NEURAL MACHINE TRANSLATION SYSTEMS

BACKGROUND

This specification relates to translating text using neural networks.

Machine learning models receive an input and generate an output, e.g., a predicted
output, based on the received input. Some machine learning models are parametric
models and generate the output based on the received input and on values of the
parameters of the model.

Some machine learning models are deep models that employ multiple layers of
models to generate an output for a received input. For example, a deep neural network is
a deep machine learning model that includes an output layer and one or more hidden
layers that each apply a non-linear transformation to a received input to generate an
output.

Some neural networks are recurrent neural networks. A recurrent neural network
is a neural network that receives an input sequence and generates an output sequence
from the input sequence. In particular, a recurrent neural network uses some or all of the
internal state of the network after processing a previous input in the input sequence in

generating an output from the current input in the input sequence.

SUMMARY

This specification describes a system implemented as computer programs on one
or more computers in one or more locations that translates text from a source language to
a target language using neural networks.

In some aspects of the described subject matter, a neural machine translation
system implemented by one or more computers is configured to receive an input sequence
of input tokens representing a first sequence of words in a first natural language and to
generate an output sequence of output tokens representing a second sequence of words
that is a translation of the first sequence into a second natural language and comprises: an
encoder neural network and a decoder subsystem. The encoder neural network, in turn,
comprises: an input forward long short-term memory (LSTM) layer configured to process
each input token in the input sequence in a forward order to generate a respective forward
representation of each input token, an input backward LSTM layer configured to process
each input token in the input sequence in a backward order to generate a respective

backward representation of each input token, a combining layer configured to, for each



input token in the input sequence, combine the forward representation of the input token
and the backward representation of the input token to generate a combined representation
of the input token, and a plurality of hidden LSTM layers configured to process each
combined representation in the forward order to generate a respective encoded
representation of each of the input tokens in the input sequence. The decoder subsystem
is configured to receive the respective encoded representation of each of the input tokens
in the input sequence and to process the encoded representations to generate the output
sequence.

In some of these aspects, the hidden LSTM layers are arranged in a stack one after
the other, and wherein the plurality of hidden LSTM layers comprises at least seven
LSTM layers. In some of these aspects, at least two of the plurality of hidden LSTM
layers are connected with a residual connection.

In some of these aspects, the decoder subsystem comprises: a decoder neural
network, the decoder neural network comprising: a plurality of LSTM layers arranged in
a stack one on top of the other and configured to, for each of a plurality of positions in the
output sequence: receive an attention context vector and the output token at a preceding
position in the output sequence, and process the attention context vector and the token at
the preceding position in the output sequence to generate an LSTM output for the
position, and a softmax output layer, the softmax output layer configured to, for each of
the plurality of positions, receive the LSTM output for the position and to generate a
respective score for each output token in a vocabulary of output tokens.

In some of these aspects, the plurality of LSTM layers in the decoder comprises at
least eight LSTM layers. In some of these aspects, the plurality of LSTM layers in the
decoder comprises at least eight LSTM layers. In some of these aspects, least two of the
plurality of LSTM layers in the decoder are connected with a residual connection. In
some of these aspects, a first LSTM layer in the stack is configured to, for each of the
plurality of positions: receive a first layer input comprising the attention context vector, a
layer output generated by a LSTM layer directly below the first LSTM layer in the stack,
and a layer input to the LSTM layer directly below the first LSTM layer in the stack; and
process the first layer input in accordance with a current hidden state of the first LSTM
layer to generate a first layer output and to update the current hidden state.

In some of these aspects, the decoder system further comprises: an attention
subsystem, wherein the attention subsystem is configured to, for each of the plurality of

positions: receive an attention input comprising a bottom layer output generated by a
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bottom LSTM layer in the stack of LSTM layers in the decoder neural network for the
preceding position; and process the attention input to generate the attention context
vector for the time step.

In some of these aspects, processing the bottom layer output and the respective
encoded representation of each of the input tokens in the input sequence to generate the
attention context vector for the time step comprises, for each of the plurality of time steps:
processing the bottom layer output and the encoded representations through one or more
neural network layers to generate a respective score for each of the input tokens;
generating a respective weight for each of the input tokens from the respective scores; and
determining a weighted sum of the encoded representations in accordance with the
weights.

In some of these aspects, the input and output tokens are wordpieces.

In some of these aspects, the encoder neural network and the decoder subsystem
are configured to perform quantized computations during generation of the output
sequence.

Other aspects include one or more computer storage media encoded with
instructions that, when executed by one or more computers, cause the one or more
computers to implement the neural machine translation system of any of the above
aspects.

Some other aspects include methods of generating an output sequence of output
tokens that represents a second sequence of words that is a translation of a first sequence
of words into a second natural language that include the actions of: obtaining a plurality
of candidate output sequences from a neural machine translation system; maintaining at
most a predetermined number of the candidate output sequences in a beam for further
consideration by the neural machine translation system, comprising: assigning a
respective score to each candidate output sequence; ranking the candidate output
sequences based on the respective scores; removing from the beam all candidate output
sequences other than the predetermined number of highest-ranked candidate output
sequences according to the ranking; determining whether any of the candidate output
sequences in the beam have been identified as a finalized candidate output sequence by
the neural machine translation system; and when at least one of the candidate output
sequences has been identified as a finalized candidate output sequence: removing from
the beam all candidate output sequences that have a score that is more than a threshold

value lower than the score for a highest-ranked finalized candidate output sequence.



In some of these aspects, determining whether any of the candidate output
sequences have been identified as a finalized candidate output sequence by the neural
machine translation system comprises: determining whether any of the candidate output
sequence ends with a predetermined end-of-sentence output token.

In some of these aspects, assigning a respective score to each candidate output
sequence comprises: determining a log likelihood of the candidate output sequence
according to output scores generated by the neural machine translation system; and
normalizing the log likelihood based on a number of output tokens in the candidate output
sequence to generate a length normalized log likelihood.

In some of these aspects, assigning a respective score to each candidate output
sequence further comprises: modifying the length normalized log likelihood using a
coverage penalty to favor candidate output sequences that fully cover the words in the
first sequence.

In some of the aspects, when all of the candidate output sequences in the beam
have been identified as a finalized candidate output sequence by the neural machine
translation system, the actions further include selecting a highest-scoring candidate output
sequence as the output sequence.

Other aspects include one or more computer storage media encoded with
instructions that, when executed by one or more computers, cause the one or more
computers to perform the operations of any of the above methods.

Other aspects include a system comprising one or more computers and one or
more storage devices storing instructions that, when executed by the one or more
computers, cause the one or more computers to perform the operations of any of the
above methods.

Particular embodiments of the subject matter described in this specification can be
implemented so as to realize one or more of the following advantages.

By using a bi-directional LSTM layer as the bottom layer of the encoder, the
context for the words in the input sequence can effectively be captured, improving
translation quality. Because the other encoder layers are unidirectional, parallelization
during computations can still be achieved, reducing training and, in some cases, inference
times.

By using deep stacks of LSTM layers in both the encoder and the decoder, e.g., 8

or more total LSTM layers in each of the decoder and encoder, both the encoder and



decoder are deep enough to capture subtle irregularities in the source and target
languages, improving the accuracy of translations generated by the system.

By connecting the bottom layer of the decoder to the top layer of the encoder
through the attention subsystem, parallelism can be increased and training time can
thereby be decreased while still employing an effective attention scheme that allows the
decoder neural network to accurately translate the source sequence. That is, because the
attention subsystem receives input from the bottom LSTM layer in the decoder and not
from any of the other LSTM layers in the decoder and unlike conventional attention
schemes, the computation performed by the attention subsystem can effectively be
performed in parallel with computations performed by the other LSTM layers without
adversely impacting the quality of the translation.

By employing low-precision arithmetic, i.e., quantized computation, during
inference computations, as described in this specification, the final translation time can be
accelerated while maintaining high translation quality.

By decoding using the described beam search techniques, translation time at
inference can be decreased while maintaining a high translation quality relative to
conventional beam search techniques.

The details of one or more embodiments of the subject matter described in this
specification are set forth in the accompanying drawings and the description below.
Other features, aspects, and advantages of the subject matter will become apparent from

the description, the drawings, and the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows an example neural machine translation system.

FIG. 2 is a flow diagram of an example process for generating a translation of an
input sequence.

FIG. 3 is a flow diagram of an example process for generating encoded
representations of tokens in an input sequence.

FIG. 4 is a flow diagram of an example process for generating an output for a
position in an output sequence.

FIG. 5 is a flow diagram of an example process for generating an attention vector.

FIG. 6 is a flow diagram of an example process for maintaining a beam of

candidate output sequences.



Like reference numbers and designations in the various drawings indicate like

elements.

DETAILED DESCRIPTION

FIG. 1 shows an example neural machine translation system 100. The neural
machine translation system 100 is an example of a system implemented as computer
programs on one or more computers in one or more locations, in which the systems,
components, and techniques described below can be implemented.

The neural machine translation system 100 translates source sequences of words
in a source natural language into target sequences of words in a target natural language,
e.g., sentences or phrases in English to sentences or phrases in French, sentences or
phrases in English to sentences or phrases in German, or sentences or phrases in Korean
to sentences or phrases in Spanish. For example, the neural machine translation system
100 can receive a source sequence 102 in the source natural language and generate a
target sequence 152 that is a translation of the source sequence 102 into the target natural
language.

The neural machine translation system includes an encoder neural network 110, a
decoder neural network 120, and an attention subsystem 130.

To generate an input to the encoder neural network 110, the neural machine
translation system 100 tokenizes the source sequence 102 into an input sequence 104 of
input tokens. Generally, each input token in the input sequence 104 is selected from a
vocabulary of input tokens that includes a respective token for each of a set of word units.
In addition to the word units, the vocabulary of input tokens also includes one or more
special designated tokens, e.g., a start-of-sentence token and an end-of-sentence token. In
some implementations, the word units are words in the source natural language. In some
other implementations, some or all of the word units are sub-word units, e.g., characters,
mixed word/characters, and so on.

In particular, in some of these implementations, the word units are wordpieces and
the system 100 tokenizes the source sequence 102 by first breaking the words in the
sequence into wordpieces using a trained wordpiece machine learning model that has
been trained to break the words into wordpieces and include special word boundary
symbols such that the original word sequence can be recovered from the wordpiece
sequence without ambiguity. Example approaches for tokenizing sequences into

wordpieces are described in Schuster, M., and Nakajima, K. Japanese and Korean voice



search. 2012 IEEE International Conference on Acoustics, Speech and Signal Processing
(2012) and Sennrich, R., Haddow, B., and Birch, A. Neural machine translation of rare
words with subword units. In Proceedings of the 54th Annual Meeting of the Association
for Computational Linguistics (2016).

The encoder neural network 110 is configured to receive the input sequence 104
and to process the input sequence 104 to generate a respective encoded representation 112
of each token in the input sequence 104.

Generally, the encoder neural network 110 includes multiple long short-term
memory (LSTM) neural network layers. More specifically, the encoder neural network
110 includes a bi-directional LSTM layer 114 followed by a stack 116 of uni-directional
LSTM layers. In some cases, two or more of the LSTM layers in the stack 116 are
connected with residual connections 118. The operation of the encoder neural network
will be described in more detail below with reference to FIGS. 2 and 3.

The decoder neural network 120 and the attention subsystem 130 are configured
to process the encoded representations 112 to generate an output sequence 142 that
includes output tokens from an output vocabulary.

Generally, the output vocabulary includes a respective token for each of a set of
word units of words in the target natural language. In addition to the word units, the
vocabulary also includes one or more special designated tokens, e.g., an end-of-sentence
token. In some implementations, the word units are words in the target natural language.
In some other implementations, the word units are sub-word units, e.g., characters, mixed
word/characters, wordpieces, and so on for words in the target natural language. In some
cases, when the word units are wordpieces, the wordpiece model is shared between the
source and target language to allow strings to be copied from the source sequence to the
target sequence.

Generally, for each position in the output sequence 142, the decoder neural
network 120 is configured to receive the token at the preceding position in the output
sequence 142, e.g., a token 128 at the second position of the output sequence 142. The
decoder neural network 120 is also configured to receive an attention context vector
generated by the attention subsystem 130 for the position, e.g., an attention context vector
132 for the second position of the output sequence 142, and to process the preceding
token and the attention context vector to generate a set of scores that includes a respective

score for each output token in the output vocabulary.



In particular, the decoder neural network 120 includes a stack 122 of LSTM layers
and a softmax output layer 124. At each position, the stack 122 of LSTM layers are
configured to process the preceding token and the attention context vector to generate an
LSTM output for the position and the softmax output layer 124 is configured to process
the LSTM output to generate the set of scores for the position. As with the encoder
neural network 110, in some implementations, two or more of the LSTM layers in the
stack 122 are connected with a residual connection 126.

The operation of the decoder neural network will be described in more detail
below with reference to FIG. 4.

The attention subsystem 130 is configured to, at each position in the output
sequence, receive the LSTM output generated by the bottom LSTM layer in the stack 122
at the preceding position and to use the received LSTM output to generate the attention
context vector for the position. Generally, the attention context vector is a weighted sum
of the encoded representations 112, with the weights in the weighted sum being
determined based on the received LSTM output. The operation of the attention
subsystem will be described in more detail below with reference to FIG. 5.

To generate the output at a given position in the output sequence 142, the system
100 selects a token based on the scores in the set of scores in the position, i.e., by
selecting the token with the highest score or by sampling a token in accordance with the
scores from the vocabulary of output tokens.

The system 100 continues selecting tokens and adding tokens to the output
sequence until the system 100 selects an end-of-sentence output token for the current
position in the output sequence 142. Once the end-of-sentence output token has been
selected, the system 100 treats the outputs added to the output sequence 142 before the
end-of-sentence output as the final output sequence 142.

In some implementations, the system 100 generates the output sequence 142 using
beam search. That is, the system 100 maintains a beam of multiple candidate output
sequences that are processed and expanded in parallel and continues processing until all
of the candidate output sequences in the beam have been finalized or pruned from the
beam. An example technique for maintaining and updating a beam is described below
with reference to FIG. 6.

Once the output sequence 142 has been generated, the system 100 generates the
target sequence 152 by converting the word units represented by the tokens in the output

sequence 142 into words in the target language.



In some implementations, the encoder neural network 100 and the decoder
subsystem, i.e., the decoder neural network 120 and the attention subsystem 130, are
configured to perform quantized computations during generation of the output sequence
142. In particular, in some implementations, the encoder neural network 100 and the
decoder subsystem perform computationally intensive operations, e.g., matrix multiplies,
using 8-bit integer operations while error-sensitive accumulator values are stored using
16-bit integer values. In some implementations, only the computations within the LSTM
stacks of the encoder and decoder neural networks are quantized, i.e., and not the
computations of the softmax output layer or the attention subsystem.

FIG. 2 is a flow diagram of an example process 200 for generating an output
sequence that is a translation of an input sequence. For convenience, the process 200 will
be described as being performed by a system of one or more computers located in one or
more locations. For example, a neural machine translation system, e.g., the neural
machine translation system 100 of FIG.1, appropriately programmed, can perform the
process 200.

The system receives an input sequence of tokens (step 202). The input sequence
of tokens is a sequence that represents a first sequence of words in a natural language.

The system processes the input sequence of tokens using an encoder neural
network to generate a respective encoded representation for each of the tokens in the
input sequence (step 204). Processing the input sequence of tokens will be described
below with reference to FIG. 3.

The system processes the encoded representations using a decoder subsystem to
generate an output sequence of outputs tokens that represents a sequence of words that is
a translation of the first sequence of words into a different natural language (step 206).
In particular, the decoder subsystem includes a decoder neural network and an attention
subsystem. Processing the encoded representations using the decoder subsystem will be
described in more detail below with reference to FIGS. 4 and 5.

FIG. 3 is a flow diagram of an example process 300 for generating encoded
representations of the tokens in an input sequence. For convenience, the process 300 will
be described as being performed by a system of one or more computers located in one or
more locations. For example, an encoder neural network, e.g., the encoder neural
network of the neural machine translation system 100 of FIG.1, appropriately

programmed, can perform the process 300.



The encoder neural network processes the input sequence through an input
forward LSTM layer (step 302). The input forward LSTM layer is configured to process
each input token in the input sequence in a forward order to generate a respective forward
representation of each input token.

The encoder neural network processes the input sequence through an input
backward LSTM layer (step 304). The input backward LSTM layer is configured to
process each input token in the input sequence in a backward order to generate a
respective backward representation of each input token.

The encoder neural network processes the forward and backward representations
of the input tokens through a combining layer (step 306). The combining layer is
configured to, for each input token, combine, e.g., concatenate, the forward representation
of the input token and the backward representation of the input token to generate a
combined representation of the input token.

The encoder neural network processes the combined representations of the input
tokens through a stack of multiple hidden LSTM layers (step 308). The multiple hidden
LSTM layers are configured to process each combined representation in the forward order
to generate a respective encoded representation of each of the input tokens in the input
sequence. In particular, the multiple hidden LSTM layers are arranged in a stack one
after the other and the encoded representation of a given input token is the output of the
highest LSTM layer in the stack after the combined representation of the given input
token has been processed through the stack.

Thus, the bottom layer of the encoder neural network is a bi-directional LSTM
layer, i.e., the combination of the input forward, input backward, and combining layer
effectively processes the input sequence in both the forward and backward directions, as
the bottom layer of the encoder, the context for the words in the input sequence can
effectively be captured, improving translation quality. Because the other encoder layers,
i.e., the hidden LSTM layers in the stack, are unidirectional, parallelization during
computations can still be achieved, reducing training and, in some cases, inference times.

Generally, to allow the encoder neural network to effectively capture subtle
irregularities in the source language, there are many hidden LSTM layers in the stack, i.e.,
seven or more.

To improve the performance of the encoder neural network by encouraging
gradient flow between the hidden layers during training, in some implementations, the

encoder neural network includes residual connections between some or all of the hidden
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layers in the stack. For example, in some implementations, residual connections start
from the layer third from the bottom of the encoder, i.e., from the second layer from the
bottom of the stack of hidden layers.

When a residual connection is included between an LSTM layer A and an LSTM
layer B directly above the layer A in a stack of LSTM layers, layer B receives as input
both the output of layer A and the input to layer A. Layer B then element-wise adds the
output of layer A and the input to layer A and then processes the sum as the new input to
the layer.

FIG. 4 is a flow diagram of an example process 400 for generating an output for a
given position in an output sequence. For convenience, the process 400 will be described
as being performed by a system of one or more computers located in one or more
locations. For example, a decoder neural network, e.g., the decoder neural network of the
neural machine translation system 100 of FIG.1, appropriately programmed, can perform
the process 400.

The decoder neural network obtains an attention context vector for the given
position and the output token at the preceding position, i.e., the position that immediately
precedes the given position in the output sequence (step 402). Generally, the attention
context vector is a weighted sum over the encoded representations of the input tokens in
the input sequence that has been generated by an attention subsystem. Generating the
attention context vector for a given position is described in more detail below with
reference to FIG. 5. When the given position is the first position in the output sequence,
i.e., there is no immediately preceding position, the output token that is received can be a
designated placeholder token, e.g., a predetermined start-of-sentence token.

The decoder neural network processes the attention context vector and the output
token through a stack of LSTM layers to generate an LSTM output for the position (step
404). Generally, to allow the decoder neural network to capture subtle irregularities in
the target language, the stack of LSTM layers includes many LSTM layers, e.g., eight or
more LSTM layers.

The first LSTM layer in the stack, i.e., the bottom LSTM layer, is configured to
receive the attention context vector and the output token and to process the output token
to generate a bottom layer output. Each other LSTM layer in the stack is configured to
receive an input including the attention context vector and the layer output generated by
the LSTM layer directly before the layer in the stack and to process the input to generate

a layer output for the input.
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As with the encoder neural network, in some implementations, to improve the
performance of the decoder neural network by encouraging gradient flow between the
layers during training, the decoder neural network includes residual connections between
some or all of the layers in the stack. For example, in some implementations, residual
connections start from the layer third from the bottom of the decoder.

The decoder neural network processes the LSTM output through a softmax output
layer to generate a respective score, €.g., a respective probability, for each output token in
the vocabulary of output tokens (step 406).

The system can then select an output token for the position using the scores or can
use the scores to update the maintained beam of candidate output sequences as described
below.

FIG. 5 is a flow diagram of an example process 500 for generating an attention
context vector for a given position in an output sequence. For convenience, the process
500 will be described as being performed by a system of one or more computers located
in one or more locations. For example, an attention subsystem, e.g., the attention
subsystem of the neural machine translation system 100 of FIG.1, appropriately
programmed, can perform the process 500.

The attention subsystem receives the LSTM output generated by the bottom layer
in the stack of LSTM layers in the decoder neural network for the preceding position in
the output sequence (step 502). In particular, the attention subsystem generates the
attention context vector only from the output generated by the bottom LSTM layer in the
decoder stack during the processing for the preceding position in the output sequence
(and the encoded representations of the input tokens), i.e., and not from the outputs of the
other LSTM layers in the decoder stack. Because of this, the generation of the attention
context vector can be initiated before the generation of the output token at the preceding
position has been completed, improving the parallelization of the operations performed by
the system and decreasing the time required to perform an inference and to train the
system.

For the first position in the output sequence, the LSTM output received by the
attention subsystem can be a placeholder output or can be, e.g., the encoded
representation of one of the tokens, e.g. the first token or the last token, in the input
sequence.

The attention subsystem generates a respective attention weight for each of the

encoded representations from the bottom LSTM output and the encoded representations
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for the input tokens (step 504). In particular, the system applies an attention function to
the bottom LSTM output and the encoded representations for the input tokens to generate
a respective score for each of the encoded representations and then generates the weights
by normalizing the generated scores. In some implementations, the attention function is a
feed-forward neural network, e.g., a feed-forward neural network with one hidden layer.
In other implementations, the attention function can be a distance function, e.g., a cosine
similarity function.

The attention subsystem generates the attention context vector for the output
position by determining a weighted sum of the encoded representations in accordance
with the corresponding attention weights (step 506).

FIG. 6 is a flow diagram of an example process 600 for maintaining a beam of
candidate output sequences. For convenience, the process 600 will be described as being
performed by a system of one or more computers located in one or more locations. For
example, a neural machine translation system, e.g., the neural machine translation system
100 of FIG.1, appropriately programmed, can perform the process 600.

The system can repeatedly perform the process 600 as part of a beam search
decoding procedure. In particular, the system can repeatedly perform the process 600
until all of the sequences in the beam have been finalized or until some other termination
criteria for the decoding are satisfied, e.g., only a certain number of candidate output
sequences satisfy criteria for remaining in the beam or the longest candidate output
sequence in the beam has more than a threshold number of tokens.

The system obtains a plurality of candidate output sequences from a neural
machine translation system, e.g., the neural machine translation system 100 of FIG. 1
(step 602). In particular, the candidate output sequences can include each finalized
candidate sequence that was in the beam at the end of the preceding iteration of the
process 600 and, for each candidate sequence that was in the beam at the end of the
preceding iteration of the process 600 but that was not finalized, one or more expansions
of the candidate sequence. An expansion of a candidate sequence has a new token
appended to the end of the candidate sequence, with each expansion of the candidate
sequence having a different token appended to the end of the sequence. The system also
obtains, for each expansion, a local score for the token appended to the end of the

sequence as generated by the neural machine translation systems
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In some implementations, for each candidate sequence that was in the beam but
was not finalized, the system discards the expansions of candidate sequence that have a
local score that is more than a threshold value below a highest local score

The system then maintains at most a predetermined number of the candidate
output sequences in the beam for further consideration by the neural machine translation
system, i.e., for further processing by the neural machine translation system.

In particular, to determine which candidate output sequence to maintain in the
beam, the system assigns a respective score to each of the of the candidate output
sequences (step 604). Generally, the system assigns an initial score to each of the
sequences and, optionally, modifies the initial score for each sequence by applying a
coverage penalty, a length normalization penalty, or both, to the initial score to generate
the final score for the sequence.

In particular, the system determines the initial score for a given sequence based on
a log likelihood of the candidate output sequence according to output scores generated by
the neural machine translation system. That is, as described above, at each position in an
output sequence, a neural machine translation system generates a respective score for
each of multiple possible tokens in the output sequence. To determine the initial score for
a candidate output sequence, the system determines a sum of the logarithms of the scores
generated for each of the tokens in the sequence by the neural machine translation system
at the position at which the token is located. Because the scores generated by the
translation system are generally probabilities, the initial score for the sequence will
typically be negative, i.e., because the logarithm of a number between zero and one is a
negative number.

In some implementations, prior to computing any initial scores and for each
candidate sequence from the previous iteration of the process, the system discards from
consideration any expansion of the candidate sequence for which the score assigned to the
new token by the neural machine translation system was lower by more than a threshold
than the highest-score assigned to any expansion of the candidate sequence.

In implementations where the system applies a length normalization penalty, the
system then normalizes the initial score for the candidate sequence based on a number of
output tokens that are in the output sequence. Generally, the system applies the penalty
by dividing the initial score by a penalty term that is larger the more output tokens there
are in the output sequence. Employing such a penalty allows the system to effectively

compare candidate sequences of different lengths during decoding, i.e., without
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excessively favoring shorter results over longer ones. In some implementations, the
penalty term is the length of the sequence, i.e., the number of tokens that are in the
sequence. In some other implementations, the penalty term is length”, where a is a
constant between zero and one, e.g., a value between .6 and .7 and length is the length of
the sequence, i.e., the number of tokens in the sequence. In yet other implementations the

penalty Ip can satisfy:

_ (YD
T b+’

where b is a positive constant, e.g., 5, IY| is the length of the sequence, and a is constant
between zero and one, e.g., .2.

In implementations where the system applies a coverage penalty, the system then
adds a coverage penalty term to the normalized initial score (or, if length normalization is
not employed, the initial score). Generally, the coverage penalty term favors candidate
output sequences that fully cover the words in the first sequence as determined by the
attention mechanism employed by the neural machine translation system. For example,
the coverage penalty term cp can satisfy:

cp = B+ 212 log(min(T, p; ), 1),
where B is a positive constant value between zero and one, e.g., .2, i ranges over the
tokens in the input sequence, j ranges over the tokens in the candidate output sequence,
and p; ; is the weight generated by the attention mechanism for the i-th input token when
processing the j-th output token.

The system ranks the candidate output sequences based on the final scores, i.e.,
from the candidate output sequence having the highest final score to the sequence having
the lowest score (step 606).

The system removes from the beam all candidate output sequences other than the
predetermined number of highest-ranked candidate output sequences according to the
ranking (step 608).

The system then determines whether any of the remaining candidate output
sequences in the beam have been identified as finalized by the neural machine translation
system (step 610). Generally, an output sequence has been identified as finalized when
the output sequence ends in a designated token, e.g., a predetermined end-of-sentence
output token.

When at least one candidate output sequence has been finalized, the system

removes from the beam all candidate output sequences that have a score that is more than
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a threshold value lower than the score for the highest-ranked finalized candidate output
sequence (step 612). By pruning the beam in this manner, the system can decrease the
number of additional iterations that need to be performed once a sufficiently high quality
hypothesis has been identified, lowering inference time without significantly impacting
translation quality. If, after this additional pruning, the beam includes only finalized
sequences, the system can select the highest-ranked candidate sequence as the translation
for the input sequence. If the beam still includes non-finalized candidate sequences and
any other termination criteria have not been met, the system provides the non-finalized
candidate sequences in the beam to the neural machine translation system for further
processing. That is, the system provides each non-finalized sequence in the beam to the
neural machine translation system so that the neural machine translation system can score
possible expansions to each non-finalized sequence.

When none of the candidate output sequences have been finalized, the system
does not further prune the beam and provides the candidate output sequences in the beam
to the neural machine translation system for further processing (step 614).

This specification uses the term “configured” in connection with systems and
computer program components. For a system of one or more computers to be configured
to perform particular operations or actions means that the system has installed on it
software, firmware, hardware, or a combination of them that in operation cause the
system to perform the operations or actions. For one or more computer programs to be
configured to perform particular operations or actions means that the one or more
programs include instructions that, when executed by data processing apparatus, cause the
apparatus to perform the operations or actions.

Embodiments of the subject matter and the functional operations described in this
specification can be implemented in digital electronic circuitry, in tangibly-embodied
computer software or firmware, in computer hardware, including the structures disclosed
in this specification and their structural equivalents, or in combinations of one or more of
them.

Embodiments of the subject matter described in this specification can be
implemented as one or more computer programs, i.e., one or more modules of computer
program instructions encoded on a tangible non transitory program carrier for execution
by, or to control the operation of, data processing apparatus. Alternatively or in addition,
the program instructions can be encoded on an artificially generated propagated signal,

e.g., a machine-generated electrical, optical, or electromagnetic signal, that is generated to

16



encode information for transmission to suitable receiver apparatus for execution by a data
processing apparatus. The computer storage medium can be a machine-readable storage
device, a machine-readable storage substrate, a random or serial access memory device,
or a combination of one or more of them.

The term “data processing apparatus” encompasses all kinds of apparatus, devices,
and machines for processing data, including by way of example a programmable
processor, a computer, or multiple processors or computers. The apparatus can include
special purpose logic circuitry, e.g., an FPGA (field programmable gate array) or an
ASIC (application specific integrated circuit). The apparatus can also include, in addition
to hardware, code that creates an execution environment for the computer program in
question, e.g., code that constitutes processor firmware, a protocol stack, a database
management system, an operating system, or a combination of one or more of them.

A computer program (which may also be referred to or described as a program,
software, a software application, a module, a software module, a script, or code) can be
written in any form of programming language, including compiled or interpreted
languages, or declarative or procedural languages, and it can be deployed in any form,
including as a stand-alone program or as a module, component, subroutine, or other unit
suitable for use in a computing environment. A computer program may, but need not,
correspond to a file in a file system. A program can be stored in a portion of a file that
holds other programs or data, e.g., one or more scripts stored in a markup language
document, in a single file dedicated to the program in question, or in multiple coordinated
files, e.g., files that store one or more modules, sub programs, or portions of code. A
computer program can be deployed to be executed on one computer or on multiple
computers that are located at one site or distributed across multiple sites and
interconnected by a communication network.

The processes and logic flows described in this specification can be performed by
one or more programmable computers executing one or more computer programs to
perform functions by operating on input data and generating output. The processes and
logic flows can also be performed by, and apparatus can also be implemented as, special
purpose logic circuitry, e.g., an FPGA (field programmable gate array) or an ASIC
(application specific integrated circuit).

Computers suitable for the execution of a computer program include, by way of
example, can be based on general or special purpose microprocessors or both, or any

other kind of central processing unit. Generally, a central processing unit will receive
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instructions and data from a read only memory or a random access memory or both. The
essential elements of a computer are a central processing unit for performing or executing
instructions and one or more memory devices for storing instructions and data.

Generally, a computer will also include, or be operatively coupled to receive data from or
transfer data to, or both, one or more mass storage devices for storing data, e.g., magnetic,
magneto optical disks, or optical disks. However, a computer need not have such devices.
Moreover, a computer can be embedded in another device, e.g., a mobile telephone, a
personal digital assistant (PDA), a mobile audio or video player, a game console, a Global
Positioning System (GPS) receiver, or a portable storage device, e.g., a universal serial
bus (USB) flash drive, to name just a few.

Computer readable media suitable for storing computer program instructions and
data include all forms of non-volatile memory, media and memory devices, including by
way of example semiconductor memory devices, e.g., EPROM, EEPROM, and flash
memory devices; magnetic disks, e.g., internal hard disks or removable disks; magneto
optical disks; and CD ROM and DVD-ROM disks. The processor and the memory can
be supplemented by, or incorporated in, special purpose logic circuitry.

To provide for interaction with a user, embodiments of the subject matter
described in this specification can be implemented on a computer having a display device,
e.g., a CRT (cathode ray tube) or LCD (liquid crystal display) monitor, for displaying
information to the user and a keyboard and a pointing device, e.g., a mouse or a trackball,
by which the user can provide input to the computer. Other kinds of devices can be used
to provide for interaction with a user as well; for example, feedback provided to the user
can be any form of sensory feedback, e.g., visual feedback, auditory feedback, or tactile
feedback; and input from the user can be received in any form, including acoustic,
speech, or tactile input. In addition, a computer can interact with a user by sending
documents to and receiving documents from a device that is used by the user; for
example, by sending web pages to a web browser on a user’s client device in response to
requests received from the web browser.

Embodiments of the subject matter described in this specification can be
implemented in a computing system that includes a back end component, e.g., as a data
server, or that includes a middleware component, e.g., an application server, or that
includes a front end component, e.g., a client computer having a graphical user interface
or a Web browser through which a user can interact with an implementation of the subject

matter described in this specification, or any combination of one or more such back end,
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middleware, or front end components. The components of the system can be
interconnected by any form or medium of digital data communication, e.g., a
communication network. Examples of communication networks include a local area
network (“LAN”) and a wide area network (“WAN”), e.g., the Internet.

The computing system can include clients and servers. A client and server are
generally remote from each other and typically interact through a communication
network. The relationship of client and server arises by virtue of computer programs
running on the respective computers and having a client-server relationship to each other.

While this specification contains many specific implementation details, these
should not be construed as limitations on the scope of any invention or of what may be
claimed, but rather as descriptions of features that may be specific to particular
embodiments of particular inventions. Certain features that are described in this
specification in the context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various features that are described in
the context of a single embodiment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover, although features may be
described above as acting in certain combinations and even initially claimed as such, one
or more features from a claimed combination can in some cases be excised from the
combination, and the claimed combination may be directed to a subcombination or
variation of a subcombination.

Similarly, while operations are depicted in the drawings in a particular order, this
should not be understood as requiring that such operations be performed in the particular
order shown or in sequential order, or that all illustrated operations be performed, to
achieve desirable results. In certain circumstances, multitasking and parallel processing
may be advantageous. Moreover, the separation of various system modules and
components in the embodiments described above should not be understood as requiring
such separation in all embodiments, and it should be understood that the described
program components and systems can generally be integrated together in a single
software product or packaged into multiple software products.

Particular embodiments of the subject matter have been described. Other
embodiments are within the scope of the following claims. For example, the actions
recited in the claims can be performed in a different order and still achieve desirable
results. As one example, the processes depicted in the accompanying figures do not

necessarily require the particular order shown, or sequential order, to achieve desirable
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results. In certain implementations, multitasking and parallel processing may be

advantageous.
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WHAT IS CLAIMED IS:

1. A neural machine translation system implemented by one or more computers, the
neural machine translation system configured to receive an input sequence of input tokens
representing a first sequence of words in a first natural language and to generate an output
sequence of output tokens representing a second sequence of words that is a translation of
the first sequence into a second natural language, the neural machine translation system
comprising:

an encoder neural network comprising:

an input forward long short-term memory (LSTM) layer configured to
process each input token in the input sequence in a forward order to generate a respective
forward representation of each input token,

an input backward LSTM layer configured to process each input token in
the input sequence in a backward order to generate a respective backward representation
of each input token,

a combining layer configured to, for each input token in the input
sequence, combine the forward representation of the input token and the backward
representation of the input token to generate a combined representation of the input token,
and

a plurality of hidden LSTM layers configured to process each combined
representation in the forward order to generate a respective encoded representation of
each of the input tokens in the input sequence; and

a decoder subsystem configured to receive the respective encoded representation
of each of the input tokens in the input sequence and to process the encoded
representations to generate the output sequence, wherein a bottom layer of the encoder
neural network is a bi-directional LSTM layer that combines the input forward LSTM
layer, the input backward LSTM layer, and the combining layer that process the input
sequence in both the forward order and the backward order, and wherein the bottom layer
that is bi-directional is followed by the plurality of hidden LSTM layers that process the
input sequence received from the bottom layer in the forward order as uni-directional

LSTM layers.

2. The neural machine translation system of claim 1, wherein the hidden LSTM
layers are arranged in a stack one after the other, and wherein the plurality of hidden

LSTM layers comprises at least seven LSTM layers.
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3. The neural machine translation system of claim 2, wherein at least two of the

plurality of hidden LSTM layers are connected with a residual connection.

4. The neural machine translation system of any one of claims 1-3, wherein the
decoder subsystem comprises:
a decoder neural network, the decoder neural network comprising:
a plurality of LSTM layers arranged in a stack one on top of the other and
configured to, for each of a plurality of positions in the output sequence:
receive an attention context vector and the output token at a
preceding position in the output sequence, and
process the attention context vector and the token at the preceding
position in the output sequence to generate an LSTM output for the position, and
a softmax output layer, the softmax output layer configured to, for each of
the plurality of positions, receive the LSTM output for the position and to generate a

respective score for each output token in a vocabulary of output tokens.

5. The neural machine translation system of claim 4, wherein the plurality of LSTM

layers comprises at least eight LSTM layers.

6. The neural machine translation system of any one of claims 4 or 5, wherein at

least two of the plurality of LSTM layers are connected with a residual connection.

7. The neural machine translation system of claim 6, wherein a first LSTM layer in
the stack is configured to, for each of the plurality of positions:

receive a first layer input comprising the attention context vector, a layer output
generated by a LSTM layer directly below the first LSTM layer in the stack, and a layer
input to the LSTM layer directly below the first LSTM layer in the stack; and

process the first layer input in accordance with a current hidden state of the first

LSTM layer to generate a first layer output and to update the current hidden state.
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8. The neural machine translation system of any one of claims 4-7, wherein the
decoder system further comprises:
an attention subsystem, wherein the attention subsystem is configured to, for each

of the plurality of positions:

receive an attention input comprising a bottom layer output generated by a
bottom LSTM layer in the stack of LSTM layers in the decoder neural network for the
preceding position; and

process the attention input to generate the attention context vector for the

time step.

9. The neural machine translation system of claim 8, wherein processing the bottom
layer output and the respective encoded representation of each of the input tokens in the
input sequence to generate the attention context vector for the time step comprises, for
each of the plurality of time steps:

processing the bottom layer output and the encoded representations through one or
more neural network layers to generate a respective score for each of the input tokens;

generating a respective weight for each of the input tokens from the respective
scores; and

determining a weighted sum of the encoded representations in accordance with the

weights.

10.  The neural machine translation system of any one of claims 1-9, wherein the input

and output tokens are wordpieces.

11.  The neural machine translation system of any one of claims 1-10, wherein the
encoder neural network and the decoder subsystem are configured to perform quantized

computations during generation of the output sequence.
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12. A method of generating an output sequence of output tokens that represents a
second sequence of words that is a translation of a first sequence of words into a second
natural language, the method comprising:
obtaining a plurality of candidate output sequences from a neural machine
translation system;
maintaining at most a predetermined number of the candidate output sequences in

a beam for further consideration by the neural machine translation system, comprising:

assigning a respective score to each candidate output sequence;

ranking the candidate output sequences based on the respective scores;

removing from the beam all candidate output sequences other than the
predetermined number of highest-ranked candidate output sequences according to the
ranking;

determining whether any of the candidate output sequences in the beam
have been identified as a finalized candidate output sequence by the neural machine
translation system; and

when at least one of the candidate output sequences has been identified as
a finalized candidate output sequence:

decreasing a number of additional iterations that need to be

performed by removing from the beam all candidate output sequences that have a score
that is more than a threshold value lower than the score for a highest-ranked finalized

candidate output sequence.

13.  The method of claim 12, wherein determining whether any of the candidate output
sequences have been identified as a finalized candidate output sequence by the neural
machine translation system comprises:

determining whether any of the candidate output sequence ends with a

predetermined end-of-sentence output token.

14.  The method of any one of claims 12-13, wherein assigning a respective score to
each candidate output sequence comprises:

determining a log likelihood of the candidate output sequence according to
output scores generated by the neural machine translation system; and

normalizing the log likelihood based on a number of output tokens in the

candidate output sequence to generate a length normalized log likelihood.
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15.  The method of claim 14, wherein assigning a respective score to each candidate
output sequence further comprises:
modifying the length normalized log likelihood using a coverage penalty

to favor candidate output sequences that fully cover the words in the first sequence.

16.  The method of any one of claims 12-15, further comprising:
when all of the candidate output sequences in the beam have been identified as a
finalized candidate output sequence by the neural machine translation system, selecting a

highest-scoring candidate output sequence as the output sequence.

17. One or more computer storage media encoded with instructions that, when
executed by one or more computers, cause the one or more computers to implement the

system of any one of claims 1-11.

18. One or more computer storage media encoded with instructions that, when
executed by one or more computers, cause the one or more computers to perform the

operations of the respective method of any one of claims 12-16.

19. A system comprising one or more computers and one or more storage devices
storing instructions that, when executed by the one or more computers, cause the one or
more computers to perform the operations of the respective method of any one of claims

12-16.
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