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1
PHONEME-BASED CONTEXTUALIZATION
FOR CROSS-LINGUAL SPEECH
RECOGNITION IN END-TO-END MODELS

CROSS REFERENCE TO RELATED
APPLICATIONS

This U.S. patent application claims priority under 35
U.S.C. § 119(e) to U.S. Provisional Application 62/842,571,
filed on May 3, 2019. The disclosure of this prior application
is considered part of the disclosure of this application and is
hereby incorporated by reference in its entirety.

TECHNICAL FIELD

This disclosure relates to phoneme-based contextualiza-
tion for cross-lingual speech recognition in end-to-end mod-
els.

BACKGROUND

Recognizing the context of speech is the goal of automatic
speech recognition (ASR) systems. The ability to recognize
context in speech, however, is challenging given the wide
variety of words that people may speak and the many
variations in accents and pronunciation. In many cases, the
types of words and phrases that a person speaks varies
depending on the context the person finds himself or herself
in.

Contextual automated speech recognition (ASR) involves
biasing speech recognition towards a given context, such as
towards a user’s own playlist, contacts, or geographic place
names. Context information usually includes a list of rel-
evant phrases to be recognized, which often includes rare
phrases or even foreign words which are seen infrequently
in training. To perform contextual biasing, conventional
ASR systems sometimes model contextual information in an
independent contextual language model (LM), using an
n-gram weighted finite state transducer (WFST), and com-
pose the independent contextual LM with a baseline LM for
on-the-fly (OTF) rescoring.

Recently, end-to-end (E2E) models have shown great
promise for ASR, exhibiting improved word error rates
(WERs) and latency metrics as compared to conventional
on-device models. These E2E models, which fold the acous-
tic model (AM), pronunciation model (PM), and LMs into a
single network to directly learn speech-to-text mapping,
have shown competitive results compared to conventional
ASR systems which have a separate AM, PM, and LMs.
Representative E2E models include word-based connection-
ist temporal classification (CTC) models, recurrent neural
network transducer (RNN-T) models, and attention-based
models such as Listen, Attend, and Spell (LAS). Because
E2E models maintain a limited number of recognition
candidates during beam-search decoding, contextual ASR
can be challenging for E2E models.

SUMMARY

One aspect of the disclosure provides a method for
biasing speech recognition results toward terms present in a
biasing term list. The method includes receiving, at data
processing hardware, audio data encoding an utterance spo-
ken by a native speaker of a first language, and receiving, at
the data processing hardware, a biasing term list including
one or more terms in a second language different than the
first language. The method also includes processing, by the
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data processing hardware, using a speech recognition model,
acoustic features derived from the audio data to generate
speech recognition scores for both wordpieces and corre-
sponding phoneme sequences in the first language. The
method also includes rescoring, by the data processing
hardware, the speech recognition scores for the phoneme
sequences based on the one or more terms in the biasing
term list. The method also includes executing, by the data
processing hardware, using the speech recognition scores for
the wordpieces and the rescored speech recognition scores
for the phoneme sequences, a decoding graph to generate a
transcription for the utterance.

Implementations of the disclosure may include one or
more of the following optional features. In some implemen-
tations, rescoring the speech recognition scores for the
phoneme sequences comprises using a biasing finite-state
transducer (FST) to rescore the speech recognition scores for
the phoneme sequences. In these implementations, the
method may also include, tokenizing, by the data processing
hardware, each term in the biasing term list into a corre-
sponding phoneme sequence in the second language; map-
ping, by the data processing hardware, each corresponding
phoneme sequence in the second language to a correspond-
ing phoneme sequence in the first language; and generating,
by the data processing hardware, the biasing FST based on
each corresponding phoneme sequence in the first language.

In some examples, the speech recognition model includes
an end-to-end, wordpiece-phoneme model. In a particular
example, the end-to-end, wordpiece-phoneme model
includes a recurrent neural network-transducer (RNN-T).

In some implementations, during executing of the decod-
ing graph, the decoding graph biases the transcription to
favor any of the one or more terms in the biasing term list.
The speech recognition model may be trained on training
utterances in the first language only. Additionally, none of
the terms in the biasing term list may be used to train the
speech recognition model.

The data processing hardware and the speech recognition
model may reside on a user device or a remote computing
device in communication with the user device. When the
data processing hardware and the speech recognition model
reside on the remote computing device, receiving the audio
data encoding the utterance may include receiving the audio
data encoding the utterance from the user device.

Another aspect of the disclosure provides a system for
biasing speech recognition results toward terms present in a
biasing term list. The system includes data processing hard-
ware and memory hardware in in communication with the
data processing hardware and storing instructions that when
executed on the data processing hardware cause the data
processing hardware to perform operations. The operations
include receiving audio data encoding an utterance spoken
by a native speaker of a first language, receiving a biasing
term list comprising one or more terms in a second language
different than the first language, and processing, using a
speech recognition model, acoustic features derived from
the audio data to generate speech recognition scores for both
wordpieces and corresponding phoneme sequences in the
first language. The operations also include rescoring the
speech recognition scores for the phoneme sequences based
on the one or more terms in the biasing term list, and
executing, using the speech recognition scores for the word-
pieces and the rescored speech recognition scores for the
phoneme sequences, a decoding graph to generate a tran-
scription for the utterance.

This aspect may include one or more of the following
optional features. In some implementations, rescoring the
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speech recognition scores for the phoneme sequences com-
prises using a biasing finite-state transducer (FST) to rescore
the speech recognition scores for the phoneme sequences. In
these implementations, the operations may also include:
tokenizing each term in the biasing term list into a corre-
sponding phoneme sequence in the second language, map-
ping each corresponding phoneme sequence in the second
language to a corresponding phoneme sequence in the first
language, and generating the biasing FST based on each
corresponding phoneme sequence in the first language.

In some examples, the speech recognition model includes
an end-to-end, wordpiece-phoneme model. In a particular
example, the end-to-end, wordpiece-phoneme model
includes a recurrent neural network-transducer (RNN-T).

In some implementations, during executing of the decod-
ing graph, the decoding graph biases the transcription to
favor any of the one or more terms in the biasing term list.
The speech recognition model may be trained on training
utterances in the first language only. Additionally, none of
the terms in the biasing term list may be used to train the
speech recognition model.

The data processing hardware and the speech recognition
model may reside on a user device or a remote computing
device in communication with the user device. When the
data processing hardware and the speech recognition model
reside on the remote computing device, receiving the audio
data encoding the utterance may include receiving the audio
data encoding the utterance from the user device.

The details of one or more implementations of the dis-
closure are set forth in the accompanying drawings and the
description below. Other aspects, features, and advantages
will be apparent from the description and drawings, and
from the claims.

DESCRIPTION OF DRAWINGS

FIG. 1 is a schematic view of an example automatic
speech recognition system including a speech recognition
model that biases speech recognition results toward terms
present in a biasing term list.

FIG. 2 is a schematic view of an example architecture of
the speech recognition model of FIG. 1.

FIG. 3 is a schematic view of an example biasing finite-
state transducer.

FIG. 4 is a schematic view of an example decoding graph
based on wordpieces and corresponding phoneme
sequences.

FIG. 5 is a flowchart of an example arrangement of
operations for a method of biasing speech recognition results
toward terms present in a biasing term list.

FIG. 6 is a schematic view of an example computing
device that may be used to implement the systems and
methods described herein.

Like reference symbols in the various drawings indicate
like elements.

DETAILED DESCRIPTION

Implementations herein are directed toward enhancing a
contextual automated speech recognition (ASR) model to
recognize foreign words by, among other operations, map-
ping a foreign language phoneme set to a phoneme set for a
language (e.g., American English) of the ASR model to
enable modeling of foreign words in a phoneme-level,
biasing finite state transducer (FST). Further implementa-
tions are directed toward the ASR model incorporating a
wordpiece-phoneme model that includes wordpieces and
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phonemes for the language (e.g., American English) of the
ASR model in the modeling space. By way of example, the
contextual ASR model is configured to decode a spoken
utterance using a wordpiece-phoneme model and a contex-
tual biasing FST to contextually bias a transcription of the
utterance toward one or more foreign words. For example,
an American English speaker may speak an utterance
“Directions to Créteil” in which the word Créteil is a French
word, and the contextual ASR model, leveraging the word-
piece phoneme model and contextual biasing FST, may bias
the transcription to recognize the foreign word Créteil even
though the contextual ASR model was never trained on any
words in languages other than American English. In this
example, the foreign word Créteil may be one of multiple
French words contained in a biasing word list based on a
current context. For instance, if the user is presently located
in France and driving, the current context may indicate that
French city/region names are relevant, and thus, the contex-
tual ASR model may bias toward these French city/region
names.

Referring to FIG. 1, in some implementations, an
enhanced ASR system 100 is enhanced to recognize foreign
words. In the example shown, the ASR system 100 resides
on a user device 102 of a user 110 and/or on a remote
computing device 201 (e.g., one or more serves of a dis-
tributed system executing in a cloud-computing environ-
ment) in communication with the user device. Although the
user device 102 is depicted as a mobile computing device
(e.g., a smart phone), the user device 102 may correspond to
any type of computing device such as, without limitation, a
tablet device, a laptop/desktop computer, a wearable device,
a digital assistant device, a smart speaker/display, a smart
appliance, an automotive infotainment system, or an Inter-
net-of-Things (IoT) device.

The user device 102 includes an audio subsystem 103
configured to receive an utterance 106 spoken by the user
104 (e.g., the user device 102 may include one or more
microphones for recording the spoken utterance 106) and
convert the utterance 106 into a corresponding digital format
associated with parameterized input acoustic frames 104
capable of being processed by the ASR system 100. In the
example shown, the user speaks a respective utterance 106
for the phrase “Directions to Créteil” and the audio subsys-
tem 108 converts the utterance 106 into corresponding
acoustic frames 104 for input to the ASR system 100. For
instance, the acoustic frames 104 may be a series of param-
eterized input acoustic frames that each include 80-dimen-
sional log-Mel features, computed with a short, e.g., 25 ms,
window and shifted every few, e.g., 10, milliseconds.

Thereafter, the ASR system 100 receives, as input, the
acoustic frames 104 corresponding to the utterance 106, and
generates/predicts, as output, a corresponding transcription
(e.g., recognition result/hypothesis) 116 for the utterance
106. In the example shown, the user device 102 and/or the
remote computing device 201 also executes a user interface
generator 107 configured to present a representation of the
transcription 116 of the utterance 106 to the user 104 in a
user interface 136 of the user device 102. In some examples,
the user interface 136 may be displayed on a screen in
communication with the user device 102.

In some configurations, the transcription 116 output from
the ASR system 100 is processed, e.g., by a natural language
understanding (NLU) module executing on the user device
102 or the remote computing device 201, to execute a user
command. Additionally or alternatively, a text-to-speech
system (e.g., executing on any combination of the user
device 104 or the remote computing device 201) may
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convert the transcription into synthesized speech for audible
output by another device. For instance, the original utterance
106 may correspond to a message the user 104 is sending to
a friend in which the transcription 116 is converted to
synthesized speech for audible output to the friend to listen
to the message conveyed in the original utterance 106.

The enhanced ASR system 100 includes a biasing com-
ponent 115, a speech recognizer 150 having a wordpiece-
phoneme model 200 and a biasing FST 300, and a training
component 114. The biasing component 115 is configured to
generate the biasing FST 300 and the training component
114 is configured to train the wordpiece-phoneme model 200
and the biasing FST 300 to perform contextual biasing by
rescoring foreign words at the phoneme level. As will
become apparent, the speech recognizer 150 performs con-
textual speech recognition by biasing toward foreign words
using the trained, wordpiece-phoneme model 200 and the
biasing FST 300.

The training component 114 includes a lexicon 117 hav-
ing a corpus of text in a single language, e.g., American
English, a frequency checker 118, and a model trainer 120.
The frequency checker 118 is configured to determine a
relative frequency of terms in the single language among the
text of the corpus, while the model trainer 120 is configured
to train the wordpiece-phoneme model 200 based on both
wordpieces and phonemes of the terms in the text corpus, to
include both wordpieces and phonemes in the modeling
space. In some examples, the wordpiece-phoneme model
200 is trained end-to-end by the model trainer 120 using
training data that includes wordpiece-phoneme sets from a
single language only, e.g., American English, and excludes
wordpiece-phoneme sets from other languages. The model
trainer 120 may employ a word-frequency based sampling
strategy to randomly tokenize rare words into phonemes in
a target sequence using the lexicon 117. At stage A, the
training component 114 trains the wordpiece-phoneme
model 200 using text from the lexicon 117.

In some examples, the lexicon 117 contains around half of
a million words, with their frequencies being used to deter-
mine when to use phoneme sequences. The lexicon 117
contains words and their frequencies from training data, and
is trimmed by removing homophones (e.g. “flower” and
“flour”), homographs (e.g. “live” as a verb or adjective), and
pronunciation variants (e.g. “either”). The lexicon 117 thus
only contains entries that are unambiguous when going from
spelling to pronunciation or the other way around.

In some implementations, the model trainer 120 divides
training input utterances into 25-ms frames, windowed and
shifted at a rate of 10 ms. An 80-dimensional log-Mel
feature is extracted at each frame, and the current frame and
two frames to the left are concatenated to produce a 240
dimensional log-Mel feature. These features are then down-
sampled at a rate of 30 ms.

In some implementations, the wordpiece-phoneme model
200 includes a sequence-to-sequence model. In some
examples, the wordpiece-phoneme model 200 includes a
Recurrent Neural Network-Transducer (RNN-T) sequence-
to-sequence model architecture. In other examples, the
model 200 includes a Listen, Attend, Spell sequence to
sequence model architecture.

The wordpiece-phoneme model 200 differs from a word-
piece-only model in that a few words may selectively be
decomposed to phonemes in training. The output of the
model is a single softmax whose symbol set is the union of
wordpiece and phoneme symbols. A pronunciation lexicon
is used to obtain phoneme sequences of words. Since
phonemes show strength in recognizing rare words, these
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words are presented as phonemes more often. In a target
sentence, the i word is randomly presented as phonemes
with a probability

Pl =P0'miﬂ(%, 1)

where p, and T are constants and c(i) is an integer repre-
senting the number of time the word appears in our entire
training corpus. The words that appear T times or less will
be presented as phonemes with probability p,. For words
that appear more than T times, the more frequent they are,
the less likely they are presented as phonemes. In some
examples, T is equal to 10 and p,, is equal to 0.5, but in other
examples different values can be chosen. Note that the
decision of whether to use wordpieces or phonemes is made
randomly at each gradient iteration, and thus a given sen-
tence could have different target sequences at different
epochs. In some implementations, phonemes are context-
independent phonemes.

With reference to FIG. 2, the wordpiece-phoneme model
200 may include an end-to-end (E2E), RNN-T model 200
which adheres to latency constrains associated with inter-
active applications. The RNN-T model 200 provides a small
computational footprint and utilizes less memory require-
ments than conventional ASR architectures, making the
RNN-T model architecture suitable for performing speech
recognition entirely on the user device 102 (e.g., no com-
munication with a remote server is required). The RNN-T
model 200 includes an encoder network 210, a prediction
network 220, and a joint network 230. The encoder network
210, which is roughly analogous to an acoustic model (AM)
in a traditional ASK system, includes a recurrent network of
stacked Long Short-Term Memory (LSTM) layers. For
instance the encoder reads a sequence of d-dimensional
feature vectors (e.g., acoustic frames 104 (FIG. 1)) x=(x,,
Xs, - . . s X7), Where X, ER , and produces at each time step
a higher-order feature representation. This higher-order fea-
ture representation is denoted as h,”<, . . ., h;”".

Similarly, the prediction network 220 is also an LSTM
network, which, like a language model (LM), processes the
sequence of non-blank symbols output by a final
Softmax layer 240 so far, y,, . . ., y,,;, into a dense

representation D, Finally, with the RNN-T model archi-
tecture, the representations produced by the encoder and
prediction networks 210, 220 are combined by the joint
network 230. The joint network then predicts P(y,Ix,, . . .,
X Yos - -« » Yo, )» Which is a distribution over the next output
symbol. Stated differently, the joint network 230 generates,
at each output step (e.g., time step), a probability distribution
over possible speech recognition hypotheses. Here, the
“possible speech recognition hypotheses™ correspond to a
first set of output labels each representing a symbol/charac-
ter in a specified natural language and a second set of output
labels each representing a phoneme in the specified natural
language. Accordingly, the joint network 230 may output a
set of values indicative of the likelihood of occurrence of
each of a predetermined set of output labels. This set of
values can be a vector and can indicate a probability
distribution over the set of output labels. In some cases, the
output labels are graphemes (e.g., individual characters, and
potentially punctuation and other symbols) in the first set
and phonemes in the second set, but the set of output labels
is not so limited. The output distribution of the joint network
230 can include a posterior probability value for each of the
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different output labels. Thus, if there are 100 different output
labels representing different graphemes or other symbols,
the output y, of the joint network 230 can include 100
different probability values, one for each output label. The
probability distribution can then be used to select and assign
scores to candidate orthographic elements (e.g., graphemes,
wordpieces, words, phonemes) in a beam search process
(e.g., by the Softmax layer 240) for determining the tran-
scription 11.

The Softmax layer 240 may employ any technique to
select the output label/symbol with the highest probability in
the distribution as the next output symbol predicted by the
model 200 at the corresponding output step. In this manner,
the RNN-T model 200 does not make a conditional inde-
pendence assumption, rather the prediction of each symbol
is conditioned not only on the acoustics but also on the
sequence of labels output so far. The RNN-T model 200 does
assume an output symbol is independent of future acoustic
frames 110, which allows the RNN-T model to be employed
in a streaming fashion.

In some examples, the encoder network 210 of the
RNN-T model 200 is made up of eight 2,048-dimensional
LSTM layers, each followed by a 640-dimensional projec-
tion layer. A time-reduction layer with the reduction factor
of two may be inserted after the second LSTM layer of the
encoder to reduce model latency. The prediction network
220 may have two 2,048-dimensional LSTM layers, each of
which is also followed by 640-dimensional projection layer.
Finally, the joint network 230 may also have 640 hidden
units, followed by a 4,096 softmax output. Specifically, the
output units contain 41 context-independent phonemes and
the rest are wordpieces.

Referring back to FIG. 1, the biasing component 115 of
the ASR system 100 includes a tokenizer 121 configured to
token terms from a biasing term list 105 in a foreign
language that are to be biased into foreign phonemes, a
phoneme mapper 123 configured to map the foreign pho-
nemes of the tokenized terms into similar phonemes that are
associated with the single language, e.g., American English.
The phoneme mapper 123 may be represented by a diction-
ary which contains human generated source-language to
target-language phoneme pairs, and the X-SAMPA phoneme
set is used for all languages. Notably, the phoneme mapper
123 is useful when the wordpiece-phoneme model 200
contains only phonemes that are associated with a single
language, e.g., American English.

For example, given the utterance 106 for a navigation
query “directions to Créteil” and the assumption that the
French word “Créteil” is in the biasing term list 105,
“Créteil” is first tokenized by tokenizer 121 to French
phonemes as “k R e t E j”, and then mapped by the phoneme
mapper 123 to English phonemes “k r\ E t E j” for use in
generating the phoneme-level, biasing FST 300. The pho-
neme mapping is used since the wordpiece-phoneme model
200 includes only phonemes from a single language, e.g.,
American English, as modeling units.

The present disclosure is not limited to what terms are
included in the biasing term list 105, or how the terms are
selected for inclusion in the biasing term list 105. The
biasing term list 105 may dynamically update based on a
relevant context. For instance, context information may
indicate that what applications are open and in use on the
user device 104, contact names from a contact list of the
user, artist/album names in the user’s 110 media library, a
location of the user 110, etc. For instance, the user 102 may
speak American English, and based on context information
indicating a navigation/map application is open on the user
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device 102 and the location of the user 102 is in France, the
biasing term list 105 may include terms associated with city
and/or region names in France.

The biasing component 115 also includes a phoneme-
level, biasing FST generator 125 configured to generate the
biasing FST 300 based on phoneme sequences in the native
language (e.g., American English) that represent each of the
foreign language (e.g., French) terms in the biasing term list
105. In some examples, the biasing generator 125 uses
weight pushing to assign weights at the phoneme level, and
adds failure arcs to avoid over-biasing. In some implemen-
tations, in decoding, all biasing words are used to construct
a contextual FST with each arc having the same weight.
These weights may be tuned independently for different
models.

The speech recognizer 200 uses the biasing FST 300
generated by the biasing component 115 to rescore pho-
nemes output by the wordpiece-phoneme model 200, while
a decoder graph 400 consumes the rescored phonemes from
the biasing FST 300 and wordpieces output by the word-
piece-phoneme model 200 to generate wordpieces for inclu-
sion in the transcription 116. The decoder graph 400 may
correspond to a beam search decoding process that deter-
mines one or more candidate transcriptions for the utterance
106.

In some examples, during decoding by the model 200, the
biasing FST 300 may consume English phoneme symbols
output by the wordpiece-phoneme model 200 and produces
wordpieces, using the foreign lexicon and phoneme map-
ping, i.e. “k \E t E j”—Créteil. Wordpieces that are output
by the decoder graph 400 are concatenated by concatenator
134 into words of the transcription 116 that are output to
other components of the user device 102, for example to the
user interface generator 107 or to other natural language
processing components.

FIG. 3 shows an example biasing FST 300 for the word
“Créteil” at the phoneme level. The biasing FST is then used
to rescore the phoneme outputs of the wordpiece-phoneme
model on the fly, using Equation (1), below:

y* = argmaxlog P(ylx) + Alog Pc(y) L

y

In Equation (1), x denotes acoustic observations, y
denotes the subword unit sequence, P denotes the probability
estimation from the E2E model, and P_ is the biasing
rescoring probability. A controls the weight of contextual
LM in rescoring.

Referring back to FIG. 1, the wordpiece-phoneme model
200 incorporates phonemes as well as wordpieces as mod-
eling units, and uses the biasing FST 300 for contextual
biasing toward foreign language terms in the biasing term
list 120. By contrast to an all-phoneme model, the word-
piece-phoneme model 200 modeling both phonemes and
wordpieces mitigates regressions on recognizing regular
words.

After the model 200 is trained at stage A, at stage B, the
user 110 speaks to the device 102 the utterance 106 “direc-
tions to Créteil.” At stage C, the audio subsystem 103
receives, e.g., using a microphone, the utterance, and con-
verts the received utterance to a series of parameterized
input acoustic frames 104. For example, the parameterized
input acoustic frames 104 may each include 80-dimensional
log-Mel features, computed with a short, e.g., 25 ms, win-
dow and shifted every few, e.g., 10, milliseconds.
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At stage D, the ASR system 100 processes the param-
eterized input acoustic frames as described above, and
outputs a contextually biased transcription 116, i.e., the text
“directions to Créteil”. At stage E, the user interface gen-
erator system 107 generates computer code for a graphical
user interface 136 that includes a representation of the
transcription, and transmits that computer code to the mobile
device 102 for display on user interface 136, at stage F.

Additional details performed by the ASR system 100 may
occur during stage D. For instance, during stage D', the
biasing component 115 generates a biasing FST 300 based
on receiving the list of biasing terms 120 that includes the
term “Créteil.” At stage D", the trained wordpiece-phoneme
model 200 of the speech recognizer 150 generates speech
recognition scores for both wordpieces and corresponding
phoneme sequences based on the utterance 106 of the user
110, the speech recognition scores for the phonemes being
rescored and remapped by the biasing FST 300 and the
wordpieces and rescored/remapped phonemes consumed by
the decoder graph 400 to generate wordpieces for output in
the transcription 116, at stage D''. The decoder graph 400
and concatenator 134 generates the contextually biased
transcription 116, and provides the transcription for output,
e.g., to the user interface generator system 107 for display in
a GUI 136 of the user device 102. Notably, the decoder
graph 400 executes after the biasing FST 300 rescores the
phoneme sequences that correspond to any of the terms in
the biasing term list 105. As such, word pieces having low
speech recognition scores that correspond to foreign words
in the biasing term list 105 are not pruned prematurely.

During testing, the speech recognizer 150 employing the
wordpiece-phoneme model 200 and the biasing FST 300 to
contextually bias recognition results toward terms in a
biasing term list 120 has been shown to successfully rec-
ognize foreign words with a WER rate that is markedly
better than both grapheme-only biasing models and word-
piece-only biasing models. The wordpiece-phoneme model
200 also has the advantage that it can be directly applied to
other foreign languages for biasing without model scalabil-
ity issues.

FIG. 4 shows an example decoding graph 400 that the
speech recognizer 150 executes to contextually-bias speech
recognition results. Specifically, the example decoding
graph 400 depicts decoding for the words “creche” (“day-
care,” in English) with English cross lingual pronunciation
“k \ E 8” and “créteil” (a city in France) with pronunciation
“k A EtEj”. For clarity, most wordpieces for the state 0 are
omitted.

The decoding graph 400 is configured to receive, as input,
both phonemes and wordpieces output from the wordpiece-
phoneme model 200. The speech decoding process searches
the decoding graph 400 to generate words as outputs. In the
example shown, a decoding FST has wordpiece loops
around state 0, but also has a pronunciation FST, i.e., states
one (1) through fourteen (14), which includes a prefix tree
with phonemes as inputs and corresponding wordpieces as
outputs. The pronunciation FST is constructed using the
same pronunciations used in biasing for all biasing terms.
The final output symbols, which are always wordpieces, are
concatenated (e.g., by the concatenator 134 of FIG. 1) into
words.

The decoding graph 400 of FIG. 4 provides two additional
improvements to an overall decoding strategy. First, given
the nature of the decoding graph 400, it is possible that there
are several hypotheses that consume the same inputs with
the same costs, but do not have the same outputs. For
example, a hypothesis that ends at state 7 would have the
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same cost as the one that ends at state 9. This causes issues
because the beam gets filled up by many hypotheses that are
all equivalent. The enhanced ASR techniques described in
this specification thus prune to beam by only keeping the
hypothesis that ends at state 9.

The second improvement relates to merged paths. Given
the nature of the training and decoding, a given word can be
output either directly in wordpieces, or transduced from
phonemes to wordpieces. Equivalent hypotheses are tracked
and recombined by adding their probabilities, assigning the
total probability to the most likely hypothesis, and dropping
the others from the beam.

Testing has been performed to compare the biasing results
of the wordpiece-phoneme model 200 to a grapheme-only
model and a wordpiece-only model. The latter two models
have the same structure as the wordpiece-phoneme model
200, the difference being that the grapheme model has 76
graphemes as outputs and the wordpiece model has 4,096
wordpieces. This difference leads to around 117 M and 120
M parameters for the grapheme model and wordpiece
model, respectively. Note that the two model’s output sym-
bols are in English and they are trained using all-English
data. For these two models, biasing is done at the grapheme
level or wordpiece level alone using the English transliter-
ated versions of French biasing words.

In general, the testing indicates that all three models
perform similarly without biasing. This is because the place
names are in French and they have never been seen in
training, i.e. a word OOV rate of nearly 100% Furthermore,
all models perform substantially better with biasing. The
WER reductions are significant when compared to the
no-bias case.

Comparing different biasing strategies, the wordpiece-
phoneme model 200 demonstrated the best performance,
operating significantly better than both the grapheme model,
and the wordpiece model. Superior performance of the
wordpiece-phoneme model is attributed to the robustness of
phonemes to OOV words. Since the wordpiece-phoneme
model 200 contains both wordpieces and phonemes as
modeling units, wordpiece biasing can be performed in
addition to phoneme-based biasing by building a wordpiece
FST in addition to the phoneme FST. The addition of this
wordpiece FST has been demonstrated to further reduce
WER, showing that that wordpiece biasing and phoneme
biasing are complementary to each other. The weights that
are used for both phoneme and wordpiece biasing may be
the same or different. Observations have shown that word-
pieces may perform better than graphemes because of spar-
sity issues in matching longer units.

Testing has shown that biasing can help in recognizing
foreign place names. For instance, biasing helps produce the
correct French words, and in contrast, phonetically similar
but wrong English words are produced when without bias-
ing. Errors made are often due to phonetically similar words
in French.

To better ensure there is no regression in no-biasing
scenarios, the three models were compared for decoding
regular English utterances. In decoding, the biasing mecha-
nism was turned off by using an empty list of biasing phrases
Testing has shown that the wordpiece model performs better
than the grapheme model. The wordpiece-phoneme model
performs a little better than the grapheme model, which may
be attributed to the higher frequency of wordpieces during
training. Compared to the wordpiece model, the wordpiece-
phoneme model has a very slight degradation. This is due to
the introduction of phones in modeling. One potential
approach to improve regression is to incorporate an English
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external language model for phonemes in rescoring, simi-
larly to the wordpiece-based rescoring. However, the regres-
sion is significantly smaller than the all-phoneme model.

FIG. 5 is a flowchart of an example arrangement of
operations for a method of contextually biasing a transcrip-
tion toward foreign terms in a biasing term list. At operation
502, the method 500 includes receiving audio data encoding
an utterance 106 spoken by a native speaker 110 of a first
language. The utterance 106 may include one or more
foreign words of a second language different than the first
language. At operation 504, the method 500 includes receiv-
ing a biasing term list 105 that includes one or more terms
in the second language.

At operation 506, the method 500 also includes process-
ing, using a speech recognition model 200, acoustic features
104 derived from the audio data to generate speech recog-
nition scores for both wordpieces and corresponding pho-
neme sequences in the first language. At operation 508, the
method 500 also includes rescoring the speech recognition
scores for the phoneme sequences based on the one or more
terms in the biasing term list. At operation 506, the method
500 includes executing, using the speech recognition scores
for the wordpieces and the rescored speech recognition
scores for the phoneme sequences, a decoding graph 400 to
generate a transcription 116 for the utterance 106.

A software application (i.e., a software resource) may
refer to computer software that causes a computing device to
perform a task. In some examples, a software application
may be referred to as an “application,” an “app,” or a
“program.” Example applications include, but are not lim-
ited to, system diagnostic applications, system management
applications, system maintenance applications, word pro-
cessing applications, spreadsheet applications, messaging
applications, media streaming applications, social network-
ing applications, and gaming applications.

The non-transitory memory may be physical devices used
to store programs (e.g., sequences of instructions) or data
(e.g., program state information) on a temporary or perma-
nent basis for use by a computing device. The non-transitory
memory may be volatile and/or non-volatile addressable
semiconductor memory. Examples of non-volatile memory
include, but are not limited to, flash memory and read-only
memory (ROM)/programmable read-only  memory
(PROM)/erasable  programmable read-only memory
(EPROM)/electronically erasable programmable read-only
memory (EEPROM) (e.g., typically used for firmware, such
as boot programs). Examples of volatile memory include,
but are not limited to, random access memory (RAM),
dynamic random access memory (DRAM), static random
access memory (SRAM), phase change memory (PCM) as
well as disks or tapes.

FIG. 6 is schematic view of an example computing device
600 that may be used to implement the systems and methods
described in this document. The computing device 600 is
intended to represent various forms of digital computers,
such as laptops, desktops, workstations, personal digital
assistants, servers, blade servers, mainframes, and other
appropriate computers. The components shown here, their
connections and relationships, and their functions, are meant
to be exemplary only, and are not meant to limit implemen-
tations of the inventions described and/or claimed in this
document.

The computing device 600 includes a processor 610,
memory 620, a storage device 630, a high-speed interface/
controller 640 connecting to the memory 620 and high-
speed expansion ports 650, and a low speed interface/
controller 660 connecting to a low speed bus 670 and a
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storage device 630. Each of the components 610, 620, 630,
640, 650, and 660, are interconnected using various busses,
and may be mounted on a common motherboard or in other
manners as appropriate. The processor 610 can process
instructions for execution within the computing device 600,
including instructions stored in the memory 620 or on the
storage device 630 to display graphical information for a
graphical user interface (GUI) on an external input/output
device, such as display 680 coupled to high speed interface
640. In other implementations, multiple processors and/or
multiple buses may be used, as appropriate, along with
multiple memories and types of memory. Also, multiple
computing devices 600 may be connected, with each device
providing portions of the necessary operations (e.g., as a
server bank, a group of blade servers, or a multi-processor
system).

The memory 620 stores information non-transitorily
within the computing device 600. The memory 620 may be
a computer-readable medium, a volatile memory unit(s), or
non-volatile memory unit(s). The non-transitory memory
620 may be physical devices used to store programs (e.g.,
sequences of instructions) or data (e.g., program state infor-
mation) on a temporary or permanent basis for use by the
computing device 600. Examples of non-volatile memory
include, but are not limited to, flash memory and read-only
memory (ROM)/programmable read-only  memory
(PROM)/erasable  programmable read-only —memory
(EPROM)/electronically erasable programmable read-only
memory (EEPROM) (e.g., typically used for firmware, such
as boot programs). Examples of volatile memory include,
but are not limited to, random access memory (RAM),
dynamic random access memory (DRAM), static random
access memory (SRAM), phase change memory (PCM) as
well as disks or tapes.

The storage device 630 is capable of providing mass
storage for the computing device 600. In some implemen-
tations, the storage device 630 is a computer-readable
medium. In various different implementations, the storage
device 630 may be a floppy disk device, a hard disk device,
an optical disk device, or a tape device, a flash memory or
other similar solid state memory device, or an array of
devices, including devices in a storage area network or other
configurations. In additional implementations, a computer
program product is tangibly embodied in an information
carrier. The computer program product contains instructions
that, when executed, perform one or more methods, such as
those described above. The information carrier is a com-
puter- or machine-readable medium, such as the memory
620, the storage device 630, or memory on processor 610.

The high speed controller 640 manages bandwidth-inten-
sive operations for the computing device 600, while the low
speed controller 660 manages lower bandwidth-intensive
operations. Such allocation of duties is exemplary only. In
some implementations, the high-speed controller 640 is
coupled to the memory 620, the display 680 (e.g., through a
graphics processor or accelerator), and to the high-speed
expansion ports 650, which may accept various expansion
cards (not shown). In some implementations, the low-speed
controller 660 is coupled to the storage device 630 and a
low-speed expansion port 690. The low-speed expansion
port 690, which may include various communication ports
(e.g., USB, Bluetooth, Ethernet, wireless Ethernet), may be
coupled to one or more input/output devices, such as a
keyboard, a pointing device, a scanner, or a networking
device such as a switch or router, e.g., through a network
adapter.
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The computing device 600 may be implemented in a
number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 600a
or multiple times in a group of such servers 6004, as a laptop
computer 6005, or as part of a rack server system 600c.

Various implementations of the systems and techniques
described herein can be realized in digital electronic and/or
optical circuitry, integrated circuitry, specially designed
ASICs (application specific integrated circuits), computer
hardware, firmware, software, and/or combinations thereof.
These various implementations can include implementation
in one or more computer programs that are executable
and/or interpretable on a programmable system including at
least one programmable processor, which may be special or
general purpose, coupled to receive data and instructions
from, and to transmit data and instructions to, a storage
system, at least one input device, and at least one output
device.

These computer programs (also known as programs,
software, software applications or code) include machine
instructions for a programmable processor, and can be
implemented in a high-level procedural and/or object-ori-
ented programming language, and/or in assembly/machine
language. As used herein, the terms “machine-readable
medium” and “computer-readable medium” refer to any
computer program product, non-transitory computer read-
able medium, apparatus and/or device (e.g., magnetic discs,
optical disks, memory, Programmable Logic Devices
(PLDs)) used to provide machine instructions and/or data to
a programmable processor, including a machine-readable
medium that receives machine instructions as a machine-
readable signal. The term “machine-readable signal” refers
to any signal used to provide machine instructions and/or
data to a programmable processor.

The processes and logic flows described in this specifi-
cation can be performed by one or more programmable
processors, also referred to as data processing hardware,
executing one or more computer programs to perform func-
tions by operating on input data and generating output. The
processes and logic flows can also be performed by special
purpose logic circuitry, e.g., an FPGA (field programmable
gate array) or an ASIC (application specific integrated
circuit). Processors suitable for the execution of a computer
program include, by way of example, both general and
special purpose microprocessors, and any one or more
processors of any kind of digital computer. Generally, a
processor will receive instructions and data from a read only
memory or a random access memory or both. The essential
elements of a computer are a processor for performing
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. Computer readable media suitable for storing com-
puter 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, one or more aspects
of the disclosure can be implemented on a computer having
a display device, e.g., a CRT (cathode ray tube), LCD (liquid

25

40

45

50

55

60

65

14

crystal display) monitor, or touch screen for displaying
information to the user and optionally 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 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 users client device in response
to requests received from the web browser.

A number of implementations have been described. Nev-
ertheless, it will be understood that various modifications
may be made without departing from the spirit and scope of
the disclosure. Accordingly, other implementations are
within the scope of the following claims.

What is claimed is:

1. A method comprising:

receiving, at data processing hardware, audio data encod-

ing an utterance spoken by a native speaker of a first
language, the utterance comprising at least one word in
the first language and at least one word in a second
language different than the first language;

receiving, at the data processing hardware, a biasing term

list comprising one or more terms in the second lan-
guage;

processing, by the data processing hardware, using a

speech recognition model trained on training utterances
in the first language only, acoustic features derived
from the audio data to generate, as output from the
speech recognition model, speech recognition scores
for both wordpieces and corresponding phoneme
sequences in the first language;

rescoring, by the data processing hardware, the speech

recognition scores for the phoneme sequences gener-
ated as output from the speech recognition model in the
first language based on the one or more terms in the
second language from the biasing term list; and
executing, by the data processing hardware, a decoding
graph configured to:
receive, as input, the speech recognition scores for the
wordpieces generated as output from the speech
recognition model and the rescored speech recogni-
tion scores for the phoneme sequences; and
generate, as output, wordpieces for inclusion in a
transcription for the utterance.

2. The method of claim 1, wherein rescoring the speech
recognition scores for the phoneme sequences comprises
using a biasing finite-state transducer (FST) to rescore the
speech recognition scores for the phoneme sequences.

3. The method of claim 2, further comprising:

tokenizing, by the data processing hardware, each term in

the biasing term list into a corresponding phoneme
sequence in the second language;

mapping, by the data processing hardware, each corre-

sponding phoneme sequence in the second language to
a corresponding phoneme sequence in the first lan-
guage; and

generating, by the data processing hardware, the biasing

FST based on each corresponding phoneme sequence
in the first language.

4. The method of claim 1, wherein the speech recognition
model comprises an end-to-end, wordpiece-phoneme model.
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5. The method of claim 4, wherein the end-to-end, word-
piece-phoneme model comprises a recurrent neural net-
work-transducer (RNN-T).
6. The method of claim 1, wherein, during executing of
the decoding graph, the decoding graph biases the transcrip-
tion to favor any of the one or more terms in the biasing term
list.
7. The method of claim 1, wherein none of the terms in the
biasing term list were used to train the speech recognition
model.
8. The method of claim 1, wherein the data processing
hardware and the speech recognition model reside on a user
device.
9. The method of claim 1, wherein:
the data processing hardware and the speech recognition
model reside on a remote computing device; and

receiving the audio data encoding the utterance comprises
receiving the audio data encoding the utterance from a
user device in communication with the remote com-
puting device.

10. A system comprising:

data processing hardware; and

memory hardware in communication with the data pro-

cessing hardware, the memory hardware storing

instructions that when executed on the data processing

hardware cause the data processing hardware to per-

form operations comprising:

receiving audio data encoding an utterance spoken by
a native speaker of a first language, the utterance
comprising at least one word in the first language and
at least one word in a second language different than
the first language;

receiving a biasing term list comprising one or more
terms in the second language;

processing, using a speech recognition model trained
on training utterances in the first language only,
acoustic features derived from the audio data to
generate, as output from the speech recognition
model, speech recognition scores for both word-
pieces and corresponding phoneme sequences in the
first language;

rescoring the speech recognition scores for the pho-
neme sequences generated as output from the speech
recognition model in the first language based on the
one or more terms in the second language from the
biasing term list; and
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executing a decoding graph configured to:

receive, as input, the speech recognition scores for
the wordpieces generated as output from the
speech recognition model and the rescored speech
recognition scores for the phoneme sequences;
and

generate, as output, wordpieces for inclusion in a
transcription for the utterance.

11. The system of claim 10, wherein rescoring the speech
recognition scores for the phoneme sequences comprises
using a biasing finite-state transducer (FST) to rescore the
speech recognition scores for the phoneme sequences.

12. The system of claim 11, wherein the operations further
comprise:

tokenizing each term in the biasing term list into a

corresponding phoneme sequence in the second lan-
guage;

mapping each corresponding phoneme sequence in the

second language to a corresponding phoneme sequence
in the first language; and

generating the biasing FST based on each corresponding

phoneme sequence in the first language.
13. The system of claim 10, wherein the speech recogni-
tion model comprises an end-to-end, wordpiece-phoneme
model.
14. The system of claim 13, wherein the end-to-end,
wordpiece-phoneme model comprises a recurrent neural
network-transducer (RNN-T).
15. The system of claim 10, wherein, during executing of
the decoding graph, the decoding graph biases the transcrip-
tion to favor any of the one or more terms in the biasing term
list.
16. The system of claim 10, wherein none of the terms in
the biasing term list were used to train the speech recogni-
tion model.
17. The system of claim 10, wherein the data processing
hardware and the speech recognition model reside on a user
device.
18. The system of claim 10, wherein:
the data processing hardware and the speech recognition
model reside on a remote computing device; and

receiving the audio data encoding the utterance comprises
receiving the audio data encoding the utterance from a
user device in communication with the remote com-
puting device.



