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Abstract

End-to-end training of recurrent neural network transducers
(RNN-Ts) does not require frame-level alignments between au-
dio and output symbols. Because of that, the posterior lattices
defined by the predictive distributions from different RNN-Ts
trained on the same data can differ a lot, which poses a new set
of challenges in knowledge distillation between such models.
These discrepancies are especially prominent in the posterior
lattices between an offline model and a streaming model, which
can be expected from the fact that the streaming RNN-T emits
symbols later than the offline RNN-T. We propose a method
to train an RNN-T so that the posterior peaks at each node in
the posterior lattice are aligned with the ones from a pretrained
model for the same utterance. By utilizing this method, we
can train an offline RNN-T that can serve as a good teacher to
train a student streaming RNN-T. Experimental results on the
standard Switchboard conversational telephone speech corpus
demonstrate accuracy improvements for a streaming unidirec-
tional RNN-T by knowledge distillation from an offline bidi-
rectional counterpart.

Index Terms: End-to-end speech recognition, recurrent neural
network transducer (RNN-T), knowledge distillation, streaming
speech recognition

1. Introduction

End-to-end (E2E) automatic speech recognition (ASR) has been
gaining attention due to its ease of training and decoding effi-
ciency. Various modeling approaches including Connectionist
Temporal Classification (CTC) [1-4], attention-based encoder-
decoder [5-7], and recurrent neural network transducer (RNN-
T) [8, 9] have been proposed. As accuracy of E2E ASR has
been steadily improving [10-13], the importance of address-
ing problems related to actual deployment of E2E ASR is in-
creasing [14-19]. Streaming ASR is one of the important re-
quirements in many speech applications, such as closed cap-
tioning for television [20] and natural human-machine interac-
tions [21,22]. Among the proposed modeling techniques listed
above, RNN-T and CTC enable monotonic decoding in time
which is preferable for streaming ASR. An RNN-T can be seen
as an extension of CTC and is composed of an encoder network
for acoustic modeling, a prediction network for language mod-
eling, and a joint network for decoding. Because of this archi-
tecture, an RNN-T does not assume conditional independence
between predictions at different time steps unlike CTC. These
advantages motivated us to focus in this paper on accuracy im-
provements for RNN-Ts applied to streaming ASR.

Compared to offline ASR, streaming ASR usually suffers
an accuracy degradation. This is especially true for a stream-
ing RNN-T with a unidirectional encoder network which sees
a significant accuracy degradation from an offline RNN-T with
a bidirectional encoder network [23]. This is because bidirec-
tional models can capture whole utterance information while
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unidirectional models can only use the information from the
past. Introducing some look-ahead to consider future infor-
mation was shown to be effective, not only for RNN-Ts [24],
but also for other models [25]. However, there is an apparent
trade-off between the accuracy improvement and the latency in-
crease introduced by look-ahead. In contrast, there were other
approaches to improve the accuracy of streaming ASR without
any explicit increase in latency. For CTC, knowledge distil-
lation from bidirectional to unidirectional models has been pro-
posed [26-29]. For attention-based encoder-decoder and hybrid
RNN/HMM, twin regularization to make forward hidden states
as close as backward hidden states has been applied [30,31]. In
this paper, we follow the same principle of avoiding an explicit
increase in latency to improve accuracy of streaming RNN-Ts.

More specifically, we leverage knowledge distillation from
an offline RNN-T with a bidirectional encoder network (bidi-
rectional RNN-T) to a streaming RNN-T with a unidirec-
tional encoder network (unidirectional RNN-T)'. Conventional
DNN/HMM hybrid models [32] are trained from frame-level
forced alignments between acoustic features and output sym-
bols. Thus, naive knowledge distillation worked well by min-
imizing Kullback-Leibler (KL) divergence between posterior
distributions from teacher and student models at correspond-
ing frames [33, 34]. Contrary to hybrid models, E2E models
are typically trained from pairs of acoustic features and out-
put symbols without frame-level alignments, which poses a new
set of challenges in knowledge distillation between such mod-
els. Considering that bidirectional encoders typically react to
acoustic features for each output symbol at earlier time steps
than unidirectional encoders?, it is not advisable to minimize the
KL divergence between posterior distributions from a teacher
bidirectional RNN-T and a student unidirectional RNN-T at the
same time step after predicting the same output symbols. As
shown later in Figure 5a and Figure 5e, RNN-T alignments for
the same utterance with the bidirectional and the unidirectional
model are completely different, which also indicates the diffi-
culty of the naive knowledge distillation approach.

In the previous paper, to realize knowledge distillation be-
tween CTC models, we aligned posterior peaks® for acoustic
features at each time step from different CTC models [29]. In
RNN-Ts, posterior distributions are conditioned not only on the
acoustic features, but also on the output symbols predicted in
the past and consequently calculating posterior distributions for
acoustic features at each time step without considering the past
symbols is not trivial.

'We use a unidirectional model for prediction networks for both
bidirectional and unidirectional RNN-Ts.

2Similar with CTC models, a unidirectional encoder needs to con-
sume sufficient acoustic information for each output symbol while
a bidirectional encoder can leverage backward information from the
acoustic features in the future [25,35,36].

3We call the symbol with the highest posterior probability a poste-
rior peak hereafter.
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Figure 1: Schematic diagram of RNN-T.
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Figure 2: Posterior lattice for RNN Transducer.

In this paper, we propose a method to train an RNN-T so
that the posterior peaks in the posterior lattice are aligned with
the ones from a pretrained model for the same utterance. In
other words, an RNN-T is trained with being guided by a pre-
trained model. By training a bidirectional RNN-T with being
guided by a pretrained unidirectional model, we can obtain a
bidirectional RNN-T that has the same posterior peaks with
the pretrained unidirectional RNN-T at the same position in the
posterior lattices. This bidirectional RNN-T can serve as a good
teacher to train a student unidirectional model. Through ex-
periments on the standard English Switchboard conversational
telephone speech corpus, we will show that effective knowl-
edge distillation from a bidirectional RNN-T to a unidirectional
RNN-T can be realized with the proposed method.

2. RNN Transducer

Lety = (y1,---,yu) denote a length-U sequence of target
output symbols where we denote the target symbol set by ).
This target symbol set can be letters, phonemes, graphemes,
wordpieces, and so on [37,38]. Let x = (x1,--- ,x7) denote
an acoustic feature vector over 7' time steps. In RNN-T model-
ing, an extra blank symbol ¢ is introduced to expand the length-
U sequence y to a set of length-(7"+ U') sequences ®(y). Each
sequence y € ®(y) is one of the RNN-T alignments between x
and y, where the elements of y = (g1, -+ , §r+uv) belong to
the symbol set of Y U {¢}. The RNN-T loss is defined as the
summation of symbol posterior probabilities over all possible
RNN-T alignments: LRNN-T = — D ca(y) P (V]%)-

As shown in Figure 1, the encoder network serves as an
acoustic model to convert the input features x to an embed-
ding vector sequence h®"® with the same length T". The pre-
diction network works as a language model (LM) to produce
an embedding hﬁred with conditioning on the previous predic-
tions except the blank symbol, (y1,- - ,yu—1). The joint net-
work outputs an embedding z; ., by combining the output from
the encoder network h$™ and the output from the prediction
network hﬁred. A common implementation of the joint net-
work is a sum of linear transformations of both embeddings
as e = (Wh™ + WPedpPe | 1) where ) is hy-
perbolic tangent, W™ and WP™! are weight matrices, and b
is a bias. Another linear transformation followed by a softmax
operation is applied to z; ., to calculate a posterior distribution
P(G+ult,u) over the set Y U {@}. As a result, P(§yult, u)
defines a posterior lattice as shown in Figure 2 where each
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node represents the posterior distribution. With these defini-
tions, RNN-T training is achieved by minimizing the RNN-T
loss Lrnn-T that can be efficiently computed by a forward-
backward algorithm (8, 39].

3. Proposed Knowledge Distillation for
RNN Transducer

Knowledge distillation, also known as teacher-student model-
ing, is a mechanism to train a student model not from the true
labels for the training data, but from the posterior distributions
from the pretrained teacher model that has stronger modeling
capability [33, 34]. Typically, the KL divergence between the
posterior distributions of the student model being trained and
the teacher model for the same training sample is minimized.

In order to improve the accuracy of a unidirectional RNN-
T, we try to make the best use of knowledge distillation from
a bidirectional RNN-T. To realize knowledge distillation be-
tween RNN-T models, it is natural to minimize KL divergence
of T x U posterior distributions in the posterior lattices of the
teacher and student models. However, because bidirectional en-
coder and unidirectional encoder behave differently with regard
to when they react to acoustic features, minimizing the KL di-
vergence between posterior distributions at the same position
in the posterior lattices is not viable. As shown later in Figure
5a and Figure Se, the RNN-T alignments for the same utter-
ance with the bidirectional RNN-T model and the unidirectional
RNN-T model are completely different, which indicates the dif-
ficulty of the naive knowledge distillation approach.

We propose a method to train a bidirectional RNN-T so
that it has the same posterior peaks with the pretrained unidi-
rectional RNN-T at the same position in the posterior lattice.
Consequently, the trained bidirectional RNN-T can serve as a
good teacher for a student unidirectional model.

Specifically, as shown in Figure 3, there are three steps in
the proposed method. First in step 1, we train a unidirectional
RNN-T with the standard method of minimizing the RNN-T
loss. In step 2, we feed the training data to the unidirectional
model trained in step 1 and obtain posterior peaks gy, for
each position in the posterior lattice. Then we feed the same
training data to the bidirectional RNN-T model being trained
and obtain the posterior lattice with the same size. In addi-
tion to the normal RNN-T loss Lrnn.T, We jointly minimize
the cross entropy between the posterior distributions from the
bidirectional RNN-T and the posterior peaks from the unidi-
rectional RNN-T at the same position in the posterior lattice
as Lxg = — > U log(PP (g¥M ¢, w)). By minimiz-
ing Lxg, the bidirectional RNN-T being trained is guided to
have the same posterior peaks with the unidirectional model at
the same position in the posterior lattice. Figure 4 describes
this step in more detail. Note that we don’t minimize the KL
divergence between two posteriors from bidirectional and uni-
directional RNN-T models because we need to let the bidirec-
tional model (1) just learn the preferred symbol at each position
from the posterior peaks predicted by the unidirectional model
and (2) still capture whole utterance information to yield poste-
rior distributions. If we simply minimize the KL divergence,
the bidirectional model results in simply yielding similar pos-
terior distributions with the unidirectional model and can not
be a good teacher to train a unidirectional model in the next
step. Finally, in step 3, we train a unidirectional model by
jointly minimizing the RNN-T loss and the KL divergence be-
tween the posterior distributions at the same position in the pos-
terior lattices from the unidirectional model being trained and
the teacher bidirectional RNN-T trained in step 2.
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Figure 3: Proposed knowledge distillation for RNN-T. In each step, the model filled in color is trained and others are fixed. In step
1, a unidirectional RNN-T is trained with the standard method. In step 2, a bidirectional RNN-T is trained with being guided by the
unidirectional RNN-T trained in step 1. In step 3. a unidirectional RNN-T is trained by knowledge distillation from the bidirectional
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Figure 4: Detail of step 2 in the proposed method.

Table 1: Word Error Rates for knowledge distillation from bidi-
rectional (Bidir.) RNN-T to unidirectional (Unidir.) RNN-T with
262 hours of training data. [%]

Training method SWB CH
1A Bidir Standard 16.7 26.6
Step 2
1B  Bidir Guided by 1E, Axg = 0.0001  16.1  26.5
1C Bidir Guided by 1E, Axg = 0.001 17.1 278
1D Bidir Guided by 1E, Axg = 0.01 20.7 326
Step 1
1E  Unidir. Standard 233 389
Step 3
1F  Unidir. Distilled from 1A 33.0 454
1G  Unidir. Distilled from 1B 309 439
1H Unidir. Distilled from 1C 214 34.6
1I  Unidir. Distilled from 1D 219 353

Table 2: Word Error Rates after Density Ratio Fusion with
LSTM language model on key results in Table 1. [%]

Training method SWB CH
1A’ Bidir. Standard 12.8 22.9
1E’ Unidir. Standard 18.6 34.3
18’ Unidir. Distilled from 1C 17.0 314

4. Experiments

To confirm the advantage of the proposed knowledge distillation
method, we conducted ASR experiments to improve accuracy
of letter-based unidirectional RNN-T models. In a first set of
experiments, we used 262 hours of segmented speech from the
standard 300-hour Switchboard-1 English conversational tele-
phone speech as training data [40]. Then we moved to a larger
scale experiment by creating 1300 hours of augmented training
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Figure 5: RNN-T alignments for an example utterance “OH MY
GOODNESS” in training data. Vertical axis corresponds to
target symbol sequence and horizontal axis corresponds to time.

data by applying speed and tempo perturbation (90% and 110%
for both perturbation) to the original 262 hours [41]. For both
cases, we report results on the Hub5 2000 Switchboard (SWB)
and CallHome (CH) evaluation test sets.

For unidirectional RNN-Ts, we stacked 6 unidirectional
Long-Short Term Memory (LSTM) layers with 1024 units for
the encoder network. For the prediction network, we stacked
an embedding layer of size 10 and 1 unidirectional LSTM layer
with 1024 units. The outputs from the encoder and the predic-



Table 3: Word Error Rates for knowledge distillation from bidi-
rectional (Bidir.) RNN-T to unidirectional (Unidir.) RNN-T with
1300 hours of training data. (Characters in line identifiers are
consistent with Table 1.) [%]

Training method SWB CH
3A  Bidir. Standard 11.7  20.0
3C  Bidir. Guided by 3E, Axg = 0.001 12.1  21.8
3E  Unidir.  Standard 16.1 28.6
3H Unidir. Distilled from 3C 148 27.5

Table 4: Word Error Rates after Density Ratio Fusion with
LSTM language model on key results in Table 3. [%]

Training method SWB CH
3A7 Bidir. Standard 9.1 17.5
3E’ Unidir. Standard 11.9 24.5
3H’ Unidir. Distilled from 3C 11.3 24.2

tion networks were linearly transformed to 256 dimensions in
the joint network. The output layer has 41 letters, 1 <SPACE>
symbol that represents a word boundary, and an extra blank
symbol ¢. For bidirectional RNN-Ts, we used 6 bidirectional
LSTM layers with 640 units per layer per direction. Other net-
work topologies are the same as the unidirectional models. All
parameters were initialized to samples of a uniform distribution
over (—e, €), where € is the inverse square root of the input vec-
tor size. All models were trained for 20 epochs using stochas-
tic gradient descent with the Nesterov momentum of 0.9 and a
learning rate starting from 0.2 and annealing at 1/0.5 per-epoch
after the 8th epoch.

For acoustic features, we used 40-dimensional logMel fil-
terbank energies, their delta, and double-delta coefficients with
frame stacking and skipping rate of 2 [35], resulting in 240-
dimensional features. We did not use any speaker-dependent
feature transformations since we focus on improving accuracy
of streaming unidirectional RNN-T models.

For decoding, we used an efficient beam search algorithm
called alignment-length synchronous decoding [42]. In addi-
tion to decoding only with a RNN-T model, we also integrate
an external LM using the recently proposed density ratio fusion
technique4 [43]. To this end, we trained a letter-based unidirec-
tional LSTM (1 layer with 1024 units) LM with the audio tran-
scripts of the 300-hour Switchboard-1 corpus as a source LM
and another letter-based unidirectional LSTM (2 layers with
1024 units) LM with the audio transcripts of the 2000-hour
Switchboard-Fisher corpus as an external LM.

4.1. 262-hour Training Data

We show the Word Error Rates (WERs) of the models trained
on the 262-hour data in Table 1. In addition, we show the
RNN-T alignments for an example utterance from the training
data in Figure 5 where the RNN-T alignments are given by the
product of forward and backward variables during the forward-
backward algorithm [8].

As a reference, we trained a bidirectional RNN-T in the
standard method of minimizing the RNN-T loss (1A in Table
1). Based on the proposed method shown in Section 3 and Fig-
ure 3, we first trained a unidirectional model in the standard
way (1E). Then, we trained bidirectional models by minimizing
L = LrnN-T + AxeLxe where the latter cross entropy term is
calculated based on the posterior peaks from the unidirectional
RNN-T trained in the previous step. By changing the weight

4The density ratio fusion was originally confirmed effective for the
cross-domain scenario. We will show that it works well with the in-
domain scenario with a small source LM and a large external LM.
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AXE, we trained three models shownin 1B to 1D of Table 1. By
reducing the weight to Lxg, we obtained similar WERs as the
bidirectional RNN-T trained with the standard method. How-
ever, when looking at the RNN-T alignments in Figure Sa and
5b, the bidirectional model trained with a smaller Lxg (1B) has
a similar alignment as the standard bidirectional model (12).
Conversely, when looking at Figure 5c, 5d, and Se, the RNN-T
alignments from the bidirectional models with larger Lxg (1C,
1D) are similar to the one from the unidirectional model (1E),
which is preferable for the subsequent knowledge distillation.
Finally, we conducted knowledge distillation from the bidirec-
tional RNN-Ts trained in the previous step. As a reference, we
also conducted naive knowledge distillation from the bidirec-
tional RNN-T trained with the standard method (12). As shown
in 1F and 1G of Table 1, knowledge distillation from the bidi-
rectional models in 1A and 1B did not work. As shown in Fig-
ure 5, the RNN-T alignments are not similar with that of the uni-
directional RNN-T model and thus minimizing KL divergence
at the same position in the posterior lattice was not effective.
However, when looking at 1H and 1I, we confirmed accuracy
improvement from the unidirectional RNN-T trained with the
standard method (1E). The best result was obtained in 1H with
1.9% improvement from 23.3% to 21.4% on Switchboard and
4.3% improvement from 38.9% to 34.6% on CallHome test sets
from the standard unidirectional RNN-T model (1E). These re-
sults indicate that as long as the RNN-T alignments are suf-
ficiently guided to be similar to those from the unidirectional
RNN-T when training a teacher bidirectional model, a smaller
AxE, Which is equivalent to putting more emphasis on bidirec-
tional information, resulted in a better teacher model (1C) and
a better student model (1H).

In Table 2, we also report the WERSs by applying LM den-
sity ratio fusion to the key results (1A, 1E, and 1H) in Table 1.
By comparing 1E’ and 1H’ in Table 2, the improvement from
the proposed method was kept after density ratio fusion.

4.2. 1300-hour Augmented Training Data

To confirm the advantage of the proposed method in a more
competitive setup, we follow the same procedure as in the pre-
vious section while using the augmented 1300 hours of train-
ing data. As shown in Table 3, we set Axg to 0.001, which
achieved the best result in the previous experiment. We demon-
strated the same result that the bidirectional model (3C) guided
by the unidirectional model (3E) served as a good teacher to
train an improved unidirectional model (3H). In Table 4, we
also confirmed that the accuracy improvement by the unidirec-
tional model trained by the proposed method was reduced, but
remained after density ratio fusion.

5. Conclusion

In this paper, we proposed a method to train an RNN-T so that
the posterior peaks in the posterior lattice are aligned with the
ones from a pretrained model for the same utterance. We con-
firmed that the RNN-T alignment from the model trained by
the proposed method is similar to that of the pretrained model,
which enables knowledge distillation between RNN-T models
with different architectures. By leveraging this method, we real-
ized knowledge distillation from an offline bidirectional RNN-T
model to a streaming unidirectional RNN-T model. Experimen-
tal results on the standard 262-hour Switchboard corpus and the
augmented 1300-hour corpus confirmed that the unidirectional
RNN-T trained with the proposed knowledge distillation has
better accuracy than the unidirectional model trained with the
standard way. As future work, we plan to include a comparison
with sequence-level knowledge distillation for RNN-Ts.
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