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Abstract—While the autoregressive transformer models of
automatic speech recognition (ASR) are highly accurate, the
inference time is long because of their sequential decoding. Early
exit is a technique that aims to speed up the inference process
by terminating it early on the basis of output from intermediate
decoder layers. When an inference result with a high-confidence
token is obtained in low intermediate layers, inference can be
terminated at that point and the computational complexity is
reduced compared to not terminating. In order to terminate
inference early, it is necessary to improve the accuracy of the
low intermediate layers. However, early exit often focuses on
improving the accuracy of high intermediate layers because
they determine the upper accuracy limit of ASR. As a result,
it is difficult to terminate inference in low intermediate layers
because the confidence of those layers is low. To solve this
problem, we propose block refinement learning (BRL), which
is a re-training method of existing early-exiting models. BRL
trains the low intermediate layers while maintaining the overall
accuracy of the model by considering gradients of not only low
intermediate layers but also high intermediate layers. In this way,
low intermediate layers can be trained while maintaining the
accuracy of the high intermediate layers. We demonstrated the
effectiveness of BRL on Japanese discourse ASR tasks.

I. INTRODUCTION

Reducing inference time is important for automatic speech
recognition (ASR). Previous studies have reduced the inference
time by reducing the model parameters and computational
complexity through the use of knowledge distillation [1]–[3],
quantization [4]–[6], and pruning [7]–[9].

On the other hand, early exit [10], [11], which aims to speed
up the inference process of ASR, has attracted attention in
recent years due to its high affinity with ASR models that have
multi-layer decoder. Early exit trains a model that has output
layer associated with each of its intermediate decoder layers
as well as the final decoder layer. In this paper, this model
is referred to as the “early-exiting model”. Also, the pair of
a decoder layer and an output layer attached to it is referred
to as the “intermediate layer”. The early-exiting model can
reduce the inference time by dynamically selecting inference
paths for each input on the basis of the outputs of the inter-
mediate layers. For instance, by terminating inference in low
intermediate layers when inference result in low intermediate
layers is high confidence and continuing inference until high
intermediate layers when inference result in low intermediate
layers is low confidence.

In training the early-exiting model, it often focuses on the
accuracy of the high intermediate layers because it defines

the upper limit of the ASR accuracy. However, the training
policy that focuses on the accuracy of the high intermediate
layers neglects the accuracy of low intermediate layers. As
a result, the effect of reducing the inference time is smaller
because it becomes hard for early exit to terminate inference
in low intermediate layers. Given this background, a method
is needed to improve the accuracy of low intermediate layers
while maintaining the accuracy of high intermediate layers.

In this paper, we propose block refinement learning (BRL),
which is a training method of the early-exiting model, to
improve the ASR accuracy of low intermediate layers. An
overview of BRL is shown in Figure 1. The key advantage
of BRL is that it improves the ASR accuracy of low inter-
mediate layers while maintaining the ASR accuracy of high
intermediate layers in the early-exiting model. To this end, it
trains the parameters of low intermediate layers, while keeping
the parameters of all other layers fixed. At the same time,
BRL trains low intermediate layers by exploiting not only
the gradients for the corresponding attached output layers,
but also the gradients for all output layers including the high
intermediate ones. We demonstrated the effectiveness of BRL
on Japanese discourse ASR tasks.

Our contributions are summarized as follows:
• We established a method to improve the ASR accuracy

of low intermediate layers while maintaining the ASR
accuracy of high intermediate layers in the early-exiting
model.

• By our method, we experimentally demonstrated faster
inference while maintaining ASR performance.

II. RELATED WORK

This section details previous studies on early exit. The
previous studies used two different training methods to train
the early-exiting models which has multiple output layers: two
stage training [12]–[14], in which only the added output layers
are trained, and joint training [15]–[17], in which the entire
early-exiting model is trained in a single training. With two-
stage training, only the added output layers are trained, while
the parameters of the other component are fixed. Therefore,
it is possible to maintain the performance of the final output
layer. On the other hand, with joint training, all parameters
included in the early-exiting model are trained in a single
training. It has been pointed out that the accuracy of low
intermediate layers is poor in two-stage training because it
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Fig. 1: Overview of the proposed method. The left side shows the early-exiting model, and the right side shows the training of
BRL for the early-exiting model. As an example, this figure shows the early-exiting model with four encoder layers and four
decoder layers, where the first layer is an intermediate layer trained by BRL.

trains only the added output layers [18]. Also, the accuracy
of low intermediate layers is high in joint training because
joint training trains all layers, not just the added ones. In this
paper, we focus on joint training for its advantage of reducing
the inference time by ensuring the high accuracy of the low
intermediate layers.

In inference, the early-exiting model achieves a speedup
by terminating the inference early based on exit criteria. The
possible exit criteria include entropy-based [19], probability-
based [16], [20], and patience-based methods [21]. We investi-
gated the effectiveness of BRL by using probability-based and
patience-based exit criteria as representative examples.

III. THE TRANSFORMER-BASED EARLY-EXITING MODEL

A. Transformer-based ASR model

This section details the ASR model based on trans-
former [22]. This model estimates a text Y = (y1, . . . , yT ),
that is the inference result from acoustic features X =
(x1, . . . ,xN ). yt is the t-th token of the text, and T is the
length of output sequence. xn is the n-th frame of the features,
and N is the frame length. The ASR model estimates the
following probability P of generating Y for X:

P (Y |X;Θ) =

T∏
t=1

P (yt|y1:t−1,X;Θ), (1)

where y1:t−1 = (y1, . . . , yt−1) and Θ denotes the ASR model
parameter. The probability P obtained by the transformer-
based ASR model is as follows:

h = TransformerEnc(X;θenc), (2)

et−1 = Embedding(yt−1;θemb), (3)

clt−1 =

{
TransformerDec(h, e1:t−1;θ

l
dec) if l = 1,

TransformerDec(h, cl−11:t−1;θ
l
dec) otherwise,

(4)

P (yt|y1:t−1,X;Θ) = Softmax(cLt−1;θ
L
linear), (5)

where TransformerEnc(·) is a transformer encoder that con-
sists of an embedding layer, positional encoding layer, and
multiple transformer encoder layers. The transformer encoder
layer consists of a multi-head self-attention layer and a feed-
forward layer. θenc denotes its parameters. Embedding(·)
is an embedding layer that consists of an embedding layer
and a positional encoding layer. θemb denotes its parameters.
TransformerDec(·) is a transformer decoder that consists of
a masked-multi-head attention layer, encoder-decoder multi-
head-attention layer, and feed-forward layer. θldec denotes the
parameter of the l-th transformer decoder, where l ∈ [1, L]. L
is the number of decoder layers. Softmax(·) is a softmax layer
with a linear transformation. θllinear denotes the parameter of
the l-th softmax layer connected to the l-th transformer de-
coder. Note that the softmax layer is only connected to the last
transformer decoder in the basic ASR model. The parameter
Θ = {θenc,θemb,θ

1
dec, . . . ,θ

L
dec,θ

L
linear} is optimized with a

cross-entropy loss function L, defined as

L(Θ) = −
∑

(X,Y )∈D

T∑
t=1

logP (yt|y1:t−1,X;Θ). (6)

D denotes training data containing multiple X and Y pair
data.

B. The early-exiting model

This section details the transformer-based early-exiting ASR
model. The model can obtain probabilities P l from l-th inter-
mediate decoder layer. The probabilities P l are obtained as
follows:

P l(yt|y1:t−1,X;ΘE) = Softmax(clt−1;θ
l
linear). (7)

In the early-exiting model, one Softmax(·) is con-
nected to each TransformerDec(·). The parameter ΘE =
{θenc,θemb,θ

1
dec, . . . ,θ

L
dec,θ

1
linear, . . . ,θ

L
linear} is optimized



Algorithm 1 Inference with probability-based exit criteria
(Input: X , Output: Y )

1: h← TransformerEnc(X;θenc)
2: for t = 1 to T do
3: et−1 = Embedding(y1:t−1;θemb)
4: for l = 1 to L do
5: if l = 1 then
6: clt−1 ← TransformerDec(h, e1:t−1;θ

l
dec)

7: else
8: clt−1 ← TransformerDec(h, cl−11:t−1;θ

l
dec)

9: end if
10: P l(yt|y1:t−1,X;ΘE)← Softmax(clt−1;θ

l
linear)

11: slt ← Score(P l(yt|y1:t−1,X;ΘE))
12: if slt ≥ λl then
13: yt ← argmax

yt

P l(yt|y1:t−1,X;ΘE)

14: break
15: end if
16: end for
17: end for

with a cross-entropy loss function LE , defined as

LE(ΘE) = −
∑

(X,Y )∈D

T∑
t=1

L∑
l=1

wl logP l(yt|y1:t−1,X;ΘE).

(8)
The weights wl set in Schuster et al. [23] favor higher layers,
as follows:

wl =
l∑L

k=1 k
. (9)

C. Inference of the early-exiting model

This section details two exit criteria of early exit,
probability-based [20] and patience-based (PABEE) [21]. The
probability-based exit criteria terminates inference when the
early-exiting model outputs high-confidence token from its
intermediate layers. Specifically, terminating inference occurs
when the confidence score slt ∈ [0, 1] exceeds the thresholds
λl ∈ [0, 1]. The confidence score slt = Score(·) is defined
by the difference between the top two values of Softmax(·).
The thresholds λl are determined by setting arbitrary objective
functions and solving an optimization problem. The flow of
inference with the probability-based exit criteria is shown in
Algorithm 1.

PABEE terminates inference when the early-exiting model
outputs same token continuously from its intermediate layers.
It uses a patience counter p to store the number of times
that outputs do not change and the threshold p̂ ∈ [1, L − 1].
Terminating inference occurs when p is equal to p̂. The flow
of inference with the patience-based exit criteria is shown in
Algorithm 2.

Note that due to the structure of the transformer self-
attention mechanism, all previous hidden states cl−11:t−1 are es-

Algorithm 2 Inference with patience-based exit criteria (Input:
X , Output: Y )

1: h← TransformerEnc(X;θenc)
2: for t = 1 to T do
3: p← 0
4: et−1 = Embedding(y1:t−1;θemb)
5: for l = 1 to L do
6: if l = 1 then
7: clt−1 ← TransformerDec(h, e1:t−1;θ

l
dec)

8: else
9: clt−1 ← TransformerDec(h, cl−11:t−1;θ

l
dec)

10: end if
11: P l(yt|y1:t−1,X;ΘE)← Softmax(clt−1;θ

l
linear)

12: if argmax
yt

P l(yt|y1:t−1,X;ΘE)

= argmax
yt

P l−1(yt|y1:t−1,X;ΘE) then

13: p← p+ 1
14: else
15: p← 0
16: end if
17: if p = p̂ then
18: yt ← argmax

yt

P l(yt|y1:t−1,X;ΘE)

19: break
20: end if
21: end for
22: end for

sential to the calculation of clt−1. Therefore, when terminating
inference occurred in l-th layer in the estimation of t-th token,
hidden states {cl+1

t−1, ..., c
L
t−1} are complemented by copying

clt−1.

IV. PROPOSED METHOD

This section details BRL, an effective method of training
the early-exiting model. The key advantage of BRL is that it
improves the ASR accuracy of specified low intermediate lay-
ers, while maintaining the ASR accuracy of high intermediate
layers in the early-exiting model. BRL has two features:

• Fixing the parameters of high intermediate layers and
training the parameters of low intermediate layers.

• Calculating gradients from not only low intermediate
layers, but also high intermediate layers.

As shown in Figure 1, the initial parameter of BRL is
the existing early-exiting model. In BRL, only the weights
{θ1dec, . . . ,θ

j
dec,θ

1
linear, . . . ,θ

j
linear} in ΘE are updated using

Equation (8). j ∈ [1, L] denotes the number of specified low
intermediate layers to be trained.

BRL sets uniform weights for wl as follows:

wl =
1

L
. (10)



TABLE I: Dataset details.

Data size
(hours)

Number of
utterances

Number of
characters

Train 512.6 413,240 13,349,780
Valid 1.9 1,292 47,970
Test 1.3 1,385 32,089

BRL sets uniform weights wl because BRL focuses on im-
proving the ASR accuracy of low intermediate layers, while
maintaining the ASR accuracy of high intermediate layers.

V. EXPERIMENT

A. Dataset

We evaluated the effectiveness of BRL on Japanese dis-
course ASR tasks by using the corpus of spontaneous Japanese
(CSJ) [24]. We used CSJ as the training set (Train), validation
set (Valid), and test set (Test). Valid and Test are Eval2
and Eval3 provided by CSJ, respectively. Details of these
datasets are given in Table I. We used 80 log mel-scale
filterbank coefficients as acoustic features and text segmented
into character units. To exclude speech data that was too long,
we removed from the dataset any data that contained text with
more than 300 tokens or more than 1, 500 audio frames.

B. Settings

The early-exiting model is a transformer-based encoder-
decoder model with intermediate layers. We used two early-
exiting models with different numbers of decoder layers: EE-
base and EE-deep. EE-base has 8 encoder layers and 6 decoder
layers. Every intermediate decoder layer in EE-base has a
corresponding output layer. EE-deep has 8 encoder layers
and 12 decoder layers, i.e., more decoder layers than in EE-
base. EE-deep has an output layer for each even-numbered
intermediate decoder layer. EE-base and EE-deep were created
under the following conditions: the dimensions of the input
and output continuous representations were set to 512, the
dimensions of the inner outputs in the position-wise feed-
forward networks were set to 2, 048, and the number of heads
in the multi-head attention was set to 4. To stabilize training,
the dropout rate in the transformer encoder and decoder layers
was set to 0.1. For the activation function, we used swish
activation layer [25].

BRL was applied to EE-base and EE-deep to yield BRL-
base and BRL-deep. BRL-base was trained from the first
through the third of its intermediate layers (j = 3) by
utilizing BRL. Also, BRL-deep was trained from the first
through the sixth of its intermediate layers (j = 6). The
number of intermediate layers to be trained, j, was chosen
to maximize the sum of the ASR accuracies obtained from all
the intermediate layers.

In the training, our models were optimized by using RAdam
[26]. We set a mini-batch size of 64 and the learning rate
of 0.0001. We used label smoothing [27] for regularization.
For data augmentation, we applied SpecAugment with fre-
quency masking and time masking [28], where the number
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Fig. 2: CER and average exiting layer of models trained by
BRL in EE-base.
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Fig. 3: CER and average exiting layer of models trained by
BRL in EE-deep.

of frequency masks and time-step masks were each set to 2,
the frequency-masking width was randomly chosen from 0 to
27 frequency bins, and the time-masking width was randomly
chosen from 0 to 100 frames. Early stopping was applied if
no best model was found in the validation set after 10 epochs.

In the decoding, we used a beam search with a beam size of
4. In this experiment, we tested three exit criteria: probability-
based (prob), patience-based (PABEE), and static (static). In
prob, we set an optimal threshold λl that simultaneously
minimized the character error rate (CER) and the average
exiting intermediate layer per token in the validation set. To
find the optimal threshold λl, we used NSGA-II [29], which is
a multi-objective genetic algorithm for solving multi-objective
optimization problems. We searched for the optimal λl in 300
epochs. In PABEE, we set a patience counter p̂ from 1 to L−1.
Static is the results of forced termination of the inference in
each intermediate layer, which are presented to validate the
training effect of BRL. We used the CPU, which was INTEL
XEON Silver 4310, for the decoding and batch size was 1.
The Intel oneAPI Math Kernel Library [30] was enabled for
the computations, and 24 threads were used to perform parallel
computations.



TABLE II: The impact of early exit on actual inference speed.

↓ CER[%] ↑ Speedup
EE-base

(static by final output) 7.26 ×1.00

EE-base (prob)
7.80 ×1.38
8.16 ×2.27
9.17 ×3.30

BRL-base (prob)
7.09 ×1.39
7.49 ×2.56
7.78 ×3.43

The accuracy of the early-exiting model was measured
by CER. Reduction in inference time was measured by the
average exiting intermediate layers per token.

C. Results

Figure 2 shows the trade-off between inference speed and
CER in EE-base. From a comparison of EE-base (static) and
BRL-base (static), we can find that BRL improved the ASR
accuracy of the individual low intermediate layers. From a
comparison of EE-base (prob) and BRL-base (prob), we can
also find that BRL-base (prob) achieved a comparable CER to
that of EE-base (prob) with fewer average exiting intermediate
layers. Furthermore, we can find the same trend even when
the exit criteria were changed to PABEE. Figure 3 shows the
trade-off between inference speed and CER in EE-deep. It
confirms that BRL has a similar effect in EE-deep as in EE-
base. These results indicate that BRL can improve the ASR
accuracy to train a low intermediate layer while maintaining
the ASR accuracy of high intermediate layers.

To show the actual effect of BRL, we evaluated it in terms
of computation speed and CER. Table II shows the impact of
early exit on the actual inference speed. EE-base (static by
final output) shows the inference speed and CER when always
exiting at the final decoder layer. Speedup is a ratio based on
EE-base (static by final output). The effect of speedup can be
compared by Speedup under close CER. By comparing EE-
base (prob) and BRL-base (prob) in Table II, we can find that
close CER to EE-base (static by final output) are achieved by
Speedup of ×3.43 in BRL-base (prob), while ×1.38 in EE-
base (prob). In other words, BRL-base (prob) achieves 2.49
times faster compared to EE-base (prob) at close CER.

Further, we investigated the effect of changing the number of
trained low intermediate layers in BRL. We adjusted j from
1 to 6 in BRL. Figure 4 shows the result. Even when the
number of intermediate layers to be trained changed, BRL
remained effective under all experimental conditions. j = 6 is
the result of re-training all decoder layers including the final
one. j = 6 and EE-base (prob) have different settings for loss
weights. The loss weights of j = 6 obey Equation (9) and the
loss weights of EE-base (prob) obey Equation (10). The result
that j = 6 exceeds the ASR performance of EE-base (prob)
indicate that BRL can also be used for the early-exiting model
with insufficient training in the intermediate layers.
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Fig. 4: All model used probability-based exit criteria. Result of
varying the number of low intermediate layers. j = 3 indicates
BRL-base (prob).

VI. CONCLUSION

We presented a block refinement learning (BRL) that
achieves faster inference for the early-exiting model in auto-
matic speech recognition (ASR). The key advantage of BRL is
that it improves the ASR accuracy of low intermediate layers
while maintaining the ASR accuracy of high intermediate
layers in the existing early-exiting model. To this end, BRL
trains the parameters of the low intermediate layers, while
keeping the parameters of all other layers fixed. In addition, it
exploits the gradients from not only the corresponding attached
output layers, but also from all output layers including those
associated with the high intermediate layers. We experimen-
tally showed that BRL can improve the ASR accuracy of low
intermediate layers while maintaining the ASR accuracy of
high intermediate layers in the early-exiting model.
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