
applying g to z[i], the weighted sum of the inputs to that layer.

Fig. 9.5 illustrates two considerations that we didn’t have to worry about with
backpropagation in feedforward networks. First, to compute the loss function for
the output at time t we need the hidden layer from time t− 1. Second, the hidden
layer at time t influences both the output at time t and the hidden layer at time t +1
(and hence the output and loss at t +1). It follows from this that to assess the error
accruing to ht , we’ll need to know its influence on both the current output as well as
the ones that follow.

Consider the situation where we are examining an input/output pair at time 2 as
shown in Fig. 9.6. What do we need to compute the gradients required to update
the weights U , V , and W here? Let’s start by reviewing how we compute the gra-
dients required to update V since this computation is unchanged from feedforward
networks. To review from Chapter 7, we need to compute the derivative of the loss
function L with respect to the weights V . However, since the loss is not expressed
directly in terms of the weights, we apply the chain rule to get there indirectly.

∂L
∂V

=
∂L
∂a

∂a
∂ z

∂ z
∂V

The first term on the right is the derivative of the loss function with respect to
the network output, a. The second term is the derivative of the network output with
respect to the intermediate network activation z, which is a function of the activation
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function g. The final term in our application of the chain rule is the derivative of the
network activation with respect to the weights V , which is the activation value of the
current hidden layer ht .

It’s useful here to use the first two terms to define δ , an error term that represents
how much of the scalar loss is attributable to each of the units in the output layer.

δout =
∂L
∂a

∂a
∂ z

(9.1)

δout = L′g′(z) (9.2)

Therefore, the final gradient we need to update the weight matrix V is just:

∂L
∂V

= δoutht (9.3)
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Figure 9.6 The backpropagation of errors in a simple RNN ti vectors represent the targets for each element
of the sequence from the training data. The red arrows illustrate the flow of backpropagated errors required to
calculate the gradients for U , V and W at time 2. The two incoming arrows converging on h2 signal that these
errors need to be summed.

Moving on, we need to compute the corresponding gradients for the weight ma-
trices W and U : ∂L

∂W and ∂L
∂U . Here we encounter the first substantive change from

feedforward networks. The hidden state at time t contributes to the output and asso-
ciated error at time t and to the output and error at the next time step, t+1. Therefore,
the error term, δh, for the hidden layer must be the sum of the error term from the
current output and its error from the next time step.

δh = g′(z)V δout +δnext

Given this total error term for the hidden layer, we can compute the gradients for
the weights U and W using the chain rule as we did in Chapter 7.
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These gradients provide us with the information needed to update the matrices U
and W .

We’re not quite done yet, we still need to assign proportional blame (compute
the error term) back to the previous hidden layer ht−1 for use in further processing.
This involves backpropagating the error from δh to ht−1 proportionally based on the
weights in U .

δnext = g′(z)Uδh (9.4)

At this point we have all the gradients needed to perform weight updates for each of
our three sets of weights. Note that in this simple case there is no need to backprop-
agate the error through W to the input x, since the input training data is assumed to
be fixed. If we wished to update our input word or character embeddings we would
backpropagate the error through to them as well.

Taken together, all of these considerations lead to a two-pass algorithm for train-
ing the weights in RNNs. In the first pass, we perform forward inference, computing
ht , yt , and accumulating the loss at each step in time, saving the value of the hidden
layer at each step for use at the next time step. In the second phase, we process the
sequence in reverse, computing the required error terms gradients as we go, comput-
ing and saving the error term for use in the hidden layer for each step backward in
time. This general approach is commonly referred to as Backpropagation Through
Time (Werbos 1974, Rumelhart et al. 1986a, Werbos 1990).

Backpropaga-
tion Through

Time

9.1.3 Unrolled Networks as Computation Graphs
We used the unrolled network shown in Fig. 9.5 as a way to illustrate the tem-
poral nature of RNNs. However, with modern computational frameworks and ad-
equate computing resources, explicitly unrolling a recurrent network into a deep
feedforward computational graph is quite practical for word-by-word approaches to
sentence-level processing. In such an approach, we provide a template that speci-
fies the basic structure of the network, including all the necessary parameters for the
input, output, and hidden layers, the weight matrices, as well as the activation and
output functions to be used. Then, when presented with a particular input sequence,
we can generate an unrolled feedforward network specific to that input, and use that
graph to perform forward inference or training via ordinary backpropagation.

For applications that involve much longer input sequences, such as speech recog-
nition, character-by-character sentence processing, or streaming of continuous in-
puts, unrolling an entire input sequence may not be feasible. In these cases, we can
unroll the input into manageable fixed-length segments and treat each segment as a
distinct training item.
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9.2 Applications of Recurrent Neural Networks

Recurrent neural networks have proven to be an effective approach to language mod-
eling, sequence labeling tasks such as part-of-speech tagging, as well as sequence
classification tasks such as sentiment analysis and topic classification. And as we’ll
see in Chapter 10 and Chapter 11, they form the basis for sequence-to-sequence
approaches to summarization, machine translation, and question answering.

9.2.1 Recurrent Neural Language Models
We’ve already seen two ways to create probabilistic language models: N-gram mod-
els and feedforward networks with sliding windows. Given a fixed preceding con-
text, both attempt to predict the next word in a sequence. More formally, they com-
pute the conditional probability of the next word in a sequence given the preceding
words, P(wn|wn−1

1 ).
In both approaches, the quality of a model is largely dependent on the size of

the context and how effectively the model makes use of it. Thus, both N-gram and
sliding-window neural networks are constrained by the Markov assumption embod-
ied in the following equation.

P(wn|wn−1
1 )≈ P(wn|wn−1

n−N+1) (9.5)

That is, anything outside the preceding context of size N has no bearing on the
computation.

Recurrent neural language models process sequences a word at a time attempting
to predict the next word in a sequence by using the current word and the previous
hidden state as input (Mikolov et al., 2010). Thus, the limited context constraint
inherent in both N-gram models and sliding window approaches is avoided since the
hidden state embodies information about all of the preceding words all the way back
to the beginning of the sequence.

Forward inference in a recurrent language model proceeds as described in Sec-
tion 9.1.1. At each step the network retrieves a word embedding for the current word
as input and combines it with the hidden layer from the previous step to compute a
new hidden layer. This hidden layer is then used to generate an output layer which is
passed through a softmax layer to generate a probability distribution over the entire
vocabulary.

P(wn|wn−1
1 ) = yn (9.6)

= softmax(V hn) (9.7)

The probability of an entire sequence is then just the product of the probabilities of
each item in the sequence.

P(wn
1) =

n∏

k=1

P(wk|wk−1
1 ) (9.8)

=

n∏

k=1

yk (9.9)
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As with the approach introduced in Chapter 7, to train such a model we use a
corpus of representative text as training material. The task is to predict the next word
in a sequence given the previous words, using cross-entropy as the loss function.
Recall that the cross-entropy loss for a single example is the negative log probability
assigned to the correct class, which is the result of applying a softmax to the final
output layer.

LCE(ŷ,y) = − log ŷi (9.10)

= − log
ezi

∑K
j=1 ez j

(9.11)

Here, the correct class i is the word that actually comes next in the data and yi is
the probability assigned to that word, and the softmax is over the entire vocabulary,
which has size K. The weights in the network are adjusted to minimize the cross-
entropy loss over the training set via gradient descent.

Generation with Neural Language Models

As we saw with the probabilistic Shakespeare generator in Chapter 3, a fun way to
gain insight into a language model is to use Shannon’s method (Shannon, 1951) to
generate random sentences. The procedure is basically the same as that described
on ??.
• To begin, sample the first word in the output from the softmax distribution that

results from using the beginning of sentence marker, <s>, as the first input.
• Use the word embedding for that first word as the input to the network at the

next time step, and then sample the next word in the same fashion.
• Continue generating until the end of sentence marker, </s>, is sampled or a

fixed length limit is reached.
This technique is called autoregressive generation since the word generated at theautoregressive

generation
each time step is conditioned on the word generated by the network at the previous
step. Fig. 9.7 illustrates this approach. In this figure, the details of the RNN’s hidden
layers and recurrent connections are hidden within the blue block.

While this is an entertaining exercise, this architecture has inspired state-of-
the-art approaches to applications such as machine translation, summarization, and
question answering. The key to these approaches is to prime the generation compo-
nent with an appropriate context. That is, instead of simply using <s> to get things
started we can provide a richer task-appropriate context. We’ll return to these more
advanced applications in Chapter 10, where we discuss encoder-decoder networks.

Finally, as we did with Shakespeare, we can move beyond informally assessing
the quality of generated output by using perplexity to objectively compare the output
to a held-out sample of the training corpus.

PP(W ) = N

√√√√
N∏

i=1

1
P(wi|wi−1)

(9.12)

The lower the perplexity, the better the model.

9.2.2 Sequence Labeling
In sequence labeling, the network’s task is to assign a label chosen from a small
fixed set of labels to each element of a sequence. The canonical example of such a



10 CHAPTER 9 • SEQUENCE PROCESSING WITH RECURRENT NETWORKS

In a

<s>

RNN

hole

In a hole

?Sampled Word

Softmax

Embedding

Input Word

Figure 9.7 Autoregressive generation with an RNN-based neural language model.

task is part-of-speech tagging, discussed in detail in Chapter 8. In an RNN approach
to POS tagging, inputs are word embeddings and the outputs are tag probabilities
generated by a softmax layer over the tagset, as illustrated in Fig. 9.8.

In this figure, the inputs at each time step are pre-trained word embeddings cor-
responding to the input tokens. The RNN block is an abstraction that represents
an unrolled simple recurrent network consisting of an input layer, hidden layer, and
output layer at each time step, as well as the shared U , V and W weight matrices that
comprise the network. The outputs of the network at each time step represent the
distribution over the POS tagset generated by a softmax layer.

To generate a tag sequence for a given input, we can run forward inference over
the input sequence and select the most likely tag from the softmax at each step. Since
we’re using a softmax layer to generate the probability distribution over the output

Janet will back

RNN

the bill

Figure 9.8 Part-of-speech tagging as sequence labeling with a simple RNN. Pre-trained
word embeddings serve as inputs and a softmax layer provides a probability distribution over
the part-of-speech tags as output at each time step.
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tagset at each time step, we will again employ the cross-entropy loss during training.
A closely related, and extremely useful, application of sequence labeling is to

find and classify spans of text that correspond to concepts of interest in some task
domain. One example of such a task is named entity recognition — the prob-named entity

recognition
lem of finding all the spans in a text that correspond to names of people, places or
organizations (a problem we’ll study in more detail in Chapter 18).

To use sequence labeling for a span-recognition problem, we’ll use a technique
called IOB encoding (Ramshaw and Marcus, 1995). In its simplest form, we label
any token that begins a span of interest with the label B, tokens that occur inside a
span are tagged with an I, and any tokens outside of any span of interest are labeled
O. Consider the following example:

(9.13) United
B

cancelled
O

the
O

flight
O

from
O

Denver
B

to
O

San
B

Francisco.
I

Here, the spans of interest are United, Denver and San Francisco.
In applications where we are interested in more than one class of entity (e.g.,

finding and distinguishing names of people, locations, or organizations), we can
specialize the B and I tags to represent each of the more specific classes, thus ex-
panding the tagset from 3 tags to 2∗N +1, where N is the number of classes we’re
interested in. Applying this approach to the previous example results in the follow-
ing encoding.

(9.14) United
B-ORG

cancelled
O

the
O

flight
O

from
O

Denver
B-LOC

to
O

San
B-LOC

Francisco.
I-LOC

Given such an encoding, we’ve reduced the span recognition task to a per-word
labeling task where the inputs are our usual word embeddings and the output consists
of a sequence of softmax distributions over the tags at each point in the sequence.

Yet another application of sequence labeling is to the problem of structure pre-
diction. Here the task is to take an input sequence and produce some kind of struc-structure

prediction
tured output, such as a parse tree or meaning representation. One way to model
problems like this is to learn a sequence of actions, or operators, which when exe-
cuted would produce the desired structure. Therefore, instead of predicting a label
for each element of an input sequence, the network is trained to select a sequence of
actions, which when executed in sequence produce the desired output. The clearest
example of this approach is transition-based parsing which borrows the shift-reduce
paradigm from compiler construction. We’ll return to this application in Chapter 15
when we take up dependency parsing.

Viterbi and Conditional Random Fields (CRFs)

As we saw when we applied logistic regression to part-of-speech tagging, choosing
the maximum probability label for each element in a sequence independently does
not necessarily result in an optimal (or even very good) sequence of tags. In the case
of IOB tagging, it doesn’t even guarantee that the resulting sequence will be well-
formed. For example, nothing in approach described in the last section prevents an
output sequence from containing an I following an O, even though such a transition
is illegal. Similarly, when dealing with multiple classes nothing would prevent an
I-LOC tag from following a B-PER tag.

One solution to this problem is to combine the sequence of outputs from a re-
current network with an output-level language model as discussed in Chapter 8. We
can then use a variant of the Viterbi algorithm to select the most likely tag sequence.
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This approach is usually implemented by adding a CRF (Lample et al., 2016) layer
as the final layer of recurrent network.

9.2.3 RNNs for Sequence Classification
Another use of RNNs is to classify entire sequences rather than the tokens within
them. We’ve already encountered this task in Chapter 4 with our discussion of sen-
timent analysis. Other examples include document-level topic classification, spam
detection, message routing for customer service applications, and deception detec-
tion. In all of these applications, sequences of text are classified as belonging to one
of a small number of categories.

To apply RNNs in this setting, the text to be classified is passed through the RNN
a word at a time generating a new hidden layer at each time step. The hidden layer
for the final element of the text, hn, is taken to constitute a compressed representation
of the entire sequence. In the simplest approach to classification, hn, serves as the
input to a subsequent feedforward network that chooses a class via a softmax over
the possible classes. Fig. 9.9 illustrates this approach.

x1 x2 x3 xn

RNN

hn

Softmax

Figure 9.9 Sequence classification using a simple RNN combined with a feedforward net-
work. The final hidden state from the RNN is used as the input to a feedforward network that
performs the classification.

Note that in this approach there are no intermediate outputs for the words in
the sequence preceding the last element. Therefore, there are no loss terms associ-
ated with those elements. Instead, the loss function used to train the weights in the
network is based entirely on the final text classification task. Specifically, the out-
put from the softmax output from the feedforward classifier together with a cross-
entropy loss drives the training. The error signal from the classification is backprop-
agated all the way through the weights in the feedforward classifier through, to its
input, and then through to the three sets of weights in the RNN as described earlier
in Section 9.1.2. This combination of a simple recurrent network with a feedforward
classifier is our first example of a deep neural network. And the training regimen
that uses the loss from a downstream application to adjust the weights all the way
through the network is referred to as end-to-end training.end-to-end

training
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9.3 Deep Networks: Stacked and Bidirectional RNNs

As suggested by the sequence classification architecture shown in Fig. 9.9, recurrent
networks are quite flexible. By combining the feedforward nature of unrolled com-
putational graphs with vectors as common inputs and outputs, complex networks
can be treated as modules that can be combined in creative ways. This section intro-
duces two of the more common network architectures used in language processing
with RNNs.

9.3.1 Stacked RNNs
In our examples thus far, the inputs to our RNNs have consisted of sequences of
word or character embeddings (vectors) and the outputs have been vectors useful for
predicting words, tags or sequence labels. However, nothing prevents us from using
the entire sequence of outputs from one RNN as an input sequence to another one.
Stacked RNNs consist of multiple networks where the output of one layer serves asStacked RNNs

the input to a subsequent layer, as shown in Fig. 9.10.

y1 y2 y3
yn

x1 x2 x3 xn

RNN 1

RNN 3

RNN 2

Figure 9.10 Stacked recurrent networks. The output of a lower level serves as the input to
higher levels with the output of the last network serving as the final output.

It has been demonstrated across numerous tasks that stacked RNNs can outper-
form single-layer networks. One reason for this success has to do with the network’s
ability to induce representations at differing levels of abstraction across layers. Just
as the early stages of the human visual system detect edges that are then used for
finding larger regions and shapes, the initial layers of stacked networks can induce
representations that serve as useful abstractions for further layers — representations
that might prove difficult to induce in a single RNN.

The optimal number of stacked RNNs is specific to each application and to each
training set. However, as the number of stacks is increased the training costs rise
quickly.
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9.3.2 Bidirectional RNNs
In a simple recurrent network, the hidden state at a given time t represents everything
the network knows about the sequence up to that point in the sequence. That is, the
hidden state at time t is the result of a function of the inputs from the start up through
time t. We can think of this as the context of the network to the left of the current
time.

h f
t = RNNforward(xt

1)

Where h f
t corresponds to the normal hidden state at time t, and represents everything

the network has gleaned from the sequence to that point.
In many applications we have access to the entire input sequence all at once. We

might ask whether it is helpful to take advantage of the context to the right of the
current input as well. One way to recover such information is to train an RNN on an
input sequence in reverse, using exactly the same kind of networks that we’ve been
discussing. With this approach, the hidden state at time t now represents information
about the sequence to the right of the current input.

hb
t = RNNbackward(xn

t )

Here, the hidden state hb
t represents all the information we have discerned about the

sequence from t to the end of the sequence.
Combining the forward and backward networks results in a bidirectional RNN(Schusterbidirectional

RNN
and Paliwal, 1997). A Bi-RNN consists of two independent RNNs, one where the
input is processed from the start to the end, and the other from the end to the start.
We then combine the outputs of the two networks into a single representation that
captures both the left and right contexts of an input at each point in time.

ht = h f
t ⊕hb

t

Fig. 9.11 illustrates a bidirectional network where the outputs of the forward and
backward pass are concatenated. Other simple ways to combine the forward and
backward contexts include element-wise addition or multiplication. The output at
each step in time thus captures information to the left and to the right of the current
input. In sequence labeling applications, these concatenated outputs can serve as the
basis for a local labeling decision.

Bidirectional RNNs have also proven to be quite effective for sequence classi-
fication. Recall from Fig. 9.10, that for sequence classification we used the final
hidden state of the RNN as the input to a subsequent feedforward classifier. A dif-
ficulty with this approach is that the final state naturally reflects more information
about the end of the sentence than its beginning. Bidirectional RNNs provide a
simple solution to this problem; as shown in Fig. 9.12, we simply combine the final
hidden states from the forward and backward passes and use that as input for follow-
on processing. Again, concatenation is a common approach to combining the two
outputs but element-wise summation, multiplication or averaging are also used.

9.4 Managing Context in RNNs: LSTMs and GRUs

In practice, it is quite difficult to train RNNs for tasks that require a network to make
use of information distant from the current point of processing. Despite having
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Figure 9.11 A bidirectional RNN. Separate models are trained in the forward and backward
directions with the output of each model at each time point concatenated to represent the state
of affairs at that point in time. The box wrapped around the forward and backward network
emphasizes the modular nature of this architecture.
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RNN 1 (Left to Right)

RNN 2 (Right to Left)

+

hn_forw

h1_back

Softmax

Figure 9.12 A bidirectional RNN for sequence classification. The final hidden units from
the forward and backward passes are combined to represent the entire sequence. This com-
bined representation serves as input to the subsequent classifier.

access to the entire preceding sequence, the information encoded in hidden states
tends to be fairly local, more relevant to the most recent parts of the input sequence
and recent decisions. It is often the case, however, that distant information is critical
to many language applications. To see this, consider the following example in the
context of language modeling.

(9.15) The flights the airline was cancelling were full.
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Assigning a high probability to was following airline is straightforward since airline
provides a strong local context for the singular agreement. However, assigning an
appropriate probability to were is quite difficult, not only because the plural flights is
quite distant, but also because the intervening context involves singular constituents.
Ideally, a network should be able to retain the distant information about plural flights
until it is needed, while still processing the intermediate parts of the sequence cor-
rectly.

One reason for the inability of RNNs to carry forward critical information is that
the hidden layers, and, by extension, the weights that determine the values in the hid-
den layer, are being asked to perform two tasks simultaneously: provide information
useful for the current decision, and updating and carrying forward information re-
quired for future decisions.

A second difficulty with training SRNs arises from the need to backpropagate
the error signal back through time. Recall from Section 9.1.2 that the hidden layer
at time t contributes to the loss at the next time step since it takes part in that cal-
culation. As a result, during the backward pass of training, the hidden layers are
subject to repeated multiplications, as determined by the length of the sequence. A
frequent result of this process is that the gradients are eventually driven to zero – the
so-called vanishing gradients problem.vanishing

gradients
To address these issues, more complex network architectures have been designed

to explicitly manage the task of maintaining relevant context over time. More specif-
ically, the network needs to learn to forget information that is no longer needed and
to remember information required for decisions still to come.

9.4.1 Long Short-Term Memory

Long short-term memory (LSTM) networks (Hochreiter and Schmidhuber, 1997)
Long

short-term
memory

divide the context management problem into two sub-problems: removing informa-
tion no longer needed from the context, and adding information likely to be needed
for later decision making. The key to solving both problems is to learn how to man-
age this context rather than hard-coding a strategy into the architecture. LSTMs
accomplish this by first adding an explicit context layer to the architecture (in addi-
tion to the usual recurrent hidden layer), and through the use of specialized neural
units that make use of gates to control the flow of information into and out of the
units that comprise the network layers. These gates are implemented through the
use of additional weights that operate sequentially on the input, and previous hidden
layer, and previous context layers.

The gates in an LSTM share a common design pattern; each consists of a feed-
forward layer, followed by a sigmoid activation function, followed by a pointwise
multiplication with the layer being gated. The choice of the sigmoid as the activation
function arises from its tendency to push its outputs to either 0 or 1. Combining this
with a pointwise multiplication has an effect similar to that of a binary mask. Values
in the layer being gated that align with values near 1 in the mask are passed through
nearly unchanged; values corresponding to lower values are essentially erased.

The first gate we’ll consider is the forget gate. The purpose of this gate to deleteforget gate

information from the context that is no longer needed. The forget gate computes a
weighted sum of the previous state’s hidden layer and the current input and passes
that through a sigmoid. This mask is then multiplied by the context vector to remove
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the information from context that is no longer required.

ft = σ(U f ht−1 +Wf xt)

kt = ct−1� ft

The next task is compute the actual information we need to extract from the
previous hidden state and current inputs — the same basic computation we’ve been
using for all our recurrent networks.

gt = tanh(Ught−1 +Wgxt) (9.16)

Next, we generate the mask for the add gate to select the information to add to theadd gate

current context.

it = σ(Uiht−1 +Wixt) (9.17)

jt = gt � it (9.18)

Next, we add this to the modified context vector to get our new context vector.

ct = jt + kt (9.19)

The final gate we’ll use is the output gate which is used to decide what informa-output gate

tion is required for the current hidden state (as opposed to what information needs
to be preserved for future decisions).

ot = σ(Uoht−1 +Woxt) (9.20)

ht = ot � tanh(ct) (9.21)

(9.22)

Fig. 9.13 illustrates the complete computation for a single LSTM unit. Given
the appropriate weights for the various gates, an LSTM accepts as input the context
layer, and hidden layer from the previous time step, along with the current input
vector. It then generates updated context and hidden vectors as output. The hidden
layer, ht , can be used as input to subsequent layers in a stacked RNN, or to generate
an output for the final layer of a network.

9.4.2 Gated Recurrent Units
LSTMs introduce a considerable number of additional parameters to our recurrent
networks. We now have 8 sets of weights to learn (i.e., the U and W for each of the 4
gates within each unit), whereas with simple recurrent units we only had 2. Training
these additional parameters imposes a much significantly higher training cost. Gated
Recurrent Units (GRUs)(Cho et al., 2014) ease this burden by dispensing with the
use of a separate context vector, and by reducing the number of gates to 2 — a reset
gate, r and an update gate, z.

rt = σ(Urht−1 +Wrxt) (9.23)

zt = σ(Uzht−1 +Wzxt) (9.24)

As with LSTMs, the use of the sigmoid in the design of these gates results in
a binary-like mask that either blocks information with values near zero or allows
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Figure 9.13 A single LSTM unit displayed as a computation graph. The inputs to each unit consists of the
current input, x, the previous hidden state, ht−1, and the previous context, ct−1. The outputs are a new hidden
state, ht and an updated context, ct .

information to pass through unchanged with values near one. The purpose of the
reset gate is to decide which aspects of the previous hidden state are relevant to the
current context and what can be ignored. This is accomplished by performing an
element-wise multiplication of r with the value of the previous hidden state. We
then use this masked value in computing an intermediate representation for the new
hidden state at time t.

h̃t = tanh(U(rt �ht−1)+Wxt) (9.25)

The job of the update gate z is to determine which aspects of this new state will
be used directly in the new hidden state and which aspects of the previous state need
to be preserved for future use. This is accomplished by using the values in z to
interpolate between the old hidden state and the new one.

ht = (1− zt)ht−1 + zt h̃t (9.26)

9.4.3 Gated Units, Layers and Networks
The neural units used in LSTMs and GRUs are obviously much more complex than
those used in basic feedforward networks. Fortunately, this complexity is encapsu-
lated within the basic processing units, allowing us to maintain modularity and to
easily experiment with different architectures. To see this, consider Fig. 9.14 which
illustrates the inputs and outputs associated with each kind of unit.
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Figure 9.14 Basic neural units used in feedforward, simple recurrent networks (SRN), long
short-term memory (LSTM) and gate recurrent units.

At the far left, (a) is the basic feedforward unit where a single set of weights and
a single activation function determine its output, and when arranged in a layer there
are no connections among the units in the layer. Next, (b) represents the unit in a
simple recurrent network. Now there are two inputs and an additional set of weights
to go with it. However, there is still a single activation function and output.

The increased complexity of the LSTM (c) and GRU (d) units on the right is
encapsulated within the units themselves. The only additional external complexity
for the LSTM over the basic recurrent unit (b) is the presence of the additional
context vector as an input and output. The GRU units have the same input and
output architecture as the simple recurrent unit.

This modularity is key to the power and widespread applicability of LSTM and
GRU units. LSTM and GRU units can be substituted into any of the network ar-
chitectures described in Section 9.3. And, as with simple RNNs, multi-layered net-
works making use of gated units can be unrolled into deep feedforward networks
and trained in the usual fashion with backpropagation.

9.5 Words, Subwords and Characters

To this point, we’ve been assuming that the inputs to our networks would be word
embeddings. As we’ve seen, word-based embeddings are great at capturing dis-
tributional (syntactic and semantic) similarity between words. However, there are
drawbacks to an exclusively word-based approach:

• For some languages and applications, the lexicon is simply too large to prac-
tically represent every possible word as an embedding. Some means of com-
posing words from smaller bits is needed.

• No matter how large the lexicon, we will always encounter unknown words
due to new words entering the language, misspellings and borrowings from
other languages.

• Morphological information, below the word level, is a critical source of infor-
mation for many languages and many applications. Word-based methods are
blind to such regularities.



20 CHAPTER 9 • SEQUENCE PROCESSING WITH RECURRENT NETWORKS

Janet

RNN

Bi-RNN

J a n te

+

will Bi-RNN

w i l l

+

…

…

Figure 9.15 Sequence labeling RNN that accepts distributional word embeddings aug-
mented with character-level word embeddings.

A wide variety of alternatives to the word-based approach have been explored
over the past few years. The following are among the primary approaches that have
been tried.

• Ignore words altogether and simply use character sequences as the input to
RNNs.

• Use subword units such as those derived from byte-pair encoding or phonetic
analysis as inputs.

• Use full-blown morphological analysis to derive a linguistically motivated in-
put sequence.

Perhaps not surprisingly there is no clear one-best approach for all applications for
all languages.

One particularly successful approach combines word embeddings with embed-
dings derived from the characters that make up the words. Fig. 9.15 illustrates an
approach in the context of part-of-speech tagging. The upper part of the diagram
consists of an RNN that accepts an input sequence and outputs a softmax distribu-
tion over the tags for each element of the input. Note that this RNN can be arbitrarily
complex, consisting of stacked and/or bidirectional network layers.

The inputs to this network consist of ordinary word embeddings enriched with
character-level information. Specifically, each input consists of the concatenation
of the normal word embedding with embeddings derived from a bidirectional RNN
that accepts the character sequences for each word as input, as shown in the lower
part of the figure.

The character sequence for each word in the input is run through a bidirectional
RNN consisting of two independent RNNs — one that processes the sequence left-
to-right and the other right-to-left. As discussed in Section 9.3.2, the final hidden
states of the left-to-right and right-to-left networks are concatenated to represent the
composite character-level representation of each word. Critically, these character
embeddings are trained in the context of the overall task; the loss from the part-of-
speech softmax layer is propagated all the way back to the character embeddings.
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Figure 9.16 Bi-RNN accepts word character sequences and emits embeddings derived
from a forward and backward pass over the sequence. The network itself is trained in the
context of a larger end-application where the loss is propagated all the way through to the
character vector embeddings.

9.6 Summary

This chapter has introduced the concept of recurrent neural networks and how they
can be applied to language problems. Here’s a summary of the main points that we
covered:

• In simple Recurrent Neural Networks sequences are processed naturally as an
element at a time.

• The output of a neural unit at a particular point in time is based both on the
current input and value of the hidden layer from the previous time step.

• RNNs can be trained with a straightforward extension of the backpropagation
algorithm, known as backpropagation through time (BPTT).

• Common language-based applications for RNNs include:

– Probabilistic language modeling, where the model assigns a probability
to a sequence, or to the next element of a sequence given the preceding
words.

– Auto-regressive generation using a trained language model.
– Sequence labeling, where each element of a sequence is assigned a label,

as with part-of-speech tagging.
– Sequence classification, where an entire text is assigned to a category, as

in spam detection, sentiment analysis or topic classification.

• Simple recurrent networks often fail since it is extremely difficult to success-
fully train them do to problems maintaining useful gradients over time.

• More complex gated architectures such as LSTMs and GRUs are designed
to overcome these issues by explicitly managing the task of deciding what to
remember and forget in their hidden and context layers.
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et al., 1994). Schuster and Paliwal (1997) introduced bidirectional RNNs and de-
scribed results on the TIMIT phoneme transcription task.
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situation changed with the introduction of LSTMs in Hochreiter and Schmidhuber
(1997). Impressive performance gains were demonstrated on tasks at the bound-
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based on word2vec (Mikolov et al., 2013) and GLOVE (Pennington et al., 2014),
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shared resources such as Ontonotes (Pradhan et al., 2007), and PropBank (Palmer
et al., 2005).
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