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Abstract

We present a novel architecture with its decoding approach for
improving recurrent neural network-transducer (RNN-T) per-
formance. RNN-T is promising for building time-synchronous
automatic speech recognition (ASR) systems and thus enhanc-
ing streaming ASR applications. We note that encoder-decoder-
based sequence-to-sequence models (S2S) have been also used
successfully by the ASR community. In this paper, we inte-
grate these popular models in the RNN-T+S2S approach; higher
recognition performance than either is achieved due to their in-
tegration. However, it is generally deemed to be complicated to
use S2S in streaming systems, because the attention mechanism
can use arbitrarily long past and future contexts during decod-
ing. Our RNN-T+S2S is composed of the shared encoder, an
RNN-T decoder and a triggered attention-based decoder which
uses time restricted encoder outputs for attention weight com-
putation. By using the trigger points generated from RNN-T
outputs, the S2S branch of RNN-T+S2S activates only when
the triggers are detected, which makes streaming ASR practical.
Experiments on public and private datasets created to research
various tasks demonstrate that our proposal can yield superior
recognition performance.

Index Terms: speech recognition, end-to-end, recurrent neural
network-transducer, attention-based encoder-decoder

1. Introduction

Automatic speech recognition (ASR) systems have been dra-
matically simplified with the introduction of end-to-end (E2E)
frameworks. E2E ASR systems can map acoustic features to
output token sequences directly. Several modeling approaches
have been proposed, e.g. connectionist temporal classifica-
tion (CTC), recurrent neural network-transducer (RNN-T) and
encoder-decoder-based sequence-to-sequence model (S2S) [1-
7]. In particular, RNN-T is a variant of CTC, and many studies
have been reported recently [8—14]. S2S has also been a suc-
cess in the ASR community. In this paper, we integrate these
successful models, and further improve the recognition perfor-
mance through their synergy.

The RNN-T with S28S integration proposed in [8]. The ar-
chitecture is composed of the shared encoder, an RNN-T de-
coder, and an attention-based decoder. The recognition perfor-
mance of RNN-T was improved through the assistance of S2S.
However, they did not take full advantage of the interaction be-
tween RNN-T and S2S because they rescore the RNN-T hy-
potheses by using the attention-based decoder after completion
of one-pass decoding. The reason for this is that the attention
mechanism can use arbitrarily long past and future contexts dur-
ing decoding. Note that using S2S for two-pass rescoring was
first proposed in [15] for the re-scoring of NN-Hidden Markov
Model hybrid ASR systems, and faced the same problem. Their

Copyright © 2021 ISCA

1787

solution was to perform two-pass rescoring, which lost the ad-
vantage of streaming ASR systems. Our belief was that S2S
scoring should be fused with one-pass decoding while taking
advantage of RNN-T in a streaming manner.

In order to utilize S2S for streaming ASR, we need to mod-
ify the attention mechanism so that it supports streaming style
operation. Many studies on streaming S2S-based ASR systems
have been published [16-20]. From among them, we adopt the
triggered attention (TA) framework [18, 19]. They use the hy-
brid CTC/Attention model (CTC+S2S) of [21] with the trigger
points extracted from the leftmost CTC spikes of each output
token except for redundant symbols. TA computes the attention
weights using the shared encoder outputs from start-of-speech
to a trigger point that is derived from the output of the CTC
branch while decoding the speech from left-to-right. Unfortu-
nately, while the TA approach can yield streaming S2S opera-
tion, implementing the decoding process is impractically com-
plex precluding its application to RNN-T.

In this paper, we propose an architecture, called RNN-
T+S2S; it replaces the CTC branch of the CTC+S2S using trig-
ger points with RNN-T. RNN-T can naturally output trigger
points because the output tokens other than redundant symbols
are unique and not repeated unlike CTC. Moreover, RNN-T is
an extension of CTC and able to take account of language infor-
mation resulting in higher performance than CTC, yielding the
expectation that using RNN-T instead of CTC will attain more
accurate trigger points. By applying the trigger points to our
RNN-T+S28S, we can integrate RNN-T and S2S scores on-the-
fly in one-pass decoding while completely retaining the RNN-T
benefits. We also investigate and modify TA for RNN-T+S2S,
called RNN-T+S2S+TA, to suit streaming ASR. We expect that
S2S with TA can further improve the streaming ASR results of
RNN-T. To the best of our knowledge, this is the first work to re-
alize streaming RNN-T+S2S. We evaluate our proposal on two
English published corpus and a Japanese private dataset using
popular long short-term memory (LSTM) encoder types. The
results demonstrate that our RNN-T+S2S (+TA) yields better
results than RNN-T or CTC+S2S even though, in particular,
the proposed RNN-T+S2S+TA uses the narrower context win-
dow used by TA to compute the attention weights compared to
CTC+S2S, which has access to the full encoder outputs.

2. ASR models

We explain here RNN-T and S2S, which are the foundations
of this work. Both models deal with X [®1,...,z7/]
and Y = [y1, ..., yu] which are the input acoustic feature se-
quence of length-T” and token sequence of length-U, respec-
tively, where vy, € {1,..., K}. K is the number of tokens
including special symbols, i.e. “blank” label for RNN-T, and
“end-of-sentence” label for S2S. Here tokens can be characters
or subword units.
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2.1. RNN Transducer (RNN-T)

RNN-T uses the target labels and the extra label, ¢, and
learns the mapping between sequences of different lengths as
in CTC [3]. The unique characteristic of RNN-T is its introduc-
tion of the prediction network as it does not assume conditional
independence between predictions at different time steps. This
means that the posterior probabilities are jointly conditioned
on not only encoded features but also previous predictions as
shown in the following steps. First, X is downsampled and
encoded into H® = [h{"™, ..., hT°] with length-T" via multi-
layer LSTM encoder “f°"(-)”. Next, the tokens, Y, are also
encoded into HP™ = [h‘;'ed, o h?}ed] via prediction network
«fPred(.)” which contains an embedding layer and a multi-layer
LSTM. Then, these encoded features are fed to the feed-forward

network of “ fj°i"t(~)”. The above operations, which yield pre-
diction Yy, ., are defined as follows:

hinc _ fenC(wt/; eenC)7 (1)
hI.,);ed _ fpred (yu7 1 epred ) , (2)
Yiw = Softmax (fj(’i"t(hinc, hPd; 9j°im)> , (3

where “Softmax(-)” represents a softmax preactivation layer
without learnable parameters. All networks with learnable pa-
rameters ORNNT £ [gene grred gioint are optimized by using
RNN-T loss. RNN-T loss and its gradient with respect to the
network parameters are efficiently computed by the forward-
backward algorithm [3].

2.2. Attention-based encoder-decoder (S2S)

We use the attention-based decoder because the encoder shared
with RNN-T is used in this paper. The attention-based decoder
is formulated as follows. The speech encoded features H "™ are
obtained from the shared encoder. For decoding the prediction
Yu, the hidden state (memory) activation s,, of the LSTM-based
decoder f°(-) at the u-th step is computed as:

Su = fdec(s’u«*lagu?yufl;adec)v (4)
where g, and y,,—1 denote the context vector at the u-th step

and the target token at the previous step, respectively. g., is the
weighted sum of the encoder output sequence:
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where a;,,, is the attention weight of hi™. It is calculated as:

. - o
Atu = f““({at,u_1}t:1,su_1,him; ""), (6)

where f*(-) computes attention weights; location-aware atten-
tion is used in this paper. Using s, the attention-based decoder
predicts the next label distribution y,, as:

Ju = Softmax (f*"(su;6™)), 7
where the function f°'(-) denotes a linear output layer. The

learnable parameters 6525 £ [0 g% 6™ §°"'] are optimized
by the cross entropy loss.
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2.2.1. Triggered attention (TA) with RNN-T

Our goal is to further improve RNN-T performance while still
supporting streaming ASR. Since the original attention mecha-
nism can involve arbitrarily long past and future contexts during
decoding, it should be modified to realize streaming style oper-
ation. In this work, we utilize a triggered attention framework
that can support streaming S2S [18], and modify Eq. (5) and (6)
for our TA with RNN-T as follows:

Tu

g Qt,u
t=1

fa“ ({at’u—l}:;h Su—1, hetmc; ‘dll) ) &)

where T, indicates a restricted time context; it is defined as
Tu = tu + €. € is the look-ahead hyperparameter. t,, denotes
the trigger point generated from RNN-T, the time index of the
u-th non-blank token occurrence. In the training step, we use
the RNN-T alignments # generated by the forward-backward
algorithm [3]. Note that we remove the probability paths cor-
responding to blank symbols; I of Fig. 1 illustrates an example
of path removal. The u-th token path 7, € RT indicates a u-
th row vector of 7 in II of Fig. 1. Therefore, the u-th trigger
point t,, (time indexes of each yellow plot in Il of Fig. 1) is de-
termined by the argument of the maximum of 7, of the time
axis.

enc
t
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2.3. Hybrid RNN-T/Attention architecture (RNN-T+S2S)

Both RNN-T and S2S have been used successfully by the ASR
community. In this paper, we integrate those successful mod-
els and achieve higher recognition performance by their inter-
action; it is overviewed in Fig. 1. The key is that we replace
the CTC branch of the attention-based CTC+S2S using trig-
ger points with RNN-T. The resulting architecture is similar to
that of [8]. The difference from [8] lies in the decoding al-
gorithm. While their model performs two-pass rescoring, our
RNN-T+S2S uses trigger points, which offers one-pass decod-
ing. Moreover, as the proposal applies TA to the training step it
realizes streaming ASR, and its architecture is called as RNN-
T+S2S+TA. In the following, we describe training and decoding
approaches adopted our RNN-T+S2S (+TA) proposal.

Training: We perform multi-step training following [8]
for stable training and improved RNN-T+S2S (+TA) perfor-
mance'. At first, we train the shared encoder and RNN-T de-
coder from scratch. We apply SimpleFlat pre-training (SFPT)
initialization in this step [14]. Then the shared encoder is
frozen, and only the (triggered) attention-based decoder param-
eters 9525 (RNN-T3825) & fgdec gatt ‘gout] 4re trained. We also use
SFPT for attention-based decoder initialization. The fine-tuned
model is used in the evaluation.

Decoding: We investigate two different decoding methods.
One allows the attention-based decoder to perform one-pass de-
coding but not streaming ASR. This means that the attention
weights of RNN-T+S2S are computed using all encoder out-
puts whenever the trigger points (time indexes of each red cir-
cle in IV of Fig. 1) are detected. The other approach offers
full streaming ASR by using RNN-T+S2S+TA. The TA weights
with restricted time context are illustrated in I of Fig. 1. The col-
ored part represents the valid attention weights and the restricted
time context 7, in Eq. (9) is determined by trigger point ¢,,. The
attention weights, white color, are not computed or used in the
prediction.

'We tried “Deep fine-tuning” for all models as in [8], but no im-
provements were found in our experiments.
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Figure 1: Schematic diagram of our RNN-T+S2S (+TA) training and decoding steps. Each picture, I - IV, indicates the triggered
attention weights, RNN-T forward-backward variables, trigger points in training (yellow plots) and decoding (red circles) steps when
using the ULSTM encoder on NVS development set respectively. The reference is “SEDRIF% S D 71— NI A TL Z I\ (Save
the photos to the SD card.)”. The trigger points generated from lll are only used for RNN-T+S2S+TA training.

We explain trigger point creation and joint decoding ap-
proach for our RNN-T+S2S (+TA) here. In the inference step,
we use the blank probability p(¢:|hS™, hE®!) of the RNN-T
output for the trigger point generation as described in IV of
Fig. 1. The time indexes of each red circle indicate the trig-
ger points that are less than tunable threshold A. Therefore,
RNN-T+S2S computes the attention weights using full encoder
outputs, and RNN-T+S2S+TA computes the attention weights
using only the time restricted encoder outputs from the begin-
ning to 7,; it is activated when p(¢;|h$"™, hE) is less than .
This can efficiently suppress the attention-based decoder activa-
tion at every time step, which reduces the attention weight com-
putation costs. The most probable hypothesis of RNN-T+S2S
(+TA) at each trigger step is given by:

Y = arg;nax{(l — p) log prant (Y| X)) 4 p log psas (Y X) },
(10
where p is a tunable parameter. pryn-1(Y|X) and pss (Y] X)
can be computed from Eq. (3) and (7) respectively. Our
beam search implementation is based on alignment-length syn-
chronous decoding [11], and retains all its fundamental com-
ponents. S2S computation and scoring are employed on-the-
fly during beam search as in language model (LM) shallow fu-
sion [22]. We expect that S2S (+TA) can further improve the
one-pass decoding results of RNN-T by this interaction.

3. Experiments

3.1. Data

We evaluated our proposal on three speech recognition tasks;
Switchboard [23], TED-LIUM release-2 (TED2) [24], and NTT
Japanese voice search production dataset (NVS). The datasets
contain voiced samples totaling 260, 210 and 1000 hours, re-
spectively. The test set of NVS task consists of 3 hours of
speech data. In this paper, we adopt 1000 subwords, 500 sub-
words and 3500 characters (plus blank ¢) as the output tokens
for Switchboard, TED2 and NVS, respectively. Speed pertur-
bation (x3) [25] was applied only to TED2 as in the ESPnet
setups [26]. The subword units of Switchboard and TED2 were
determined by using the SentencePiece method [27]. The train-
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ing and evaluation data were preprocessed following the Kaldi
and modified ESPnet toolkits [26, 28].

3.2. System configuration

The input feature, a 40-dimensional log Mel-filterbank ap-
pended with delta and acceleration coefficients, is concatenated
by non-overlapping frame stacking [29]; three frames were
stacked and skipped to make each new super-frame. Note that
SpecAugment was applied to each input feature [30].

We investigated three different encoder types; unidirec-
tional LSTM (ULSTM), bidirectional LSTM (BLSTM) and
latency-controlled BLSTM (LCBLSTM) [31-33]. We adopted
six-layer (LC) BLSTM encoders with 512 cells per direction.
Each output of (LC) BLSTM was followed by a linear pro-
jection layer to reduce the dimensionality to 512. The chunk
sizes for LCBLSTM, N. and N,., were set to 30. The mem-
ory cells were doubled when using the ULSTM encoder. As
the prediction network, we stacked an embedding layer of size
512 and two ULSTM layers each with 512 cells. The outputs
of the encoder and prediction network were fed to the joint net-
work, which linearly projected to 512 dimensions and then clas-
sified the target tokens of each dataset. The (TA-based) S2S
decoder has also an embedding layer of size 512 followed by
two ULSTM layers each with 512 cells. All S2S models used
a single-head location-based attention mechanism [6]. For all
TA models, the look-ahead length € was set to 8§ in both training
and decoding steps. Moreover, we trained “CTC+S2S” models
to allow comparison with our proposal “RNN-T+S2S (+TA)”.
The setups of encoder and decoder of CTC+S2S were the same
as the above S28S setting of RNN-T+S2S. As the CTC output
layer, we additionally stacked the shared encoder of CTC+S2S,
and all network parameters were trained as in [21,26].

All network parameters before training were initialized
with random values following [34]. These networks with RNN-
T loss were trained for 25 epochs using the AdaDelta opti-
mizer [35]. Then the S2S decoders of RNN-T+S2S were trained
for 25 epochs using also AdaDelta. In the SFPT step, we used
the early stopping strategy with a validation set. The dropout
rates of the encoders and the other networks were 0.4 and 0.2,
respectively [36]. We also used gradient clipping with a thresh-



Table 1: Comparisons of CTC, RNN-T and with SimpleFlat pre-
training (SFPT) on Switchboard, TED2 and NVS when greedy
search decoding. Note that “*” means convergence failure in
our experiments.

Switchboard
Encoder System SWB CH TED2 | NVS
CTC 19.6 329 15.3 12.8
BLSTM RNN-T 183  31.1 15.6 11.3
RNN-T+SFPT | 164  29.5 13.9 7.4
CTC 250 407 21.8 19.4
ULSTM RNN-T 243 402 * 18.3
RNN-T+SFPT | 23.0 38.7 19.9 13.6
CTC 246 370 16.7 14.5
LCBLSTM | RNN-T 19.6  31.6 16.2 13.7
RNN-T+SFPT | 183 309 15.1 7.7

Table 2: Comparisons of S2S, CTC+S2S, RNN-T and RNN-
T+S2S (proposal) with BLSTM encoder. All systems used beam
search decoding and performed offline decoding although the
one-pass decoding manner was kept.

Switchboard

System SWB CH TED2 | NVS
S2S (CTC+S2S) 162 302 14.9 10.7
CTC+S2S 155 287 13.4 9.7
RNN-T 152 280 133 6.8
S2S (RNN-T+S2S) 180 319 14.0 72
RNN-T+S2S 149 274 12.6 6.5

old of 5.0. The minibatch size was set to 32 in all experiments.
All models were trained using the PyTorch toolkit [37].

For most experiments, we used alignment-length syn-
chronous decoding with beam size of 20 when performing beam
search decoding [11]. The tunable parameters, i.e. threshold A
and S2S weight p of Eq. (10), for RNN-T+S2S (+TA) were
consistently set to 0.8 and 0.3 in all experiments. For CTC+S2S
joint decoding, we adopted the tuned parameters in [26]. We
evaluated performance in terms of word error rate (WER) for
Switchboard and TED?2, as well as character error rate (CER)
for NVS due to the ambiguity of Japanese word boundaries.

3.3. Results

First, we compared the performance of RNN-T with CTC; each
error rate when greedy search decoding is shown in Table 1.
“CTC” and “RNN-T” mean that those models were trained
with random initialization, and “RNN-T+SFPT” is the fine-
tuned models from SFPT initialization. “CTC” systems used
just the CTC branch of “CTC+S2S” to perform decoding. We
can see that the WER/CERs of “RNN-T” were better than those
of “CTC” on almost tasks. Moreover, “RNN-T+SFPT” yielded
further improvements in all tasks. Hereafter, our RNN-T+S2S
(+TA) adopted the frozen parameters of “RNN-T+SFPT”.

We evaluated our RNN-T+S2S which is compared with
“CTC+S2S” and “RNN-T” using the BLSTM encoders with
offline decoding, although one-pass decoding was kept in
all tasks; the WER/CERs of the test set are shown in Ta-
ble 2. “CTC+S2S” indicates that those models were jointly
trained with CTC and performed joint decoding. “CTC+S2S”
used all encoder outputs for attention weight computation,
which provides richer terms than the triggered attention-based
CTC+S2S [18, 19]. “S2S (CTC+S2S)” systems used S2S
branch of “CTC+S2S” when decoding only. “RNN-T” was
the same system as “RNN-T+SFPT” in Table 1. “S2S (RNN-
T+S2S)” represents S2S branch of “RNN-T+S2S”, and were
trained using only the attention-based decoder part detailed in
Section 2.3. “RNN-T+S2S” is our proposal and performed joint
one-pass decoding by using trigger points and both branches
of “RNN-T” and “S2S (RNN-T+S2S)”. We can see “RNN-
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Table 3: Comparisons of offline CTC+S2S, streaming RNN-T,
offline RNN-T+S2S and streaming RNN-T+S2S (+TA). All sys-
tems used beam search decoding. The systems with “v'” in
column “fs” indicate fully streaming ASR results (fs), and the
others are offline decoding results.

Switchboard
Enc. | System fs SWB  CH TED2 | NVS
S2S+CTC - 19.8 35.6 17.5 14.7
E RNN-T v | 208 358 | 185 | 122
cg RNN-T+S2S - 19.3 34.8 17.9 10.7
=) RNN-T+S2S v 20.8 36.5 18.7 11.8
RNN-T+S2S+TA | V 19.6 35.0 17.5 11.2
s S2S+CTC - 17.4 29.7 14.2 9.9
; RNN-T v 16.7 29.4 14.3 7.1
é RNN-T+S2S - 16.2 28.5 13.7 6.8
@) RNN-T+S2S v 16.5 28.9 14.0 7.1
— RNN-T+S2S+TA | V 159 28.5 13.6 6.8

T+S2S” yielded generally better WER/CERs than “CTC+S2S”
and “RNN-T”, and thus our proposed “RNN-T+S2S” architec-
ture and its decoding approach were effective in realizing fur-
ther RNN-T improvements in one-pass decoding manner.

Finally, we evaluated our fully streaming RNN-T+S2S
(+TA) models in comparison with offline “CTC+S2S” and
streaming “RNN-T” on all tasks; the results are shown in Ta-
ble 3. Note that the difference from the offline experiments
was the use of the narrower context window for the attention
weight computation by using trigger points as in I of Fig. 1.
Therefore, our models with checkmark in “fs” column could
perform streaming ASR. “RNN-T” was the same system as
“RNN-T+SFPT” in Table 1. The “RNN-T+S2S” systems with-
out checkmark computed the attention weights using all en-
coder outputs whenever each trigger point was detected, and
thus one-pass and offline decoding were performed. “RNN-
T+S2S” with checkmark represents offline systems but those
were forced to perform streaming ASR by using trigger points
as in TA. “RNN-T+S2S+TA” means that the trigger points were
used in both “RNN-T+S2S” training and decoding steps. We
can see that the systems of “RNN-T+S2S” with checkmark
used in forced streaming ASR manner were worse than “RNN-
T+S2S” without checkmark. Applying TA to “RNN-T+S2S” in
both training and decoding steps, i.e. “RNN-T+S2S+TA”, mit-
igated the problem in the decoding step, and performance was
improved. Moreover, our “RNN-T+S2S+TA” could achieve the
same or better performance than “CTC+S2S” even though the
latter used offline decoding. We argue that the TA approach is
also effective for improving RNN-T performance in streaming
ASR manner. Note that we presented results with LSTM-based
models because we aim at streaming processing. Our frame-
work can be also applied to large and self-attention-based model
setups [38] with LM integration, and confirming this is a future
work.

4. Conclusion

We have proposed hybrid RNN-T/Attention architecture, called
RNN-T+S2S, and its decoding approach that offers one-pass
decoding. Our proposal integrates RNN-T and S2S so as to
further improve RNN-T performance by their interaction. Re-
placing the CTC branch of the CTC+S2S using trigger points
with RNN-T yields one-pass decoding. We also investigated
and modified TA for RNN-T+S28S, called RNN-T+S2S+TA, to
suit streaming ASR. Tests on three different datasets covering
different speaking styles and languages confirmed that RNN-
T+S2S+TA and its decoding approach attained better perfor-
mance than RNN-T and CTC+S2S even though the CTC+S2S
used offline decoding.
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