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Abstract

Customization of automatic speech recognition (ASR) models
using text data from a target domain is essential to deploying
ASR in various domains. End-to-end (E2E) modeling for ASR
has made remarkable progress, but the advantage of E2E model-
ing, where all neural network parameters are jointly optimized,
is offset by the challenge of customizing such models. In con-
ventional hybrid models, it is easy to directly modify a lan-
guage model or a lexicon using text data, but this is not true for
E2E models. One popular approach for customizing E2E mod-
els uses audio synthesized from the target domain text, but the
acoustic mismatch between the synthesized and real audio can
be problematic. We propose a method that avoids the negative
effect of synthesized audio by (1) adding a mapping network
before the encoder network to map the acoustic features of the
synthesized audio to those of the source domain, (2) training
the added mapping network using text and synthesized audio
from the source domain while freezing all layers in the E2E
model, (3) training the E2E model with text and synthesized
audio from the target domain, and (4) removing the added map-
ping network when decoding real audio from the target domain.
Experiments on customizing RNN Transducer and Conformer
Transducer models demonstrate the advantage of the proposed
method over encoder freezing, a popular customization method
for E2E models.

Index Terms: End-to-end speech recognition, customization,
recurrent neural network transducer (RNN-T), conformer trans-
ducer (Conformer-T), synthesized audio

1. Introduction

End-to-end (E2E) automatic speech recognition (ASR) with
neural networks is making remarkable progress [1-3]. In E2E
ASR, all neural network parameters are jointly optimized with
paired audio and reference text, which contributes to superior
accuracy, efficient decoding, and ease of training. By contrast,
the conventional hybrid ASR uses three modules, an Acoustic
Model (AM), a Language Model (LM), and a lexicon (pronun-
ciation dictionary or model), and these modules are indepen-
dently trained, making training and decoding more complex.

When ASR systems are deployed to various domains, flex-
ible customizability is essential [4]. Customization with only
text data from the target domain is especially important because
it is much easier to prepare text data than paired real audio and
text data. The modularity of the conventional hybrid ASR al-
lows for independent customization of the necessary modules:
target domain text data can be used to customize the LM and
lexicon. Because E2E ASR models are not modular, it is not
straightforward to directly modify the language model and the
lexicon portions of an E2E model with only text data.
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One popular approach to customize E2E models with text
data uses audio data synthesized from the target domain text
data [5-9]. While speech synthesis technology is also making
remarkable progress recently [10-14], there still exists acous-
tic mismatch between synthesized and real audio, which can
have a negative effect in customizing E2E ASR. To mitigate this
problem, freezing the acoustic encoder part of the E2E model,
such as the encoder network in neural transducers, has been ex-
plored [5,7].

Another approach customizes an external LM that is jointly
used with the E2E model during decoding. Some external LM
fusion techniques, such as shallow fusion [15-17], density ratio
fusion [18], and their enhancements [19,20] have been explored
in the context of customization. While external LM fusion
is simple, it requires additional computation during decoding
and the performance improvement can be smaller than the cus-
tomization of the E2E model itself using synthesized audio [7].

For E2E ASR, various modeling approaches including Con-
nectionist Temporal Classification (CTC) [21-24], attention-
based encoder-decoder [1,25-27], and neural transducers such
as Recurrent Neural Network Transducer (RNN-T) [28, 29],
Transformer Transducer [30, 31], and Conformer Transducer
(Conformer-T) [2] have been proposed. Among these ap-
proaches, neural transducers do not assume conditional inde-
pendence between predictions at different time steps, unlike
CTC, and enable monotonic decoding in time, unlike attention-
based encoder-decoder, which are attractive characteristics for
deployment of E2E ASR in various industry settings. These
advantages motivated us to focus on neural transducers, more
specifically, RNN-T and Conformer-T, in this paper.

Hereafter, we focus on directly customizing neural trans-
ducers, and exclude customization of external LMs due to the
higher inference cost of LM fusion. Our approach improves
on the popular approach of using synthesized audio by avoid-
ing the negative impact that training on mismatched synthetic
speech has on an E2E model. To this end, we (1) add an ad-
ditional mapping network before the encoder network to map
the acoustic features of the synthesized audio to those of the
source domain, (2) train the added mapping network using text
and synthesized audio from the source domain while freezing
all layers in the E2E model, (3) train the E2E model with text
and synthesized audio from the target domain, and (4) remove
the added mapping network when decoding real audio from the
target domain. In this proposed method, the mapping network is
a form of feature-space transformation [32] that is trained with
the transducer loss given a fixed neural transducer model. Note
that this mapping network is used only during customization
and is discarded for decoding real audio in the target domain.

Experimental results on customizing RNN-T and
Conformer-T models to various domains demonstrate the
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Figure 1: Schematic diagram of neural transducer.
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Figure 2: Posterior lattice for neural transducer.

advantage of the proposed method over encoder freezing, a
popular customization method for E2E models.

2. Neural Transducers

Lety = (y1,---,yu) denote a length-U sequence of target
output symbols drawn from target symbol set ). Elements of
Y may be letters, phonemes, graphemes, wordpieces, and so
on [33,34]. In this work, we use letters. Let x = (x1,- - ,X7)
denote a sequence of acoustic feature vectors over 7' time steps.
In neural transducer modeling, an extra blank symbol ¢ is in-
troduced to expand the length-U sequence y to a set of length-
(T + U) sequences ®(y). Each sequence y € ®(y) is one
of the transducer alignments between x and y, where the ele-
ments of y = (g1, -+ ,Yr+uv) are drawn from Y U {¢}. The
transducer loss is the negative log-posterior of the target symbol
sequence, marginalized over all possible transducer alignments:
Ly = —log P(y[x) = —log "y ¢y PFI).

As shown in Figure 1, the encoder network serves as an
acoustic model that converts the input features x to a sequence
of projected embedding vectors h{"® with the same length T

The prediction network works as an LM, producing a sequence

of projected embedding vectors hﬁred conditioned on the pre-

vious non-blank predictions, (y1,- - ,yu—1). Note that the di-
vision of the encoder, prediction, and joint networks is slightly
different from the most popular one, and linear projections to
match the dimensions of both embedding sequences are applied
inside the encoder and prediction networks. The joint network
outputs an embedding z: ., by combining the output from the
encoder network h§"¢ and the output from the prediction net-
work h?fed. A common implementation of the joint network
sums the projected embeddings followed by a linear transfor-
mation as z¢,, = W(h{" + hﬂ‘ed) + b where v is hyper-
bolic tangent, W is a weight matrix, and b is a bias vector.
Another promising implementation, which is used in this paper,
is multiplicative integration of the two streams followed by a
linear transformation as z;,, = W (h{"™ ® hﬂ“’d) + b where
©® denotes elementwise multiplication [35,36]. A softmax op-
eration is applied to z; ., to calculate a posterior distribution
P(§4ult,u) over the set Y U {¢}. Thus, P(§iyult,u) de-
fines a posterior lattice as shown in Figure 2, where each node
represents the posterior distribution. With these definitions,
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neural transducer training is achieved by minimizing the trans-
ducer loss L1, which is efficiently computed using a forward-
backward algorithm [28,37].

RNN-T models are neural transducer models that use
RNN (usually Long Short-Term Memory) encoder networks;
Conformer-T models use Conformer encoder networks.

3. Proposed Customization for Neural
Transducers

We explore a method to customize neural transducer models
using only text data from the target domain, which is a com-
mon scenario for ASR deployments. Because the prediction
network of a transducer model works as an LM, customizing
the prediction network to the target domain is a widely used ap-
proach. In neural transducer models, the prediction network is
jointly optimized with other networks; thus, it is not easy to di-
rectly modify only the prediction network with text data. Syn-
thesizing audio from the target domain text to customize neu-
ral transducer models is a popular approach, but the acoustic
mismatch between the synthesized and real audio must be ad-
dressed. Encoder freezing tackles this problem by freezing the
encoder network and updating only the prediction network to
avoid contaminating the encoder network with the synthesized
audio [5,7].

In this paper, we address this problem by explicitly trans-
forming the features of the synthesized audio to fit the encoder
network of the baseline transducer model. As shown in Figure
3, there are four steps in the proposed method. We call the do-
main of the baseline transducer model’s training data the source
domain and the new domain to which the model needs to be
customized the farget domain. As explained in Section 2, trans-
ducer models have three components, the joint, prediction, and
encoder networks, denoted in Figure 3 by J, P, and E, respec-
tively. Note that the baseline E2E model consists of J, P, and
E, and we customize this model using the text data.

Step 1 We add a mapping network before the encoder network
to transform the acoustic features of the synthesized au-
dio. We denote the mapping network as M in Figure 3.

Step 2 We synthesize the audio from the reference text in the
source domain. We then train the mapping network to
minimize the transducer loss on the paired synthesized
audio and reference text while keeping the other net-
works fixed. Please note that the reference text has al-
ready been used to train the baseline transducer model.
Thus the prediction network has “seen” this reference
text and the loss contributed by the prediction network
should be negligible. Because all networks other than the
mapping network are fixed, the mapping network learns
to transform the acoustic features of the synthesized au-
dio such that the encoder network can yield appropriate
embeddings. We denote the trained mapping network as
M.

Step 3 We synthesize the audio from the reference text in
the target domain, and then we update only the pre-
diction network using the paired synthesized audio and
reference text while keeping the other networks fixed.
The acoustic features of the synthesized audio are trans-
formed by M’, which was trained in the previous step,
before being fed to the encoder network, mitigating the
mismatch of the acoustic features of the synthesized au-
dio to the source domain. We denote the trained predic-
tion network as P’.



Step 2
Reference Text

Step 3 Step 4
Reference Text Transcripts

(Source Domain) (Target Domain) (Target Domain)
(P[] [p][e] [][e] [P][E]
) L) L)
M M M’
4 3
Synthesized Audio Synthesized Audio Real Audio
(Source Domain) (Target Domain) (Target Domain)

Figure 3: Proposed customization for neural transducers. J, P, E, and M represent the Joint, Prediction, Encoder, and Mapping
networks respectively. In step 1, the mapping network is added before the encoder network . In steps 2 and 3, the network filled in
color is trained and others are fixed. In step 2, the mapping network is updated using paired reference text in the source domain and
synthesized audio while the other networks are fixed. In step 3, the prediction network is updated using paired reference text in the
target domain and synthesized audio transformed by the trained mapping network while the other networks are fixed. In step 4, the
mapping network is removed and real audio in the target domain is recognized.

Step 4 When decoding real audio data in the target domain,
we remove the mapping network. The customized trans-
ducer model consisting of J, P’, and E in the same topol-
ogy as the baseline model is used for decoding.

In this proposed method, the mapping network is a feature-
space transformation [32] trained using the transducer loss
given the fixed transducer model. By using the reference text
from the source domain, the mapping network is trained to min-
imize the loss due to acoustic mismatch. Note that this mapping
network is used only during customization and is not used for
decoding real audio in the target domain.

Instead of adding the mapping network, updating the en-
coder network using the reference text from the source domain
and their synthesized audio is possible, but the encoder network
trained with the synthesized audio is used for decoding real au-
dio in the end. By preparing the mapping network externally,
we can keep using the original encoder network with the up-
dated prediction network.

4. Experiments

To evaluate the performance of the proposed method, we
conducted experiments to customize strong RNN-T and
Conformer-T baseline models. The models are trained from a
public data set and customized to three domains including an-
other public data set (Broadcast News: BN) and two internal
call-center data sets.

To train the baseline model, we used the Switchboard 2000
collection of public American English telephone conversations,
comprising 262 hours of Switchboard 1, 1698 hours of Fisher,
and 15 hours of CallHome audio and their transcripts [38]. One
of the target domains is BN, and we used the Defense Ad-
vanced Research Projects Agency (DARPA) Effective Afford-
able Reusable Speech-to-Text (EARS) DEVO4F set which con-
tains approximately 2 hours of data as a test set [39,40]. The BN
audio data was downsampled to 8kHz in advance. To customize
the baseline model to the BN domain, we randomly selected
3285 sentences from several BN related sources [39]. The two
other target domains are conversations from two different inter-
nal call centers that have different speaking styles. We named
them CC-A and CC-B, and both test sets contain approximately
1.5 hours of data. To customize the baseline model to CC-A and
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CC-B, we used manual transcriptions of approximately 1500 ut-
terances collected previously from CC-A and CC-B.

For acoustic features, we used 40-dimensional log-Mel fil-
terbank energies, their delta, and double-delta coefficients with
frame stacking and a skipping rate of 2 [41], which results
in 240-dimensional features. Training of the baseline model
followed a recipe [36] that includes SpecAugment [42], se-
quence noise injection [43], DropConnect [44], and speed and
tempo perturbation [45]. The architectures of the RNN-T and
Conformer-T models are as follows. The RNN-T consists of an
encoder network of 6 bidirectional LSTM layers with 640 cells
per layer per direction followed by a projection from a 1280-
dimensional acoustic embedding to 256 dimensions, a predic-
tion network of a single unidirectional LSTM layer with 768
cells followed by a projection from a 768-dimensional linguis-
tic embedding to 256 dimensions, a joint network using multi-
plicative integration and hyperbolic tangent followed by a pro-
jection, and softmax layer to represent 45 characters and an
extra blank symbol. The Conformer-T model replaces the 6
bidirectional LSTM layers with 10 Conformer blocks with a
512-dimensional feed forward module, a 31-kernel convolution
block, and 8 64-dimensional attention heads [2]. Total number
of parameters of Conformer-T is approximately 30% greater
than that of RNN-T. Letter-based decoding uses an efficient
beam search algorithm, alignment-length synchronous decod-
ing [46], and Word Error Rate (WER) is used as the evaluation
metric.

In addition to the uncustomized baseline model, we also
test encoder freezing customization for comparison. For the
proposed method, we tested linear and nonlinear mapping net-
works. Audio is synthesized using one LPCNet male voice from
IBM’s text-to-speech service [13]. The experimental details are
as follows.

Encoder freezing For each target domain, we synthesized au-
dio data from the text in that domain. Following previous
literature, we used the paired synthesized audio and text
to update the prediction network while freezing the en-
coder and joint networks. All models were trained for
10 epochs using stochastic gradient descent with Nes-
terov momentum of 0.9 and a learning rate starting from
0.1 or 0.01, annealing by v/0.5 per epoch after the 5
epoch. We reserved approximately 10% of each data set
as held-out data, selected the learning rate based on the
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Figure 4: RNN-T loss on paired synthesized audio and text in
the target domain.

Table 1: Word error rates for baseline and customized RNN-T
models. [%]

BN CC-A CC-B
Baseline RNN-T 18.9 30.7 37.3
Encoder freezing 18.8 29.8 38.1
Proposed method
Linear 18.6 29.2 36.8
Nonlinear 18.6 29.0 36.6
Table 2: Word error rates for baseline and customized
Conformer-T models. [%]
BN CC-A CC-B
Baseline Conformer-T 15.5 25.8 33.6
Encoder freezing 15.4 25.8 334
Proposed method
Linear 153 25.4 33.0
Nonlinear 15.2 25.2 33.1

held-out WER, and reported the WER for the remaining
90% of the data.

Proposed method We tested linear and nonlinear versions of
the mapping network. In the linear network, input fea-
ture x; at time step ¢ is converted to x'; via x’; = Wx+
b where W € R?49%240 and b ¢ R?%° are learnable pa-
rameters. In the nonlinear network, the input feature is
converted to x’; via X'y = Wa()(W1x + b1)) + ba,
where W1, Wy € R?49%240 apd by, by € R*0 are
learnable parameters, and ¢ is hyperbolic tangent. In
step 2 in Figure 3, we randomly selected 1742 refer-
ence texts from the training data (Switchboard 2000) of
the baseline model and synthesized corresponding audio.
Using this paired data from the source domain, all weight
matrices and bias vectors in the mapping network were
updated. In step 3, we updated the prediction network
with the synthesized audio for the target domain while
freezing other networks. For both step 2 and step 3, we
used the same learning rate control as explained in the
encoder freezing.

Please note that in our definition of encoder, prediction, and
joint networks, learnable parameters in the joint network exist
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only in the final projection before the softmax operation as ex-
plained in Section 2. Thus, while we fixed the joint network,
in all cases, the linear projection layers before the multiplica-
tive integration of projected acoustic and linguistic embeddings
were updated within the encoder and the prediction networks.

4.1. RNN Transducer

First we conducted customization experiments on the baseline
RNN-T model. Using customization to the CC-A domain as an
example, we computed the RNN-T loss for the paired synthe-
sized audio and text from the target domain during customiza-
tion with the encoder freezing and the proposed method (step 3)
and show them in Figure 4. Note that exactly the same data were
used in the same order in all cases. Because the mapping net-
work trained in step 2 mitigated the acoustic mismatch caused
by the synthesized audio in the proposed method, the RNN-
T loss of the proposed method is smaller than that of encoder
freezing. Comparing the linear and nonlinear transformation in
the proposed method, we do not see a significant difference.

We then computed WERs for the three test sets before and
after the customization and present the results in Table 1. For
all cases, the WER improvement from the proposed method
is greater than the improvement from encoder freezing. Com-
paring the linear and nonlinear transformation in the proposed
method, the nonlinear transformation was better than the lin-
ear transformation in the CC-A and CC-B cases, but the dif-
ference was not significant. It is also noteworthy that in the
CC-B case, we saw accuracy degradation with encoder freez-
ing, while we confirmed a significant improvement using the
proposed method.

The smaller RNN-T loss during the customization process
and the improved WERs on three test cases demonstrate the
efficacy of the proposed method.

4.2. Conformer Transducer

Next we customized the baseline Conformer-T model to the
three domains. As with the RNN-T, we computed WERs over
the three test sets before and after customization and present the
results in Table 2. While the baseline WERs of the Conformer-T
model are much better than those of the RNN-T model in Ta-
ble 1, we again find a greater improvement using the proposed
method versus encoder freezing, which supports the advantage
of the proposed method.

5. Conclusion

In this paper, we proposed an improved customization method
for neural transducers. By introducing an additional mapping
network before the encoder network only during the customiza-
tion process, the acoustic mismatch due to the synthesized audio
can be mitigated. Experiments on customizing strong baseline
RNN-T and Conformer-T models trained with English conver-
sational telephone speech to the domains of public BN and two
different internal call-center test cases demonstrated the advan-
tage of the proposed method over encoder freezing, a popular
customization alternative.

Another potential advantage of the proposed method is that
it theoretically works with single-speaker speech synthesis. In
future work, we will compare the proposed method with single-
speaker speech synthesis to encoder freezing with multi-speaker
speech synthesis.
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