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9.3 Deep Networks: Stacked and Bidirectional RNNs

As suggested by the sequence classiÞcation architecture shown in Fig.9.9, recurrent
networks are quite ßexible. 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 RNNsconsist 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 Þnal 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 networkÕs
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
Þnding larger regions and shapes, the initial layers of stacked networks can induce
representations that serve as useful abstractions for further layers Ñ representations
that might prove difÞcult to induce in a single RNN.

The optimal number of stacked RNNs is speciÞc 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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y1

x1 x2 x3 xn

RNN 1 (Left to Right)

RNN 2 (Right to Left)

+

y2

+

y3

+

yn

+

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.

x1 x2 x3 xn

RNN 1 (Left to Right)

RNN 2 (Right to Left)

+

hn_forw

h1_back

Softmax

Figure 9.12 A bidirectional RNN for sequence classiÞcation. The Þnal 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 classiÞer.

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 ßights the airline was cancelling were full.
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y1 y2 ym

xnx2x1 É

Encoder

Decoder

Context

É

Figure 10.4 Basic architecture for an abstract encoder-decoder network. The context is a
function of the vector of contextualized input representations and may be used by the decoder
in a variety of ways.

Encoder

Simple RNNs, LSTMs, GRUs, convolutional networks, as well as transformer net-
works (discussed later in this chapter), can all be been employed as encoders. For
simplicity, our Þgures show only a single network layer for the encoder, however,
stacked architectures are the norm, where the output states from the top layer of the
stack are taken as the Þnal representation. A widely used encoder design makes use
of stacked Bi-LSTMs where the hidden states from top layers from the forward and
backward passes are concatenated as described in Chapter 9 to provide the contex-
tualized representations for each time step.

Decoder

For the decoder, autoregressive generation is used to produce an output sequence,
an element at a time, until an end-of-sequence marker is generated. This incremen-
tal process is guided by the context provided by the encoder as well as any items
generated for earlier states by the decoder. Again, a typical approach is to use an
LSTM or GRU-based RNN where the context consists of the Þnal hidden state of
the encoder, and is used to initialize the Þrst hidden state of the decoder. (To help
keep things straight, weÕll use the superscriptse andd where needed to distinguish
the hidden states of the encoder and the decoder.) Generation proceeds as described
earlier where each hidden state is conditioned on the previous hidden state and out-
put generated in the previous state.

c = he
n

hd
0 = c

hd
t = g( öyt! 1,hd

t! 1)

zt = f (hd
t )

yt = softmax(zt)

Recall, thatg is a stand-in for some ßavor of RNN and öyt! 1 is the embedding for the
output sampled from the softmax at the previous step.

A weakness of this approach is that the context vector,c, is only directly avail-
able at the beginning of the process and its inßuence will wane as the output se-
quence is generated. A solution is to make the context vectorc available at each step
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in the decoding process by adding it as a parameter to the computation of the current
hidden state.

hd
t = g( öyt! 1,hd

t! 1,c)

A common approach to the calculation of the output layery is to base it solely
on this newly computed hidden state. While this cleanly separates the underlying
recurrence from the output generation task, it makes it difÞcult to keep track of what
has already been generated and what hasnÕt. A alternative approach is to condition
the output on both the newly generated hidden state, the output generated at the
previous state, and the encoder context.

yt = softmax( öyt! 1,zt ,c)

Finally, as shown earlier, the outputyat each time consists of a softmax computa-
tion over the set of possible outputs (the vocabulary in the case of language models).
What one does with this distribution is task-dependent, but it is critical since the re-
currence depends on choosing a particular output, öy, from the softmax to condition
the next step in decoding. WeÕve already seen several of the possible options for this.
For neural generation, where we are trying to generate novel outputs, we can sim-
ply sample from the softmax distribution. However, for applications like MT where
weÕre looking for a speciÞc output sequence, random sampling isnÕt appropriate and
would likely lead to some strange output. An alternative is to choose the most likely
output at each time step by taking the argmax over the softmax output:

öy = argmaxP(yi |y< i)

This is easy to implement but as weÕve seen several times with sequence labeling,
independently choosing the argmax over a sequence is not a reliable way of arriving
at a good output since it doesnÕt guarantee that the individual choices being made
make sense together and combine into a coherent whole. With sequence labeling we
addressed this with a CRF-layer over the output token types combined with a Viterbi-
style dynamic programming search. Unfortunately, this approach is not viable here
since the dynamic programming invariant doesnÕt hold.

Beam Search

A viable alternative is to view the decoding problem as a heuristic state-space search
and systematically explore the space of possible outputs. The key to such an ap-
proach is controlling the exponential growth of the search space. To accomplish
this, weÕll use a technique calledbeam search. Beam search operates by combin-Beam Search

ing a breadth-Þrst-search strategy with a heuristic Þlter that scores each option and
prunes the search space to stay within a Þxed-size memory footprint, called the beam
width.

At the Þrst step of decoding, we select theB-best options from the softmax output
y, whereB is the size of the beam. Each option is scored with its corresponding
probability from the softmax output of the decoder. These initial outputs constitute
the search frontier. WeÕll refer to the sequence of partial outputs generated along
these search paths ashypotheses.

At subsequent steps, each hypothesis on the frontier is extended incrementally
by being passed to distinct decoders, which again generate a softmax over the entire
vocabulary. To provide the necessary inputs for the decoders, each hypothesis must
include not only the words generated thus far but also the context vector, and the
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10.3 Attention

To overcome the deÞciencies of these simple approaches to context, weÕll need a
mechanism that can take the entire encoder context into account, that dynamically
updates during the course of decoding, and that can be embodied in a Þxed-size
vector. Taken together, weÕll refer such an approach as anattention mechanism.attention

mechanism
Our Þrst step is to replace the static context vector with one that is dynamically

derived from the encoder hidden states at each point during decoding. This context
vector,ci , is generated anew with each decoding stepi and takes all of the encoder
hidden states into account in its derivation. We then make this context available
during decoding by conditioning the computation of the current decoder state on it,
along with the prior hidden state and the previous output generated by the decoder.

hd
i = g( öyi! 1,hd

i! 1,ci)

The Þrst step in computingci is to compute a vector of scores that capture the
relevance of each encoder hidden state to the decoder state captured inhd

i! 1. That is,
at each statei during decoding weÕll computescore(hd

i! 1,he
j ) for each encoder state

j.
For now, letÕs assume that this score provides us with a measure of how similar

the decoder hidden state is to each encoder hidden state. To implement this similarity
score, letÕs begin with the straightforward approach introduced in Chapter 6 of using
the dot product between vectors.

score(hd
i! 1,he

j ) = hd
i! 1 áhe

j

The result of the dot product is a scalar that reßects the degree of similarity between
the two vectors. And the vector of scores over all the encoder hidden states gives us
the relevance of each encoder state to the current step of the decoder.

While the simple dot product can be effective, it is a static measure that does not
facilitate adaptation during the course of training to Þt the characteristics of given
applications. A more robust similarity score can be obtained by parameterizing the
score with its own set of weights,Ws.

score(hd
i! 1,he

j ) = hd
t! 1Wshe

j

By introducingWs to the score, we are giving the network the ability to learn which
aspects of similarity between the decoder and encoder states are important to the
current application.

To make use of these scores, weÕll next normalize them with a softmax to create
a vector of weights,! i j , that tells us the proportional relevance of each encoder
hidden statej to the current decoder state,i.

! i j = softmax(score(hd
i! 1,he

j ) " j # e)

=
exp(score(hd

i! 1,he
j )!

k exp(score(hd
i! 1,he

k))

Finally, given the distribution in! , we can compute a Þxed-length context vector for
the current decoder state by taking a weighted average over all the encoder hidden
states.

ci =
"

j

! i j he
j (10.1)
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vector,ci , is generated anew with each decoding stepi and takes all of the encoder
hidden states into account in its derivation. We then make this context available
during decoding by conditioning the computation of the current decoder state on it,
along with the prior hidden state and the previous output generated by the decoder.

hd
i = g( öyi! 1,hd

i! 1,ci)

The Þrst step in computingci is to compute a vector of scores that capture the
relevance of each encoder hidden state to the decoder state captured inhd

i! 1. That is,
at each statei during decoding weÕll computescore(hd

i! 1,he
j ) for each encoder state

j.
For now, letÕs assume that this score provides us with a measure of how similar

the decoder hidden state is to each encoder hidden state. To implement this similarity
score, letÕs begin with the straightforward approach introduced in Chapter 6 of using
the dot product between vectors.

score(hd
i! 1,he

j ) = hd
i! 1 áhe

j

The result of the dot product is a scalar that reßects the degree of similarity between
the two vectors. And the vector of scores over all the encoder hidden states gives us
the relevance of each encoder state to the current step of the decoder.

While the simple dot product can be effective, it is a static measure that does not
facilitate adaptation during the course of training to Þt the characteristics of given
applications. A more robust similarity score can be obtained by parameterizing the
score with its own set of weights,Ws.

score(hd
i! 1,he

j ) = hd
t! 1Wshe

j

By introducingWs to the score, we are giving the network the ability to learn which
aspects of similarity between the decoder and encoder states are important to the
current application.

To make use of these scores, weÕll next normalize them with a softmax to create
a vector of weights,! i j , that tells us the proportional relevance of each encoder
hidden statej to the current decoder state,i.

! i j = softmax(score(hd
i! 1,he

j ) " j # e)

=
exp(score(hd

i! 1,he
j )!

k exp(score(hd
i! 1,he

k))

Finally, given the distribution in! , we can compute a Þxed-length context vector for
the current decoder state by taking a weighted average over all the encoder hidden
states.

ci =
"

j

! i j he
j (10.1)
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:,3'; Orejuela appeared calm as he was led to the American 
plane which will take him to Miami, Florida.

:,3'< Orejuela appeared calm while being escorted to the 
plane that would take him to Miami, Florida.

:,3'=
Orejuela appeared calm as he was being led to the 
American plane that was to carry him to Miami in 
Florida.

:,3'>
Orejuela seemed quite calm as he was being led to the 
American plane that would take him to Miami in 
Florida.
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q is the query and k is the key

Multi -layer Perceptron (Bahdanau et al. 2015)

◦ Flexible, often very good with large data

Bilinear (Luong et al. 2015)
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In language modeling, attend to the previous words 
(Merity et al. 2016)

In translation, attend to either input or previous 
output (Vaswani et al. 2017)
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Self Attention: \%$0#4%,"*#$./':&"(#+.*>(#+:)0#.)0"*(

Multi -headed Attention: _#%))"&):.&#0"%>(#-5&$):.&:&>";"&>"&)4,

Normalized Dot -product Attention: E"/.B"#':%(#:&#>.)#;*.>5$)#
+0"&#5(:&6#4%*6"#&")+.*1(

Positional Encodings: 2%1"#(5*"#)0%)#"B"&#:-#+"#>.&P)#0%B"#EFF@#
$%&#():44#>:():&65:(0#;.(:):.&(
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Layer Normalization: `"4;#"&(5*"#)0%)#4%,"*(#*"/%:&#:&#*"%(.&%'4"#
*%&6"

Specialized Training Schedule: 9>X5()#>"-%54)#4"%*&:&6#*%)"#.-#)0"#
9>%/#.;):/:?"*

Label Smoothing: N&("*)#(./"#5&$"*)%:&),#:&#)0"#)*%:&:&6#;*.$"((

Masking for Efficient Training
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We want to perform training in as few operations as 
possible using big matrix multiplies

We can do so by “masking” the results for the output

kono eiga ga kirai , "%!' !"#$ )-.#' /0$1
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