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Abstract. Modern Automatic Speech Recognition (ASR) technology is typically
fine-tuned for a targeted domain or application to obtain the best recognition re-
sults. This requires training and maintaining a dedicated ASR model for each
domain, which increases the overall cost. Moreover, fine-tuned model might not
be the most optimal way of sharing knowledge across domains. To address this,
we propose a novel unified RNN-T based ASR technology that leverages do-
main embeddings and attention based mixture of experts architecture. Further,
the proposed unified neural architecture allows for sharing of data and param-
eters seamlessly across domains. Our experiments show that the proposed ap-
proach outperforms a carefully fine-tuned domain-specific ASR model, yielding
up to 10% relative word error rate (WER) improvement and 30% reduction in
overall training cost.

Keywords: End-to-end speech recognition, multi-domain ASR models, mixture
of experts, DAT, RNN-T.

1 Introduction

Commercial ASR systems often have to support multiple domains and a variety of
acoustic conditions. For example, a conversational assistant like Alexa has to run on
different devices such as Echo devices, FireTV remotes and mobile phones.

Type of queries provided by users to the assistant can vary across devices as well,
e.g. shopping queries on the shopping assistant on mobile phones can be different from
content-only queries related to movies on the video assistant. To handle variations in us-
age patterns and acoustic conditions better, a dedicated ASR system is often trained and
deployed for each device-type corresponding to a particular domain. Such a domain-
specific ASR model is typically obtained by first training a general ASR model on data
from all devices and then fine-tuning it on data from targeted domain.

Although the per-domain ASR model improves speech recognition accuracy for
the relevant subset of user queries, it becomes cumbersome to maintain multiple per-
domain models as each change (technology advancement, bug-fix, etc.) needs to be
deployed to all the device-types. Further, the two stage training mechanism of the per-
domain models turns out be costly in terms of compute requirement. Therefore, there is
renewed interest in unifying per-domain models without regressing on accuracy.
⋆ Equal Contribution
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In this paper, we explore variety of novel approaches to address the challenge of
unifying multiple per-domain ASR models, for the RNN-T [6] model architecture. We
start with a simple approach of using domain embedding to bias the unified ASR model
during run-time. Our next approach explores the use of the mixture-of-experts (MOE)
architecture [15], where each domain is represented by an expert. We also aim to com-
bine the knowledge from multiple experts, without constraining any single expert to
capture domain-specific knowledge. Accordingly, we developed a variant of the MOE
framework by introducing an attention formulation into the model [17].

We show that our proposed unified model outperforms the individual domain-specific
fine-tuned models by 10%. We also establish that our model performs 6% better than
standard domain adaptation technique of Domain Adversarial Training (DAT).

2 Related Work

Domain specific models have been used to improve ASR performance in previous work
[11]. Recent approaches have studied how domain knowledge can be incorporated as
context in universal contextual model [2, 10, 19] and language model [7]. Another as-
pect of unified modeling has explored combining language-specific models into a uni-
fied multilingual model [5], using semi-supervised learning [1] or code switching [20]
approaches. Adapter [8] and attention [18, 12] modeling have also been studied in
different contexts earlier, specifically in the domain of natural language processing.
Our proposed approach (attentive mixture of experts) of unifying domain-specific ASR
models into a universal model is novel and significantly outperforms the per-domain
models. Similar techniques of model unification, having such significant gains over
per-domain models, to best of our knowledge have not been tried earlier in ASR sys-
tems.

3 Multi-device Unification

In this section, we present the motivation and different approaches explored for unifying
RNN-T ASR model. In an ASR system, we use device-types to address domain-specific
models – so for the rest of the paper, we will use the terms domain and device-type
interchangeably. For our experiments we consider three device-types, based on three
distinct acoustic and domain variations in the data. Far-field device-type (P1) caters to
multiple top domains e.g. music, home-automation, knowledge, shopping. The push-
to-talk device-type (P2) primarily caters to video and music domains, while close-talk
device-type (P3) primarily caters to the shopping domain.

3.1 Baseline Model Analysis

We begin with training a pooled RNN-T ASR model where we use data from all device-
types. To get some idea about how the encoder tries to capture the device specific char-
acteristics in pooled training, we generated t-SNE plot of the final representation of
encoder by randomly selecting 1000 utterances from each device-types.
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Fig. 1: t-SNE plot of Baseline Pooled model.

Fig. 1 shows that the RNN-T encoder try to segregate features across device-types
which form loose clusters in space, while still having some overlap among them. The
overlap is due to the limited device specific representation capacity of LSTM based
encoder. We hypothesise that reducing the overlap or having tight-knit device-specific
clusters should provide better recognition across devices for a pooled model. Based
on the above analysis we outline our RNN-T ASR model unification strategies in the
following sections.

3.2 Device-type Embedding

In this approach, each device-type is encoded as a one-hot vector and provided as input
to the model to learn device specific bias component. We experimented with introducing
the device-type embedding to different layers of RNN-T encoder and decoder, results
of which are discussed in Section 5.

3.3 Mixture of Device Experts (MoDE)

The standard approach to train a device-specific model is to first pool data from multiple
devices, followed by fine-tuning using device-specific data to help it adapt and match
the device characteristics, thereby improving the model performance. We are proposing
to capture the essence of this approach in the universal model by introducing a Mixture
of Device Experts (MoDE) during pooled model training. Each device-type has its own
expert, the parameters of which are learned only using device-specific data.
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Fig. 2 shows an encoder layer with expert blocks introduced between layers of the
network. We use adapter modules [8] as device experts, which helps to limit the increase
in parameters. MoDE uses a hard-gating mechanism, where only one device expert
block (corresponding to the device-type of the corresponding utterance) is active during
run-time for an utterance.

LSTM Layers 1 to (K-1)

xt

yt
LSTM Layers K to (N-1)

P0 Expert P1 Expert P2 Expert

MoDE

Device-Type 
Id

Switch

Fig. 2: Schematic diagram of Mixture of Device Experts.

We experimented with having unique device experts per layers of encoder and de-
coder of RNN-T and also with sharing the device experts across multiple layers (details
in Section 5). It is important to note that experts are not shared across devices – they are
only shared across layers.

3.4 Attentive Mixture of Experts (AMoE)

MoDE, discussed in Section 3.3, restricts the experts to learn device specific character-
istics only and doesn’t enable sharing of information across the experts which might not
be ideal. Motivated by this, we propose to remove the restriction on the experts and let
each expert get trained with all device data and then introduce an attention module to
learn the optimal contribution from each expert on the fly. This module is trained along
with the rest of the model in an end-to-end fashion. We call this the Attentive Mixture
of Experts (AMoE) approach, where we learn attention weights over experts, trained
using data from all device-types.

Figure 3 outlines the details of AMoE . The attention weights in AMoE regulate the
gradients while learning the expert parameters – this facilitates sharing of information
across experts. The attention variables α in AMoE model are computed as:
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Fig. 3: Attentive Mixture of Experts

αEi t = Softmax(AEi t),∀i ∈ 1, 2, 3 (1)
where, AEi t = Wa(sigmoid(Wb[xt : yEi t])), (2)

Wb ∈ Rm∗n,Wa ∈ Rn∗1, (3)
m = len(xt) + len(yEi t). (4)

Wa and Wb are trainable parameters which are trained along with RNN-T.

4 Data and Experimental Setup

4.1 Datasets

For our experiments, we used de-identified speech data collected from queries to voice-
controlled devices. We used 15K hours of human labelled data and 45K hours of ma-
chine transcribed data for model training. The data consists of Indian-English queries
to a voice-controlled device. The distribution of training data per device is 2:1:1 for
P1:P2:P3 (defined in Section 3). The evaluation set consists of 58 hours, 7 hours and 4
hours of de-identified data corresponding to devices P1, P2 and P3 respectively.

4.2 Experimental Setup

Baselines: Our RNN-T baseline model consists of 40.6M parameters – 5 unidirectional
LSTM encoder layers and 2 unidirectional LSTM decoder layers, each with 832 hidden
units followed by a final 512 dimensional output projection layer. The joint network
is a feed forward network of 512 hidden units and output dimension of 4001, which
corresponds to the number of subword tokens [16]. The feature front end and optimizer
used is similar to the one used in [14, 13].

We also set up a stronger second baseline to compare with our proposed method.
We used one of the state-of-the-art domain adaptation techniques: domain adversarial
training (DAT) [4, 9, 3] to learn device agnostic encoder representations by reversing
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the gradients from a device-type prediction task. We used gradient reversal co-efficient
of 0.03 and shared first 2 layers out of 5 layers of encoder with the device classifier
(decided through hyper-parameter tuning). The device classifier is a single LSTM layer
(128 units), output of which is combined through attention and passed through a soft-
max layer to perform utterance level classification.

Proposed Models: In case of device-type embedding, a 3 dimensional one hot vec-
tor is used to represent device information. For MoDE, we used adapter as device ex-
perts and restricted the projection size to 256 to keep the parameter increase to min-
imum. In case of MoDE, the device id information for a particular utterance is used
as a switch to allow forward-pass and gradient back-propagation only through the cor-
responding device expert. We also experimented extensively with the position of the
experts across different layers of encoder and decoder. For AMoE we used 64 dimen-
sional learn-able attention weights, i.e. n in Equation 3 is 64.

Table 1: WERR(%) for all devices with our experimental models with respect to indi-
vidually finetuned device specific baselines. Encoder and Decoder One-Hot refers to the
encoder and decoder layers to which device-type-embedding has been added as input.
Encoder and decoder layers after which device experts have been added is indicated
by the Encoder and Decoder Experts column All results are obtained after averaging
checkpoints from last 5 epochs.

Exp.
Device

One-Hot
Encoder
One-Hot

Decoder
One-Hot

Device
Experts

Attentive
Experts

Encoder
Experts

Decoder
Experts

Shared
Dataset Model

ParamsP1 P2 P3
Baseline No N/A N/A No No N/A N/A N/A - - - 40.6M
DAT No N/A N/A No No N/A N/A N/A 3.9 2.5 1.4 +0M
L. Baseline No N/A N/A No No N/A N/A N/A 3.8 3.1 3.5 +5.55M

Device-type
Embedding

Yes 0 0 No No N/A N/A N/A 2.4 0.7 -0.5 +0.02M
Yes 0,1,2,3,4 None No No N/A N/A N/A 2.5 -1.1 0.1 +0.05M
Yes None 0,1 No No N/A N/A N/A -0.5 -3.7 -2.1 +0.02M
Yes 0,1,2,3,4 0,1 No No N/A N/A N/A 3.6 0.8 -0.6 +0.09M

MoDE

No N/A N/A Yes No 0,1,2,3,4 0,1 No 5.4 1.5 2.2 +2.97M
No N/A N/A Yes No 2,3,4 0,1 No 7.6 5.0 5.7 +2.14M
No N/A N/A Yes No 2,3,4 None No 6.0 3.6 5.0 +1.28M
No N/A N/A Yes No 2,3,4 0,1 Yes 7.9 4.2 2.9 +0.85M
Yes 0,1,2,3,4 0,1 Yes No 2,3,4 0,1 Yes 5.8 2.2 2.4 +0.88M

AMoE
Yes 0,1,2,3,4 0,1 No Yes 2,3,4 0,1 Yes 10.3 5.8 4.5 +2.86M
Yes 0,1,2,3,4 0,1 No Yes 2,3,4 0,1 No 10.0 5.7 7.3 +7.03M

5 Results and Analysis

In Table 1 we list results on baseline and experimental models. Our first baseline model
is three individual fine-tuned models for the three devices. Our second baseline model
(DAT) is a single unified RNN-T model trained with pooled data from all devices but
trained in device adversarial setup. All our experimental models only has a single stage
of pooled training, similar to DAT baseline. This provides us with a single unified model
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that can serve all three devices without any two-stage training process. The WER im-
provements shown for all other experiments are relative to the first baseline model. Due
to company policy, we are not able to report the absolute WER numbers. However, the
baseline is a competitive state-of-the-art model.

Large Baseline: We also trained a Large Baseline model wherein an additional en-
coder layer is added resulting in 5.55M additional parameters over the Baseline model.
From Table 1 we see that, Large Baseline model in-spite of having 2x-5x additional
model parameters compared to some of the experimental candidates, doesn’t perform
as well as the respective candidates.

Device Embedding: In this setup, we get the best results when we append the
embedding to all encoder and decoder layers, where we saw some gains over Baseline
for P1 and P2 but for P3 we observed some regression.

Mixture of Device Experts: With MoDE, we saw consistent improvements across
all the devices for all the candidates. The results from Table 1 show that device experts
were more helpful in the top half of the encoder compared to all the layers (Row 1 vs
Row 2 of MoDE section in Table 1). From this observation, all other experiments were
tried out only with experts in the top half of the encoder. Moreover, we saw that – ex-
perts in encoder are more effective than in decoder. However, when combined together,
it delivered additional incremental gain in performance for all devices (Row 2 & Row
3). We also performed an experiment where we shared the experts across layers in both
encoder and decoder instead of having unique expert in each layer which resulted in
67% less additional trainable model parameters. Although we saw some regression for
P3, we were still able to get similar results for P1 and P2 (Row 4) as compared to hav-
ing unique experts. Also, since we had device specific experts in this setup, providing
device embedding to encoder and decoder (Row 5 in MoDE block) didn’t boost the
performance.

Attentive Mixture of Experts: Unlike MoDE, in AMoE, we enabled sharing of in-
formation across experts through attention. From the results we see that this gives much
superior performance compared to MoDE across devices. Also, similar to MoDE, we
see that even in AMoE, sharing of expert block across layers gives similar performance
as compared to having unique experts.

Cost Savings: The baseline model has two stages of training - pooled training fol-
lowed by three device specific fine-tuning. Contrary to this, our proposed model has a
single stage of pooled training, which reduces the number of epochs of model training
by 30%, thereby reducing overall training time and compute cost. Thus, our proposed
unified model, in addition to providing better performance, has significantly less carbon
footprint and uses 30% less compute resources.

Encoder analysis: In order to visualise the representation learned by encoder, we
generated t-SNE plots using encoder features from last layer and using the same setup
mentioned in Section 3.1. In case of DAT (Figure 4a), since we are enforcing the model
to learn device agnostic characteristics, we see that the learned features across devices
are more distributed. For MoDE model (Figure 4b), we observe an interesting fact that,
even though the encoder LSTM layers are shared, each expert learns features in such a
way that the final encoder features from different devices form distinct tight-knit clus-
ters that are disjoint and distant from each other. In case of AMoE (Figure 4c), even
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(a) DAT Baseline (b) MoDE

(c) AMoE

Fig. 4: t-SNE plots for different models

though we did not impose any restriction on the experts to be device specific, the ex-
perts learned to segregate the utterances across device-types implicitly.

Decoder Analysis: To understand the role of the experts in the decoder, we analyzed
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Fig. 5: Attention weights for AMoE across word pieces

the attention weights given to each expert across word pieces in an utterance, for the
AMoE model. We observed an interesting trend wherein we saw that one of the expert
is mostly active during decoding of the head word-pieces and the other experts pitch
in only during the recognition of slot content and rare words. Since P2 and P3 are
dominated by slot contents, the experts catering to slot content recognition remains
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mostly active for these devices. Hence the experts in the decoder also captured some
device specific characteristics without any explicit device information. We picked one
example to demonstrate the above phenomenon in Figure 5. In this particular utterance,
while decoding frequent word pieces like ‘play’, ‘song’, ‘from’ - the expert 1 is mostly
active and only while decoding the artist name ‘balasubrahmanyam’, the expert 3 gets
more weight.

6 Conclusion

This paper proposed to build a unified RNN-T based ASR model that generalized for
various domains and acoustic conditions. The paper conducted a detailed ablation study
involving domain embedding, mixture of experts, and attention to identify an optimal
unified neural ASR architecture, which gave up to 10% relative WER reduction over
simple fine-tuning approach. In addition, we simplified the overall training process and
kept the number of model parameters in check compared to baseline, which resulted in
up to 30% savings in compute cost. Both MoDE and AMoE yielded significant WER
improvements, and offered options to trade-off WER and latency to cater to various
applications.
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