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Abstract

Deep autoregressive models start to become comparable or su-
perior to the conventional systems for automatic speech recog-
nition. However, for the inference computation, they still suf-
fer from inference speed issue due to their token-by-token de-
coding characteristic. Non-autoregressive models greatly im-
prove decoding speed by supporting decoding within a constant
number of iterations. For example, Align-Refine was proposed
to improve the performance of the non-autoregressive system
by refining the alignment iteratively. In this work, we pro-
pose a new perspective to connect Align-Refine and denoising
autoencoder. We introduce a novel noisy distribution to sam-
ple the alignment directly instead of obtaining it from the de-
coder output. The experimental results reveal that the proposed
Align-Denoise speeds up both training and inference with per-
formance improvement up to 5% relatively using single-pass
decoding.

Index Terms: speech recognition, non-autoregressive model,
deep learning, denoising autoencoder, iterative refinement

1. Introduction

Sequence-to-sequence models have become increasingly popu-
lar nowadays in the speech research community [1-9]. They are
introduced to solve the sequence prediction problem as a spe-
cific type of end-to-end model. Sequence-to-sequence models
take the input sequence and predict the target sequence directly,
without requiring multiple modules separately optimized. How-
ever, most common sequence-to-sequence models usually pre-
dict one label at a time. These are widely known as autoregres-
sive models.

Autoregressive models prediction at a given time step relies
on the predictions or ground truth values of tokens at previous
time steps. Autoregressive models are simple to train and are
theoretically well motivated by linking them to the probabil-
ity chain rule. Unfortunately, their simplicity results in inef-
ficiency during inference, particularly when dealing with long
output sequences. Considering the fact that output tokens need
to be predicted one-by-one and that each prediction requires a
full forward pass through the decoder, the computation time de-
pends heavily on the output sequence length, thus the inference
procedure is very slow.

The need to speed up the inference procedure results in
a growing interest in a different type of sequence-to-sequence
model, known as non-autoregressive models [10-20]. In con-
trast to autoregressive models, non-autoregressive models pre-
dict the whole output sequence within a constant number of iter-
ations, independently of the output sequence length. This leads
to a large speedup of decoding, especially for long output utter-
ances.

Audio-Conditional Masked Language Model (A-
CMLM) and Audio-Factorized Masked Language Model
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(A-FMLM) [20] are the first attempts to introduce non-
autoregressive models for speech recognition, which predict the
text sequence from the input recordings. In these approaches,
tokens are randomly masked during training, and the network
is optimized to recover their ground-truth values. An extension
to these methods includes using Connectionist Temporal
Classification (CTC) greedy decoding result to initialize the
hypothesis [11], applying a similar approach on the frame-level
CTC alignments [10].

Another direction for the non-autoregressive ASR is based
on iterative refinement [21], which predicts the whole se-
quence within each iteration. Iterative refinement reduces train-
test mismatch from the masking-based approaches. Align-
Refine [16] optimizes the decoder to refine the CTC latent align-
ments from the greedy decoding. The advantage of working at
the alignment level is that the output sequence length doesn’t
need to be decided in the beginning. Besides, it is easier to
fix some insertion or deletion errors at the alignment level by
changing predictions of few frames.

The alignments used for Align-Refine training come from
two different sources. The first source is the initial pro-
posal generated by the encoder—the same that is conventionally
used for the CTC objective in joint attention and CTC train-
ing [22]. The second source includes predictions from the de-
coder. To match the inference, Align-Refine requires several
passes through the decoder to get the intermediate alignments to
train the network. By obtaining those results, Align-Refine ben-
efits from the iterative decoding during the inference. However,
that approach results in a drawback of increased computation
time and memory consumption.

To address these issues, we propose Align-Denoise, which
doesn’t require multiple decoder passes during training. Instead
of collecting the intermediate results by forward-passing, we
sample them from a proposed noisy distribution of alignment.
The noisy distribution mixes the result of the initial proposal
and the ground-truth CTC alignment. The network is optimized
to refine the sampled alignment from the noisy distribution. By
incorporating the idea of denoising autoencoder [23], Align-
Denoise not only avoids multiple forward passes during training
but also obtains better results with single-pass decoding during
inference.

The main contributions of this paper are as follows:

* A novel perspective to extend Align-Refine inspired by
denoising autoencoder.

* A noise distribution to sample alignment based on the
initial proposal and ground-truth alignment.

* A new framework, Align-Denoise, which uses sampled
alignment to train and outperforms Align-Refine with
speedup on both training and inference.

* We will release our code by publication time.

http://dx.doi.org/10.21437/Interspeech.2021-1906



This paper is organized as follows. Section 2 introduces
the Align-Refine framework, which uses iterative refinement to
generate the transcript. Inspired by the denoising autoencoder,
Align-Denoise is proposed to speed up the training, which is
described with details in Section 3. Section 4 introduces the ex-
perimental setup used for training and evaluation. Discussions
are given in Section 5. Section 6 summarizes the conclusions
and proposes directions for future research.

2. Align-Refine

The Align-Refine model [16] can be considered as an extension
to the Connectionist Temporal Classification (CTC) [24]. CTC
simplifies the speech recognition decoding by assuming condi-
tional independence between predictions,

T-1

pla|x) = [] pla | %)

t=0

ey

where 7' is the number of frames, x are the features of the input
audio, a is the alignment that can be mapped to the final result
y. To measure the likelihood efficiently and exactly, CTC uses
dynamic programming to marginalize over all possible align-
ments. However, this independence assumption is too strong
for speech recognition since it ignores the dependence between
tokens at different positions. Consequently, dependencies re-
lated to the language model cannot be easily learned by CTC
training.

To alleviate the conditional independence assumption, a
common solution is to provide an additional conditional signal
which provides a priori alignment information:

T—1
pla|x,a) =[] pla: | x,4) 2

t=0
where a contains alignment related information. Previous

works explored different forms of a. Imputer [10] uses a par-
tial result as the conditional signal, and the unfinished positions
are labeled by the special token MASK. In comparison, Align-
Refine and this work condition the likelihood on noisy align-
ment & which may provide more information than the partial
result.

Align-Refine optimizes a non-causal decoder to refine the
initial decoding result from the encoder. Instead of training sep-
arate models for each step, Align-Refine applies the same de-
coder iteratively on the previous predicted alignment, starting
from the encoder’s prediction. During training, this recursive
refinement has been unfolded for K iterations but there are no
gradient flows between different iterations. Thus Align-Refine
requires K forward passes through the decoder but during back-
propagation, they are treated independently.

Align-Refine can be viewed as a special denoising autoen-
coder [23]. The goal of the denoising autoencoder is to learn
the mapping from the noisy sample to the clean one:

2
Eavp(a) Eang(ala) {Hfdec(a | x,8) - aHg] ®)

to optimize the network fiec where g(a | a) is the noise distri-
bution. For the case of ASR, additional conditional signal x is
available and the CTC objective is used instead:

IExN;D(x) E5~q(a|x,a) LCTC [fdec(a | X, é)v y} . (4)
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Figure 1: A visualization of the Align-Denoise training. Two
signals are estimated from the encoder output: the initial pro-
posal aenc from greedy decoding and the ground-truth align-
ment ag: from the forward-backward algorithm. The noisy tran-
script is sampled by mixing these two sequences. The decoder,
a non-causal Transformer decoder, conditions on this and the
encoder to improve the alignment. The connection between en-
coder and decoder is omitted.

The noise distribution in Align-Refine has been simplified
to the form ¢(a | x) and is a collection of sequences { fenc (%),
Sdec(fenc(X)), «ous dee(c(fen_c (x))} where fenc(x) is the decoding
result from the encoder, fj..(fenc(x)) is the result after applying
the decoder ¢ times.

3. Align-Denoise

The noise distribution g(a | a, x) used in Align-Refine requires
K forward passes through the decoder. This increases the train-
ing time by a large margin, and it is impossible to increase the
number of iterations K to an arbitrary number since it is lim-
ited by the GPU memory. Another important factor is that the
ground-truth alignment a is not used in the noise distribution.
In this case, we may not have enough training samples to cover
the space near a if the initial proposal is far away from a.
Align-Denoise speeds up the training process of Align-
Refine by incorporating the ground-truth alignment a. Instead
of taking a fixed number of steps from the initial proposal gen-
erated by the encoder, Align-Denoise samples alignments that
combine the ground-truth alignment and the initial proposal.
The initial proposal aenc is generated by the encoder using
greedy decoding,
5)

8enc = arg max fenc(a | x)

which can be estimated efficiently by taking argmax separately
at each position due to the conditional independence assump-
tion.
The posterior alignment provided by the encoder given the
ground truth transcription y is
Pla; =k |[x,y, fe) = fenc(a | x)  (6)

>

a:¢p(a)=y ar=k

where ¢ is the mapping function from CTC alignment to the
label sequence. The posterior can be estimated by a dynamic
programming algorithm known as the forward-backward algo-
rithm [25]. This posterior is the probability of a; = k among



all acceptable alignments and the condition of acceptable align-
ments is ¢(a) y. Alternatively, it can be viewed as a
weighted finite-state acceptor (WFSA) that represents all pos-
sible alignments with frame-level label likelihoods.

The ground-truth alignment can be derived from the poste-
rior by

ag = g(x,y, fenC) = argmax P(a; = k | XY, fenc) @)
k

During training, noisy alignments a are sampled from the spe-
cial noise distribution following our alignment policy. Similar
to Align-Refine, the label posterior is computed by marginal-
izing over all possible alignments a which correspond to the
target label sequence,

P(Y|x7 a, fdec) = Z fdec(a | X, é) ®)
a:¢(a)=y
T—1
= > ] feeclac | x,8) 9

a:¢p(a)=y t=0

The factorization of [} fuec(a: | .) is due to the conditional
independence assumption, which results in non-autoregressive
decoding.

Finally, the encoder and decoder are jointly trained by min-
imizing this modified CTC loss,

Lere =— Ex,yNP(x,y)Eagt=g(x,y,fenc)

EéNQ(é\x,agc) [10g P(y‘x7 5‘7 fdec)] (] O)
where p(x,y) is the data distribution, ag are the ground truth
alignments obtained by (7); and q(a | ag,x) is the noisy dis-
tribution that generates noisy alignments given the ground truth
alignments.

3.1. Noise Distribution

The key idea behind Align-Denoise is to design an alignment
policy that can generate noisy transcripts, similar to the inter-
mediate results encountered during inference. Given that the
input sequence is discrete, we add noise to the posterior instead
and sample from it.

If the greedy decoding aenc, obtained from the encoder
in (5), is adopted as the initialization, our goal is to find a map-
ping from aenc to the true alignment ag:. This is achieved by
adding the noise to the encoder posterior given ground truth la-
bels,

Pgt(at = k‘) = P(at =k | X,y,fenc) 1)

given by (6). From now on, we will denote Py (a: = k) as
ground truth posterior. The errors made by the encoder corre-
spond to the set of indices » € R such that

aenc,'r # agt,r (12)

To sample the noisy alignment a, we keep the correct predic-
tions from the greedy encoder result consistent and sample the
rest frames:

Vi(k) ~ N(vax Pa(ar = k), (1 —a) x o7 (k) * L(t € R))
(13)

a; = arg max Vi (14)
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where « is sampled from [0, 1] to control the global noise level
like [26], V% is the sampled per-frame distribution of labels. In-
tuitively, we choose frames based on the correctness of the ini-
tial proposal and sample frame-level labels based on combined
uncertainties o; from CTC decoding and forward-backward al-
gorithm. For a specific position, the amount of noise in sam-
pling comes directly from model’s uncertainty.

To mimic the error made by the encoder greedy decoding,
the noise variance is defined as the combination of both greedy
result and true posterior,

o7 (k) = max(Pg(a; = k), A X Panc(a; = k)),  (15)
with
Penc(at) = fenc(at | X)- (16)

From now on, we will denote Penc(a:) as the encoder posterior.
A controls the weight of the greedy decoding result. When A is
large, the input is mainly determined by the encoder result so
that it may contain more errors. When A is small, the input is
close to the ground-truth alignment which includes fewer mis-
takes.

Figure 1 includes visualization of the proposed Align-
Denoise training process. CTC losses are measured on both
initial proposal and decoder prediction following other previous
work [16,22]. Table 1 demonstrates how our policy generates
different training samples. The encoder greedy result makes
several mistakes, for example, the words “Wang’ and ‘tell’. The
training examples keep some of them, and the model is opti-
mized to correct.

4. Experiment

To evaluate the effectiveness of the proposed model, we conduct
speech recognition experiments to compare different encoder-
decoder models. The performance of the models is evaluated
based on word error rates (WERs) without relying on external
language models and beam search.

All models are tested on the 81-hours Wall Street Journal
(WSJ) [27]. For the network inputs, we use 80 Mel-scale fil-
terbank coefficients with three-dimensional pitch features and
apply SpecAugment [28] during model training. We run all
models at the character level to match previous works [10, 16].

4.1. Network Architecture

For all experiments, we adapt the same encoder-decoder archi-
tecture as Mask CTC [29] and Align-Refine [16], which con-
sists of Transformer self-attention layers with 4 attention heads,
256 hidden units, and 2048 feed-forward inner dimension size.
The encoder includes 12 self-attention layers with convolutional
layers that downsample the input features by a factor of 4. The
decoder contains 6 non-causal self-attention layers.

We set the dropout rate to 0.1 and the weight of the ini-
tial proposal to 0.3. Each minibatch includes 48 sequences, and
gradients are accumulated from 8 batches. The model is trained
for 500 epochs following Mask-CTC [11] with a standard in-
verse square-root learning rate schedule and a linear warmup of
25000 steps.

4.2. Results

Table 2 shows the results for WSJ based on WERs and real-time
factors (RTFs) that were measured for decoding the eval92 sub-
set on a single CPU thread. By comparing the results for non-
autoregressive models, we can see that the proposed method



Table 1: Training samples generated by our policy. The noise distribution is a Gaussian distribution whose variance is controlled by
the confidence from the encoder initial proposal (enc) and posterior from forward-backward algorithm. Training samples inherit some
predictions errors from the initial proposal.

posterior ______________ SSOO_ MR.. WANNNG TEL__LS PEOPLLE HEE IIS FFIFFTYYY_________
enc 0 SSO0O_ MR.. WIGNNNTTELLLLS PEOPLLE HE IIS FFIFFTYYY
sample 1 ______________ SSOO_ MR.. WINNNG TELL_LS PEOPLLE HE IIS FFIFFTYYY
sample 2 ______________ SSOO_ MR.. WANNNT_TELL_LS PEOPLLE HE’ IIS FFIFFTYYY_____
sample 3 ______________ SSO0_ MR.. WAHNNGTTEL_ELS PEOPLLE HE IIS FFIFFTYYY
sample 4 ______________ SSOO_ MR.. WANNNG_TELLLLS PEOPLLE HE IIS FFIFFTYYY
sample 5 ______________ SSOO_ MR.. WENNNGTTELLLLS PEOPLLE HE IIS FFIFFTYYY

Table 2: Word error rates (WERs) and real time factor (RTF)
for WSJ (English).

Model Iterations dev93(]) eval92(]) RTF()
Autoregressive
CTC-attention [22] L 14.4 11.3 0.97
+ beam search L 13.5 10.9 4.62
Align-Denoise
A=0.5 1 13.8 11.3 0.05
A=0.3 1 13.5 10.8 0.05
A=0.1 1 144 11.4 0.05
Previous work
CTC [11] - 22.2 17.9 0.03
CTC [10] - - 15.2 -
Imputer (IM) [10] 8 - 16.5 -
Imputer (DP) [10] 8 - 12.7 -
Mask CTC [11] 1 15.7 12.5 0.07
Mask CTC [11] 10 15.5 12.2 0.07
Align-Refine [16] 1 14.1 11.6 0.05
Align-Refine [16] 5 13.7 11.4 0.07

outperforms all other non-autoregressive baselines using just a
single iteration. A = (0.3 gives the best result, whereas the per-
formance of A = 0.1 is worse in comparison. When A is small,
the input alignment is too close to the ground truth, giving the
network limited opportunities to improve it. However, during
inference, the initial proposal contains more mistakes. Such
mismatch can explain the reason why a small ) is not preferred,
which is verified by the result.

Since we use the same architecture, the real-time factor
of Align-Denoise matches Align-Refine with £ = 1 iteration.
Comparing to the Align-Refine, the proposed Align-Denoise
also speeds up the training. Align-Refine requires K = 4
forward passes through the decoder, which consists of 6 trans-
former blocks. The proposed approach requires just a single
forward pass through the decoder since noisy alignments are
sampled from frame-level Gaussian distributions instead of us-
ing the greedy results from the forward passes.

5. Discussion

Iterative Refinement. For the proposed Align-Denoise, we ob-
serve no improvement during inference when we run it for more
than 1 iteration. The model still makes changes but they do not
affect the post-collapse outputs. Even for as many as fifty itera-
tions, the performance remains the same.

Alignment mismatch. There exist some cases where aenc and
ag: are mis-aligned. One example is given in Table 3. In the
initial proposal from the encoder, the last ‘S’ in the word prices
has been repeated twice — which does not change the decoding
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Table 3: Mis-aligned example. This is part of the sentence and
the original sentence is the meteoric rise in prices is the worst
thing that could happen to the collectible car hobby.

PPRICESS ISS THE WORSTTHAN THAT COUD HAVEPENN
PPRICES IS THE WORST THING THAT COULD HAP_PEN

Aenc
Agt

result. However, it makes the alignment mismatched and there
is not enough character space to recognize the word thing. The
only way to correct this is to remove the extra ‘S’ and move the
whole segment to the left. Similar problems have been observed
in other non-autoregressive approaches [11,20] that predict to-
kens directly instead of the alignment. Reducing the downsam-
pling rate in the encoder could mitigate this kind of error at the
cost of decoding speed.

6. Conclusion

In this paper, we presented Align-Denoise, a non-autoregressive
speech recognition model which uses single-pass decoding.
Align-Denoise is built on the prior work of Align-Refine [16],
which iteratively refines the CTC latent alignment. Inspired
by a theoretical connection between Align-Refine and denois-
ing autoencoder, we propose a novel noisy distribution which
can sample the alignment directly. This speeds up the Align-
Refinement training by reducing the number of forward passes
through the decoder. Experiments demonstrate that Align-
Denoise leads to a small performance improvement compared
to the Align-Refine with a single iteration. Future work includes
improving the performance with multiple iterations using score
matching [30,31] and adapting the noise distribution to support
mis-aligned cases.
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