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Abstract—This paper investigates supervised adaptation of
end-to-end speech recognition, which uses hybrid connectionist
temporal classification (CTC)/Attention architecture, for noise
robustness. The components of the architecture, namely the
shared encoder, the attention decoder’s long short-term memory
(LSTM) layers, and the soft-max layers of the CTC part and
attention part, are adapted separately or together using limited
amount of adaptation data. When adapting the shared encoder,
we propose to adapt only the connections of the memory cells
in the memory blocks of bidirectional LSTM (BLSTM) layers
to improve performance and reduce the time for adapting the
models. In within-domain and cross-domain adaptation scenarios,
experimental results show that adaptation of end-to-end speech
recognition using the hybrid CTC/Attention architecture is ef-
fective even when the amount of adaptation data is limited. In
cross-domain adaptation, substantial performance improvement
can be achieved with only 2.4 minutes of adaptation data. In
both adaptation scenarios, adapting only the memory cells of
the BLSTM layers in the shared encoder yields comparable or
slightly better performance while yielding smaller adaptation
time than the adaptation of other components or the whole
architecture, especially when the amount of adaptation data is
less than or equal to 10 minutes.

Index Terms—End-to-end speech recognition, noise robustness,
adaptation, connectionist temporal classification, attention

I. INTRODUCTION

Noise robustness is a necessary quality of end-to-end au-
tomatic speech recognition (ASR) systems working in re-
alistic environments. End-to-end ASR uses a single neural
network architecture within a deep learning framework to
perform speech-to-text task. Major approaches for end-to-end
ASR includes: attention-based approach [1] uses an attention
mechanism to create required alignments between acoustic
frames and output symbols which have different lengths,
connectionist temporal classification (CTC) approach [2] uses
Markov assumptions to address sequential problem by dy-
namic programming, and the transformer-based approach [3]
learns sequential information via a self-attention mechanism
instead of recurrent connections.

For noise robustness, multi-style training is often used to
train speech models with a multi-condition training set to cover
a wide range of application environments. However, it is hard
to cover all of the possible noise types and signal-to-noise
ratios (SNRs) that may be present in future test environments.

Adaptation, among others approaches [4], can be used to adapt
the end-to-end models to a specific environment to close the
gap between training and test.

The hybrid CTC/Attention architecture is one of the archi-
tectures for end-to-end ASR which could provide state-of-the-
art speech recognition performance [5], [6]. This architecture
combines the advantages of CTC-based and attention-based
encoder-decoder architectures in training and decoding. As a
result of this combination, the hybrid CTC/Attention architec-
ture consists of different components, and each component has
several layers. Therefore, adapting this architecture could be
costly as sufficient time and adaptation data would be required
for effective adaptation. When adaptation data is limited,
adapting all the components of the hybrid CTC/Attention
architecture may not be the most effective.

In this work, we investigate the supervised adaptation of the
hybrid CTC/Attention end-to-end ASR for noise robustness.
We selectively adapt each component of the architecture to
investigate which component is the best to adapt when the
amount of adaptation data is limited. Two evaluation sce-
narios, namely within-domain and cross-domain adaptations,
are established. These two evaluation scenarios use training,
adaptation, and test data from the CHiME-4 and Aurora-4
corpora which were designed for noise robust ASR tasks.
We show that adapting only the matrices and vectors that
connect the memory cells in the memory blocks of the BLSTM
layers [7], [8] with the network is effective both in terms of
improving performance and reducing the time for adapting
the models, compared to when adapting the whole hybrid
CTC/Attention architecture.

The paper is organized as follows. Section II presents
related works. The adaptation of the hybrid CTC/Attention
architecture are presented in section III. ASR experiments are
presented in section IV which includes the experimental setup
and results. Finally, section V concludes the paper.

II. RELATED WORKS

A number of studies have been published in the literature on
adaptation in end-to-end speech recognition [9]–[13]. In [9],
domain adaptation techniques were applied to adapt hybrid
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CTC/Attention end-to-end ASR systems. Adaptation tech-
niques, for instance cluster adaptive training (CAT), factorized
hidden layer (FHL) adaptation, or domain specific gating
were applied when three hours of unlabeled adaptation data
is available [9]. In [9], the CAT and FHL adaptations were
applied to the projections of the BLSTM layers. There was
however no specific investigation on which component of the
hybrid CTC/Attention architecture is the most effective for
adaptation to gain noise robustness when a limited amount of
labeled adaptation data is available. This investigation will be
carried out in the present work.

III. ADAPTATION OF HYBRID CTC/ATTENTION
END-TO-END SPEECH RECOGNITION

A. Hybrid CTC/Attention architecture
The hybrid CTC/Attention architecture for end-to-end ASR

is depicted in Fig. 1. The T -length acoustic feature sequence
X = {xt ∈ Rd|t = 1, ..., T} is taken as input and the L-length
character sequence C = {cl ∈ U|l = 1, ..., L} is produced at
the output. Here, xt is a d-dimensional feature vector at frame
t and U is a set of distinct characters. During training, a CTC
objective function pctc(C|X) is used as an auxiliary task to
train the attention model encoder within the multiobjective
learning (MOL) framework. The objective to be maximized,
OMOL(θ), is a logarithmic linear combination of the CTC
objective, pctc(C|X), and the attention objective, patt(C|X):

OMOL(θ) = λ log pctc(C|X)+ (1−λ) log patt(C|X) (1)

where λ is a tunable parameter which satisfies 0 ≤ λ ≤ 1,
and θ represents all the parameters of the objective function
OMOL. The CTC objective pctc(C|X) is defined as [5]:

pctc(C|X) =
∑
Z

T∏
t=1

p(zt|zt−1, C)p(zt|X), (2)

where Z = {zt ∈ U ∪ {< b >}|t = 1, ..., T} is a framewise
character sequence with an additional blank symbol < b >
[2]. The attention objective patt(C|X) is defined as:

patt(C|X) =
L∏
l=1

p(cl|c∗1, ..., c∗l−1, X), (3)

where c∗1, ..., c
∗
l−1 are the ground truths of the characters

c1, ..., cl−1 which are output prior to the character cl [5].
The objective function OMOL(θ) is used to train the hybrid

CTC/Attention architecture using back-propagation algorithm.
The architecture consists of a shared encoder, a joint decoder,
and soft-max layers. The shared encoder consists of deep
convolutional neural network (CNN) layers [14] followed by
BLSTM layers. The attention decoder is usually a LSTM
neural network. There are two soft-max layers corresponding
to the CTC part and attention part which transform the
hidden activations from the shared encoder and the attention
decoder into posterior probabilities for computing the CTC
and attention-based scores, respectively [5], [6].

Fig. 1: Hybrid CTC/attention architecture for end-to-end
speech recognition [5].

B. Gradient-based adaptation

Given a hybrid CTC/Attention end-to-end speech recog-
nition system which is trained on the training data, it can
be adapted to better fit the test environments with available
adaptation data which characterize the new environments. In
this paper, supervised adaptation is studied, i.e. the transcrip-
tion of the adaptation data is available. During adaptation,
back-propagation algorithm is used to fine-tune the whole
architecture, or a specific component of the architecture, with
respect to the objective function OMOL(θ), using the adapta-
tion data. During the minimization of the objective function
using stochastic gradient descent [15], the parameters θ of
OMOL(θ) are updated as:

θ = θ − η∇θ[OMOL(θ)], (4)

where η is the learning rate and ∇θ[OMOL(θ)] is the gradient
ofOMOL(θ) with respect to the parameters θ. If only a specific
component of the architecture is adapted, the gradients of
the other components’ parameters are set to zero. Therefore,
only the gradient of the parameters of the specific component
contributes to the overall gradient ∇θ[OMOL(θ)] for updating
θ as in equation (4), and hence, only the parameters of this
component are updated.

C. Adaptation of BLSTM memory cells

In BLSTM network, each BLSTM layer consists of a
forward uni-directional LSTM layer and a backward uni-
directional LSTM layer [8]. A LSTM layer consists of a
set of memory blocks which are recurrently connected. Each
memory block contains one or more recurrently connected
memory cell and three multiplicative unites - the input, output,
and forget gates - that provide continuous analogue of write,
read, and reset operations for the memory cells [7]. The
network can only interact with the memory cell via the gates.
In the present work, each memory block has one memory
cell and peephole connections are not used within memory
blocks. The connections within the LSTM memory blocks can
be described as follows:

ft = σg(Wfyt +Ufht−1 + bf ) (5)

it = σg(Wiyt +Uiht−1 + bi) (6)
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ot = σg(Woyt +Uoht−1 + bo) (7)

ct = ft ◦ ct−1 + it ◦ ρc(Wcxt +Ucht−1 + bc) (8)

ht = ot ◦ ρh(ct), (9)

where ft, it, and ot are the activation vectors of the forget,
input, and output gates, respectively. The vectors yt and ht are
the static input and recurrent input (or output) vectors of the
memory blocks, respectively, and ct is the cell state vector. The
matrices W and U are the weight matrices which connect the
static and recurrent inputs, respectively, to gates and memory
cells. The operator ◦ denotes the element-wise product and the
vectors b are bias vectors. σg is a sigmoid function whereas
ρc and ρh are hyperbolic tangent functions.

In [16], the matrices W and U of the gates and memory
cells were used for speaker adaptation in hybrid hidden
Markov model (HMM) - deep neural network (DNN) ASR.
Adapting the matrices related to the LSTM memory cells was
the most effective compared to adapting those related to the
gates. Indeed, the memory cell is the central component of
a LSTM memory block. In this work on the adaptation of
the hybrid CTC/Attention architecture for end-to-end ASR, we
thus propose to adapt the matrices Wc, Uc, and vector bc (see
equation (8)) which model the connections of the memory cells
with the BLSTM network. Adapting only the memory cells
instead of the entire BLSTM layers could make adaptation
more efficient when the adaptation data is limited because
adapting all the connections would need sufficient amount
of adaptation data. In addition, adapting only the memory
cells could reduce the time for doing adaptation because less
connections are adapted. For the experiments in this paper,
we adapt the memory cells in both the forward and backward
LSTM layers, for all the BLSTM layers.

IV. EXPERIMENTS

A. Experimental setup

Two adaptation scenarios are set up: within-domain and
cross-domain adaptations. A hybrid CTC/Attention end-to-end
ASR system is trained on the multi-condition training data of
CHiME-4 corpus [17] which consists of around 189 hours
of speech. The training is done using the ESPnet toolkit [6]
and PyTorch [18]. This system is used in both adaptation
scenarios. The CHiME-4 multi-condition training data consists
of the clean speech utterances from WSJ corpus and simulated
and real noisy data. The real data consists of 6-channel
recordings of sentences from WSJ corpus spoken live in four
environments: café, street junction, public transport (bus), and
pedestrian area. The simulated data was constructed by mixing
WSJ clean utterances into environment background recordings
from the four mentioned environments. All the data were
sampled at 16 kHz. Audio recorded from all the microphone
channels are included in the CHiME-4 multi-condition train-
ing data, named tr05_multi_noisy_si284 in the ESPnet
CHiME-4 recipe. The dt05_multi_isolated_1ch_track

set was used as the validation set during the training.
For the within-domain adaptation experiment, data from the

CHiME-4 evaluation set et05_real_isolated_1ch_track

is used. This set consists of 1320 utterances recorded in
the four mentioned real noisy environments using a single
microphone. The environments in which these utterances were
recorded are similar but not identical to those in which the
simulated and real noisy data of the multi-condition training
set were produced. We randomly separate 300 utterances from
this set for adaptation and create a new evaluation set with the
1020 remaining utterances. The 300 utterances are step-by-
step reduced to create smaller adaptation sets of 200, 100, 80,
60, 40, 20 utterances (see Tab. I). These sets are used as data
to adapt the system trained on the CHiME-4 multi-condition
training data set. The evaluation is done on the new evaluation
set of 1020 utterances. There is no significant difference in
CER and WER while using the new evaluation set of 1020
utterances and the original set of 1320 utterances.

TABLE I: Equivalence between the number of utterances and
the total length of speech for two adaptation scenarios.

Number of utterances Total length (in minutes)
Within-domain Cross-domain

20 1.9 2.4
40 4.3 5.1
60 6.5 8.0
80 8.5 10.3
100 10.1 12.8
200 19.8 25.2
300 29.8 37.7

For the cross-domain adaptation experiment, data from 14
test sets of Aurora-4 are used. The 14 test sets of Aurora-4
were created by corrupting two clean test sets, recorded by a
primary Sennheiser microphone and a secondary microphone,
with six types of noises: airport, babble, car, restaurant, street,
and train, at 5-15 dB SNRs. The two clean test sets were
also included in the 14 test sets. The noises in Aurora-4 are
different from those in the CHiME-4 multi-condition training
data. From the 14 test sets of Aurora-4, 1400 utterances
are randomly selected, 100 from each test set. Similar to
the within-domain adaptation, 300 utterances are randomly
separated from the set of 1400 utterances. From these 300
utterances, similar protocol is applied to create smaller adap-
tation sets (see Tab. I). The evaluation is done on the new
evaluation set of 1100 remaining utterances.

B. Implementation details

The shared encoder of the hybrid CTC/Attention architec-
ture is made up of initial layers of the VGG net architecture
(deep CNN) [19] followed by a 4-layer pyramid BLSTM
(BLSTM with subsampling [6]). We use a 6-layer CNN ar-
chitecture which consists of two consecutive 2D convolutional
layers followed by one 2D Max-pooling layer, then another
two 2D convolutional layers followed by one 2D max-pooling
layer. The 2D filters used in the convolutional layers have the
same size of 3×3. The max-pooling layers have patch of 3×3
and stride of 2×2. The 4-layer BLSTM has 1024 memory
blocks in each layer and direction, and linear projection
is followed by each BLSTM layer. The subsampling factor
performed by the BLSTM is 4 [6].

323



Location-based attention mechanism [1] is used. This mech-
anism uses 10 centered convolution filters of width 100
to extract the convolutional features. The attention decoder
network is a 1-layer LSTM with 1024 memory blocks. The
training is performed with 20 epochs using PyTorch. The
acoustic features are 40-dimensional Mel filter-bank features
which are augmented with 3-dimensional pitch features [6].
The AdaDelta algorithm [20] is used for the optimization.
During training, λ is set to 0.5 to be consistent with the ESPnet
training recipe for CHiME-4 [6].

During joint decoding, CTC and attention-based scores are
combined in a one-pass beam search algorithm [6]. A recurrent
neural network language model (RNN-LM), which is a 1-layer
LSTM, is trained on the transcriptions of the training data.
This RNN-LM is used in the joint decoding where its log
probability is combined with the CTC and attention scores
[6]. The weight of the RNN-LM’s log probability is set to 0.1
and the beam width is set to 20 during decoding.

C. Results

1) Within-domain adaptation: Tabs. II and III show the
CERs and WERs, respectively, when all the components or a
specific component of the hybrid CTC/Attention architecture
are adapted with various amounts of adaptation data. In these
Tables, A denotes the adaptation of all the components of the
architecture. B, C, and D denote the adaptation of the shared
encoder, the attention decoder’s LSTM layers, and the soft-
max layers, respectively. Besides, E denotes the adaptation of
the CNN and the BLSTM memory cells (see section III-C).

In this scenario, adapting all the components or a specific
component of the architecture helps reducing the CERs and
WERs. Among the adaptations of specific components, adapt-
ing CNN + BLSTM memory cells yields on average the best
CER reduction. In general, the more adaptation data is used,
the larger the CER reduction is obtained. Compared to the
baseline without adaptation, adapting all the components and
adapting the CNN + BLSTM memory cells yield 11% and
11.5% relative CER reductions, respectively, with 10 minutes
of adaptation data, and yield 23.9% and 17.3% relative CER
reductions, respectively, with about 30 minutes of adaptation
data (300 utterances).

Fig. 2 shows the relative reduction of the time used for
adapting specific components compared to that used for adapt-
ing all the components. The time for adapting the model, or
adaptation time, is calculated as the total time used by an
adaptation process running on the same machine. The data
reading/writing times are excluded. It can be observed that
adapting CNN + BLSTM memory cells yields on average
22.7% relative reduction of adaptation time, compared to
adapting all the components, while yielding similar CER
reduction when the amount of adaptation data is less than or
equal to 10 minutes.

2) Cross-domain adaptation: Tabs. IV and V show the
CERs and WERs for the cross-domain adaptation experiments.
Adapting the shared encoder (B) and adapting the CNN +
BLSTM memory cells (E) yield, on average, slightly better

TABLE II: CERs with within-domain adaptation. The CER of
the baseline system without adaptation equals 19.1%.

No. of utts.
Adaptation A B C D E

20 19.1 18.7 18.4 18.9 19.0
40 18.1 18.7 18.5 18.7 18.5
60 17.5 18.1 18.2 18.8 17.7
80 17.9 17.3 18.0 19.2 17.4
100 (≈ 10 minutes) 17.0 17.8 17.8 19.1 16.9
200 16.1 15.9 17.0 19.1 16.4
300 14.7 15.2 16.5 19.0 15.8
Average (All) 17.2 17.4 17.8 19.0 17.4
Average (≤ 10 minutes) 17.9 18.1 18.2 18.9 17.9

TABLE III: WERs with within-domain adaptation. The WER
of the baseline system without adaptation is 32.4%.

No. of utts.
Adaptation A B C D E

20 32.4 32.3 31.8 32.0 32.5
40 30.9 32.1 31.8 31.6 31.9
60 30.1 31.6 31.3 31.4 30.3
80 30.8 30.3 30.9 31.8 30.1
100 (≈ 10 minutes) 29.3 30.4 30.6 31.7 29.4
200 27.6 27.7 29.1 31.1 28.3
300 25.2 26.8 28.4 30.9 27.6
Average (All) 29.5 30.2 30.6 31.5 30.0
Average (≤ 10 minutes) 30.7 31.3 31.3 31.7 30.8

Fig. 2: Adaptation time reductions obtained when adapting
specific components compared to when adapting all the com-
ponents of the architecture (A), in within-domain adaptation.

CER and WER reductions compared to adapting all the
components, especially when the amount of adaptation data
is less than or equal to 10 minutes. With only 20 utterances
(2.4 minutes of speech) for adaptation, up to 12.8% relative
CER reductions are obtained with these adaptations. Compared
to the baseline without adaptation, adapting all the compo-
nents and adapting the CNN + BLSTM memory cells yield
27.9% and 31.4% relative CER reductions, respectively, with
10 minutes of adaptation data, and yield 61.6% and 57.0%
relative CER reductions, respectively, with about 38 minutes
of adaptation data (300 utterances). Similar patterns on the
reduction of adaptation time can be observed in Fig. 3 where
adapting only the CNN + BLSTM memory cells yields on
average 24.1% relative adaptation time reduction.
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TABLE IV: CERs with cross-domain adaptation. The CER of
the baseline system without adaptation is 8.6%.

No. of utts.
Adaptation A B C D E

20 7.5 7.7 8.2 8.1 7.5
40 7.5 6.9 8.1 8.2 6.9
60 6.6 6.3 7.9 8.1 6.3
80 (≈ 10 minutes) 6.2 6.3 7.8 8.0 5.9
100 5.8 5.4 7.7 7.8 5.9
200 4.2 4.2 7.5 7.8 4.5
300 3.3 3.1 6.9 7.5 3.7
Average (All) 5.9 5.7 7.7 7.9 5.8
Average (≤ 10 minutes) 7.0 6.8 8.0 8.1 6.7

TABLE V: WERs with cross-domain adaptation. The WER of
the baseline system without adaptation is 15.5%.

No. of utts.
Adaptation A B C D E

20 13.9 14.4 15.3 14.9 14.3
40 13.8 12.6 15.0 14.9 12.9
60 12.2 11.6 14.6 14.5 11.8
80 (≈ 10 minutes) 11.5 11.7 14.4 14.4 11.1
100 10.6 10.3 14.1 14.1 11.0
200 8.1 8.2 13.4 13.5 8.8
300 6.5 6.1 12.3 13.2 7.2
Average (All) 10.9 10.7 14.2 14.2 11.0
Average (≤ 10 minutes) 12.9 12.6 14.8 14.7 12.5

Fig. 3: Adaptation time reductions obtained when adapting
specific components compared to when adapting all the com-
ponents of the architecture (A), in cross-domain adaptation.

V. CONCLUSION

Supervised adaptation was investigated in end-to-end speech
recognition, which uses the hybrid CTC/Attention architecture,
for noise robustness. The adaptations of a specific component
or all the components of the architecture were examined.
Experimental results have shown that adaptation of end-to-
end speech recognition is effective even when the amount
of adaptation data is limited. In cross-domain adaptation,
substantial performance improvement could be achieved with
only 2.4 minutes of adaptation data. In both within-domain and
cross-domain adaptations, adapting the CNN and the memory
cells in the memory blocks of the BLSTM layers yielded com-
parable or slightly better performance while yielding smaller

adaptation time than the adaptation of other components or the
whole architecture, especially when the amount of adaptation
data is less than or equal to 10 minutes.
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