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Abstract
Neural end-to-end (E2E) models have become a promising
technique to realize practical automatic speech recognition
(ASR) systems. When realizing such a system, one impor-
tant issue is the segmentation of audio to deal with streaming
input or long recording. After audio segmentation, the ASR
model with a small real-time factor (RTF) is preferable because
the latency of the system can be faster. Recently, E2E ASR
based on non-autoregressive models becomes a promising ap-
proach since it can decode an N -length token sequence with
less than N iterations. We propose a system to concatenate au-
dio segmentation and non-autoregressive ASR to realize high
accuracy and low RTF ASR. As a non-autoregressive ASR, the
insertion-based model is used. In addition, instead of concate-
nating separated models for segmentation and ASR, we intro-
duce a new architecture that realizes audio segmentation and
non-autoregressive ASR by a single neural network. Experi-
mental results on Japanese and English dataset show that the
method achieved a reasonable trade-off between accuracy and
RTF compared with baseline autoregressive Transformer and
connectionist temporal classification.
Index Terms: ASR, end-to-end, non-autoregressive, audio seg-
mentation

1. Introduction
End-to-end (E2E) models have become a promising option to
realize practical automatic speech recognition (ASR) systems
based on the significant improvement of the ASR performance
[1–8]. In particular, the E2E model is suitable for ASR sys-
tems run on a device like a smartphone which only has limited
computing capability. Most of the E2E models are composed
of a single neural network and its computational optimization
is simple. Therefore, many techniques to make the model foot-
print lower like quantization and compression, are easily ap-
plied. This leads to several works that aim to run E2E ASR
models on a device like smartphones [9–11].

One important issue to be solved when realizing a practical
ASR system is the segmentation of the input audio. If the in-
put audio is long or is fed in a streaming way, the audio should
be segmented into an appropriate length of utterances to avoid
large memory consumption. In particular, estimating the end of
the speech segment is important because it also affects latency
which directly relates to the user’s subjective impression of the
performance of the ASR system. However, realizing low la-
tency and high accuracy is a trade-off. One way to realize such
an ASR system is to separately employ models for segmentation
and ASR.

In such a scenario, it is obvious that making the decod-
ing process faster leads to lower latency. Therefore, decoding
with a small real-time factor (RTF) is important. Recently, non-
autoregressive Transformer (NAT) is intensively investigated in

the research field of neural machine translation [12–15]. It aims
to realize faster decoding than an autoregressive Transformer at
the expense of a small loss of accuracy. The main contribution
to the RTF improvement of NAT is the ability to decode N -
length token sequences with less than N iterations, which can
not be achieved by autoregressive Transformer. Mask-predict,
one of the NAT models, was applied to ASR and realized sig-
nificant improvement of RTF with a small degradation in accu-
racy [16].

In this paper, we aim to realize ASR of streaming input
or long recording with non-autoregressive ASR. Among sev-
eral works of non-autoregressive ASR [16–19], we propose to
use the insertion-based model recently proposed in [19] because
of its high accuracy and small numbers of iterations required
for decoding. The model jointly trains connectionist tempo-
ral classification (CTC) [20] and insertion-based models. It
achieves better accuracy with approximately log2(N) iterations
during inference than autoregressive Transformer with greedy
decoding, while the other non-autoregressive models like mask
CTC [17] does not reach this performance. Our first attempt in
this proposed framework is to concatenate audio segmentation
and this insertion-based model toward streaming ASR.

In addition, we propose to integrate audio segmentation
and non-autoregressive ASR in a single neural network by ex-
ploiting the CTC part of the insertion-based model with causal
self-attention. Causal self-attention is realized by block self-
attention which is similar to Transformer XL [21]. It computes
attention weights inside a limited context (block). In general,
introducing causal self-attention degrades accuracy. However,
once the audio segment is fixed, the insertion-based model can
refine the hypothesis by looking at the whole acoustic feature in
the segment with a smaller number of iterations than the autore-
gressive Transformer. Therefore, the accuracy can be recovered
while achieving faster inference than the autoregressive Trans-
former.

Experimental results showed the proposed method achieved
a good balance between accuracy and RTF compared with base-
line autoregressive Transformer and CTC. To the best of our
knowledge, this is the first work to apply non-autoregressive
ASR to streaming or long recording.

2. Related Work
Several works of non-autoregressive Transformer for ASR have
been proposed [16–18]. However, all of them do not aim for
recognizing streaming input or long recording. There are some
works of realizing audio segmentation and ASR in a single
model. In [22], it is proposed to use the CTC part of a jointly
trained CTC and attention-based model. Integrating an end-
pointer into a single RNN-T model and second-stage rescoring
with an attention-based model is proposed in [23]. It assumes a
voice search application which only detects a single endpoint of
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streaming audio. Both of them uses autoregressive model while
ours are non-autoregressive one.

3. Insertion-based model with CTC
In this section, the insertion-based model used in this work,
KERMIT (Kontextuell Encoder Representations Made by In-
sertion Transformations) [24], is first introduced. Then, joint
modeling with CTC proposed in [19] is explained.

3.1. Insertion-based model: KERMIT

First, the general formulation of E2E ASR models and
insertion-based models is described. Suppose X = (xt ∈
Rd|t = 1, · · · , T ) is an acoustic feature sequence whose di-
mension is d. The output token sequence is defined as C =
(cn ∈ V|n = 1, · · · , N). T is the length of the acoustic fea-
ture, N is the length of output token sequence, and V is a set of
distinct tokens. The E2E ASR model is a probability distribu-
tion over the output token sequenceC given the acoustic feature
sequence X , i.e. pe2e(C|X). It is modeled by a single neural
network.

In the case of insertion-based models, the probability distri-
bution pe2e(C|X) is assumed to be marginalized over insertion
order Z:

pe2e(C|X) =
∑
Z

p(C,Z|X) =
∑
Z

p(CZ |X)p(Z). (1)

Insertion order Z represents the permutation of the token se-
quence C, e.g. if C = (A,B,C,D) and Z = (3, 1, 2, 4),
CZ = (C,A,B,D). For the KERMIT case, let cZi be a token
to be inserted and lZi be a position where the token is inserted
at the i-th generation step under an insertion order Z, p(CZ |X)
in Eq. (1) is defined as:

p(CZ |X) =:

I∏
i=1

p
((
cZi , l

Z
i

)
|
(
cZ0 , l

Z
0

)
, · · · ,

(
cZi−1, l

Z
i−1

)
, X
)

=

I∏
i=1

p
((
cZi , l

Z
i

)
|cZ ′0:i−1, X

)
, (2)

where i = 1, · · · , I is the index of generation step and cZ
′
0:i−1

is the sorted token sequence at the (i − 1)-th generation step.
The posterior in Eq. (2) is modeled by only the encoder block of
Transformer. The output at the final layer of the encoder block
is sliced as Htok ∈ Rdsa×i then used to calculate the posterior:

p
((
cZi , l

Z
i

)
|cZ ′0:i−1, X

)
=: p(cZi |lZi ,Htok)︸ ︷︷ ︸

Token prediction

p(lZi |Htok)︸ ︷︷ ︸
Position prediction

,

(3)

where dsa is the dimension of self-attention. The token and po-
sition prediction term are calculated by a linear transformation
of Htok and softmax. Non-autoregressive parallel decoding is
possible using only the token prediction term in Eq. (3):

ĉ = argmax
c

p
(
c|l, cZ ′0:i−1, X

)
. (4)

When p(Z) is the balanced binary tree (BBT) insertion order
proposed in [15], decoding finishes empirically with log2(N)
iterations. The BBT order is to insert the centermost tokens of
the current hypothesis. For example, given a sequence C =
(c1, · · · , c9), the hypothesis grows based on the tree structure
like (c5)→ (c3, c5, c7)→ (c2, c3, c4, c5, c6, c7, c8)
→ (c1, c2, c3, c4, c5, c6, c7, c8, c9).

Figure 1: Schematic diagram of KERMIT and joint modeling
with CTC.

Figure 2: Decoding example of KERMIT and CTC.

3.2. Joint modeling with CTC

Next, joint modeling of KERMIT and CTC is introduced [19].
In general, joint modeling is to model a joint distribution over
different sequences. Suppose Y is another output token se-
quence for joint modeling. Then, the posterior in Eq. (2) is
modified as:

p(CZ |X) =: p(CZ , Y |X) = p(Y |X,CZ)p(CZ |X). (5)

The term p(Y |X,CZ) in Eq. (5) can be any kind of proba-
bility distribution. We set Y = C and choose CTC for the
term because joint modeling with CTC results in faster conver-
gence and performance improvement [4]. Suppose A is a se-
quence of tokens including a blank symbol 〈b〉, i.e. A = (at ∈
V ∪ {〈b〉}|t = 1, · · · , T ). F(·) is a function which deletes
repetitions and the blank symbol from the sequence A hence
F(A) = Y . The CTC probability is formulated as:

p(Y |X,CZ) =:
∑

A∈F -1(Y )

p(A|X,CZ). (6)

Because all the output of KERMIT is dependent on both the
acoustic feature sequence and the token sequence, the final
output of the encoder block of KERMIT is sliced as Hfeat ∈
Rdsa×T and used:

p(A|X,CZ) =: p(A|Hfeat). (7)

This process is depicted in Figure 1. It can be seen as a multi-
task training of the two terms in Eq. (5), i.e. p(Y |X,CZ) in
Eq. (6) and p(CZ |X) in Eq. (2). The formulation means CTC is
reinforced by insertion-based token sequence generation. Dur-
ing decoding, either of the CTC part p(Y |X,CZ) or the in-
sertion part p(CZ |X) in Eq. (5) can be used as a final result.
Figure 2 shows an example of the decoding process. The error
in the original CTC result (Y in the first iteration) was refined
after the iterations.
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Figure 3: Example of the block self-attention (Tq = 4, L = 2).
In the case of block self-attention, dotted lines are not com-
puted.

4. Audio segmentation and
non-autoregressive decoding

This section proposes to extend the model described in Section
3.2 to enable joint audio segmentation and non-autoregressive
decoding.

4.1. Preliminary: Block self-attention

In the model described in Section 3.2, self-attention is the com-
ponent that prevents the model being used for audio segmen-
tation of long recordings. This is because self-attention com-
putes attention weights over the whole input sequence. In or-
der to avoid this, block self-attention, which computes attention
weights inside a limited context (block), is introduced. This is
almost the same structure as Transformer XL [21] except this
formulation uses future context inside a block and passes gradi-
ents to the previous block.

First, we define multi-headed attention [25] as follows:

Uh = Attention(QWQ
h,KWK

h,VWV
h), (8)

MultiHead(Q,K,V) = Concat(U1, · · · ,UH)WO, (9)

where Q ∈ RT q×datt
, K ∈ RT k×datt

, and V ∈ RT v×datt
denote

query, key, and value matrices, respectively. T q, T k, and T v,
are the length of each elements and datt is the dimension of the
input to MultiHead(·). h = 1, · · · , H is the index of the head.
WQ

h,W
K
h,W

V
h ∈ Rdatt×datt/H and WO ∈ Rdatt×datt

.
Self-attention is the multi-headed attention whose inputs

are the same, i.e. Q = K = V:

SA(Q) = MultiHead(Q,Q,Q). (10)

Block self-attention introduces block length B and its index b,
and define query matrix of b-th block Qb ∈ RB×datt

as:

Qb =
[
qb×B ,qb×B+1, · · · ,q(b+1)×B−1

]
. (11)

Then, block self-attention at b-th block is defined by setting
Q = Qb,K = V = [Qb−1,Qb], i.e.:

BlockSA(Qb) = MultiHead(Qb, [Qb−1,Qb], [Qb−1,Qb]).
(12)

Note that when computing the b-th block, only the B frames of
future context are required. This avoids computing attention
weights over the whole input sequence, hence realizing seg-
mentation of long or streaming input audio. Another benefit
is computational cost. The self-attention of length T q requires
O
(
(T q)2

)
computations. In the block self-attention with block

length B requires O
(
B2 × bT q/Bc

)
. This computation is de-

picted in Figure 3.

4.2. Proposed joint modeling with block self-attention

First, in order to apply joint modeling of KERMIT and CTC in
Section 3.2, we further extend block self-attention in Eq. (12)
to consider extra input M ∈ RTm×datt

. This extension is re-
alized by setting K = V = [Qb−1,Qb,M] of multi-headed
attention, i.e.:

ExtBlockSA(Qb,M)

= MultiHead(Qb, [Qb−1,Qb,M], [Qb−1,Qb,M]), (13)

where Tm is the length of extra input.
Now, we consider the acoustic feature sequence X . For

ease of explanation, the acoustic feature sequence is assumed
to be segmented, e.g. training phase where segment infor-
mation is given or inference phase where the segment is es-
timated. The segmented acoustic feature sequence is passed
to an audio embedding layer to obtain an embedding ma-
trix XE ∈ RT SS×datt

, where T SS is the segmented sequence
length after subsampling. In order to apply block self-attention,
same as Eq. (11), b-th block of XE is defined as XE

b =[
xb×B ,xb×B+1, · · · ,x(b+1)×B−1

]
where b = 0, . . . , bT

SS

B
c−

1.
In our joint modeling, we use the partial hypothesis Chyp =

(c1:i) at i-th generation step as an extra input, which is artifi-
cially generated according to p(Z) in the case of the training
phase. It is passed to a character embedding layer to obtain an
embedding matrix Chyp ∈ RNhyp×datt

, where N hyp is the length
of the hypothesis.

Thus, the proposed forward pass of KERMIT using block
self-attention defined by Eq. (13) is

Z
(j)
b =ExtBlockSA(Z

(j−1)
b ,Y(j−1)) for b = 0, . . . , bT

SS

B
c − 1,

Y(j) =MultiHead(Y(j−1),K,V)

where K = V =
[
[Z

(j−1)
b ]

b=0,··· ,bT ss
B
c−1

,Y(j−1)
]
,

(14)

where j = 1, · · · , J is the index of the encoder layer and
Z

(0)
b = XE

b and Y(0) = Chyp. Note that ExtBlockSA(·) and
MultiHead(·) in Eq. (14) share the parameters. In the final layer
J , Z(J) corresponds to Hfeat in the CTC part of Figure 1 (also
introduced in Eq. (7)), while Y(J) corresponds to Htok in the
insertion part of Figure 1 (also introduced in Eq. (3)).

4.3. Audio segmentation and decoding

Once the model is trained, audio segmentation and decoding
are processed as follows. Different to the segmented case ex-
plained in Section 4.2, when the input audio is long or is fed
in a streaming way, b in Eq. (14) is very long or unbounded.
Therefore, we proposed to segment audio by using only the
first line of Eq. (14) because this operation is possible at ev-
ery B frames of input are obtained by using the embedding
Csos of C = {〈s〉} as Y(0). Then, output of CTC probability
p(a(b−1)×B , · · · , ab×B |Hfeat) in Eq. (7) is computed by using
Z

(J)
b as Hfeat. If the blank symbol has the highest probability of

more than τ consecutive frames, i.e.:

argmax
at

p(at|Hfeat) = 〈b〉 for t = b ·B − τ, · · · , b ·B,

(15)
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Table 1: CER and RTF of CSJ when oracle segmentation and
full-attention model is used.

Eval1 Eval2 Eval3 RTF
ART 7.5 5.0 12.2 0.98
CTC 8.6 5.9 13.9 0.27

KERMIT 7.5 5.0 12.2 0.21

Table 2: CER and RTF of CSJ when separated TDNN-based
audio segmentation and full-attention model is used.

Eval1 Eval2 Eval3 RTF
ART 9.8 6.7 14.3 0.92
CTC 10.5 6.8 15.3 0.31

KERMIT 10.1 6.7 14.4 0.23

the end of the current audio segment is detected as b×B. This
is the same strategy proposed in [22]. Suppose the index of
current audio segment is r and its end as T end

r , r-th segment is
decoded with b = T end

r−1, · · · , T end
r by both line of Eq. (14) and

iteratively updating Y(0) by new hypothesis.

5. Experiments
5.1. Setup

The proposed framework is evaluated on the Corpus of Sponta-
neous Japanese (CSJ) [26] and TEDLIUM2 [27]. Note that for
CSJ, only the Academic lecture data, whose amount is around
270 hours, is used for training. The unsegmented evaluation set
is used to evaluate the performance of audio segmentation and
ASR. The segmentation is performed in two ways. The first
one is to employ a separated model for segmentation. We used
a model provided as a baseline of CHiME6 challenge [28]. The
model is based on time-delayed neural network (TDNN) archi-
tecture and trained on a target label generated by a highly tuned
hybrid ASR model trained on CHiME6 training data. The sec-
ond one is using the integrated CTC part as described in Section
4.3. Baseline models are autoregressive Transformer (ART) and
CTC. Both of the baseline models can use integrated CTC part
for segmentation in the same way as described in Section 4.3
by using block-SA. Note that there can be a mismatch of the
length of the segmented audio compared with oracle segmenta-
tion used in training in both ways. Hence it is not apparent that
the combination of audio segmentation and non-autoregressive
ASR works or not.

Implementation is based on the recipe of ESPnet [29]. Most
of the parameters are almost the same as used in [19] except
the following two points. The learning rate and warmup steps
were adjusted to stabilize training, and the number of epochs is
set to 200 for the KERMIT with block-SA. The segmentation
threshold τ , as discussed in Section 4.3, is set to 8, 16, or 24 de-
pending on the models according to a preliminary experiment.
The RTF is measured with Intel(R) Xeon(R) CPU E5-2640 v4
@ 2.40GHz using two threads for the forward propagation of a
neural network. The beam size of ART and CTC and the num-
ber of iteration of KERMIT is set to 5.

5.2. Results and Discussion

The character error rate (CER) and real time factor (RTF) of
CSJ of each methods are shown in Table 1 to 3. The oracle
segmentation results in Table 1 showed that KERMIT achieved
the best CER, which is the same as ART, but the RTF is smaller
than ART. This is the advantage of non-autoregressive ASR.

As shown in Table 2, when using the separated TDNN

Table 3: CER and RTF of CSJ when integrated CTC-based au-
dio segmentation with block-SA is used.

Future
context [sec] Eval1 Eval2 Eval3 RTF

0.19 ART 15.5 11.1 21.9 1.54
CTC 14.8 11.2 21.8 0.45

KERMIT 11.7 8.6 17.3 0.54
0.67 ART 14.1 9.9 19.6 1.62

CTC 12.8 9.3 18.4 0.39
KERMIT 10.8 7.7 16.2 0.45

Table 4: WER and RTF of TEDLIUM2. For the integrated CTC-
based segmentation, future context is set to 0.19 sec.

Segmentation dev test RTF
Oracle ART 10.2 9.1 1.11

KERMIT 11.1 9.9 0.19
Separated TDNN ART 10.4 13.4 0.85

KERMIT 11.8 14.2 0.20
Integrated CTC ART 17.9 19.5 1.15

KERMIT 16.5 19.9 0.38

model for segmentation, ART achieved the best CER, but KER-
MIT also achieved competitive CER with around 1/4 RTF com-
pared to ART. In the case of using integrated CTC as segmenta-
tion, as shown in Table 3, KERMIT is in a good balance be-
tween CER and RTF. The RTF of CTC is a bit smaller, but
its CER is worse than KERMIT. ART was the worst CER and
RTF. The integrated approach does not use any alignment nor
segmentation criterion while training. This can lead to a sig-
nificant mismatch between estimated segment length and ora-
cle segment, and the autoregressive model would not be robust
on such a mismatch. The word error rate (WER) and RTF of
TEDLIUM2 are shown in Table 4. Same as the CSJ case, KER-
MIT is in a good balance between WER and RTF.

In summary, the proposed combination of TDNN segmen-
tation and KERMIT-based NAT achieved a reasonable perfor-
mance trade-off in terms of RTF and CER. The performance
degradation from the oracle segmentation is acceptable (less
than 3%) while keeping around 0.2 RTF, which is suitable for
a streaming scenario. Another proposal of the integrated CTC
approach also shows promising results since it restricts the fu-
ture context with 0.67 seconds while still keeping 0.45 RTF and
within 4% CER degradation from the oracle segmentation re-
sult. Also, the integrated approach is based on a single neural
network, and further optimization can mitigate the issue.

6. Conclusion
This paper proposed combining audio segmentation and non-
autoregressive ASR toward streaming or long recording audio
recognition. Also, we introduced a new architecture that real-
izes audio segmentation and non-autoregressive ASR by a sin-
gle neural network. The insertion-based model, which is jointly
trained with CTC, is used as non-autoregressive ASR. By em-
ploying causal self-attention, the CTC part is used for audio seg-
mentation. Experimental results showed that a combination of
audio segmentation and non-autoregressive ASR worked well
and achieved a good balance between CER and RTF compared
with baseline AR Transformer and CTC. The single model ap-
proach also shows promising results, and the improvement of
this approach is left as future work.
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