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Abstract
In this paper, we present an incremental domain adaptation
technique to prevent catastrophic forgetting for an end-to-end
automatic speech recognition (ASR) model. Conventional ap-
proaches require extra parameters of the same size as the model
for optimization, and it is difficult to apply these approaches to
end-to-end ASR models because they have a huge amount of pa-
rameters. To solve this problem, we first investigate which parts
of end-to-end ASR models contribute to high accuracy in the
target domain while preventing catastrophic forgetting. We con-
duct experiments on incremental domain adaptation from the
LibriSpeech dataset to the AMI meeting corpus with two popu-
lar end-to-end ASR models and found that adapting only the lin-
ear layers of their encoders can prevent catastrophic forgetting.
Then, on the basis of this finding, we develop an element-wise
parameter selection focused on specific layers to further reduce
the number of fine-tuning parameters. Experimental results
show that our approach consistently prevents catastrophic for-
getting compared to parameter selection from the whole model.
Index Terms: Domain adaptation, end-to-end speech recogni-
tion, incremental learning

1. Introduction
End-to-end automatic speech recognition (ASR) has made re-
markable progress in cases where a large amount of training
data is available. However, in real applications, there is of-
ten an acoustic mismatch between the training environment and
the operational environment where users utilize the ASR model,
and it is difficult to collect a sufficient amount of training data in
the operational environment beforehand. Therefore, we some-
times collect target domain data during operation and continu-
ously adapt the model using the collected data.

A typical domain adaptation method [1, 2] aims to improve
the performance on a target domain and thus usually suffers
from performance degradation on a source domain, which is
known as catastrophic forgetting [3]. Catastrophic forgetting
becomes more severe when the model is continuously adapted
to the target domain using sequentially arriving data. To miti-
gate catastrophic forgetting, several incremental learning meth-
ods have been proposed [4, 5, 6, 7]. Regularization-based meth-
ods [4, 5] introduce an additional loss during adaptation to make
the current model close to the original one. Architecture-based
methods [6, 8] dynamically expand a model architecture for
new data. In the field of ASR, various studies [9, 10, 11] have
demonstrated the benefits of the incremental learning approach.
Fu et al. [12] proposed an incremental learning algorithm for
end-to-end ASR that uses attention distillation and knowledge
distillation [13] to prevent catastrophic forgetting. Such meth-

ods require retaining the previous model [6, 12] or adding extra
parameters of the same size as the model for optimization [8, 9].
Therefore, adapting recent end-to-end ASR models with a huge
amount of parameters is computationally expensive. A potential
solution is pruning-based domain adaptation, which reduces the
number of fine-tuning parameters by pruning [14, 15]. In [14],
parameters of a subnetwork are fixed during adaptation to keep
the performance of the source domain. The parameters to be
fixed are determined on the basis of a pruning algorithm, since
the parameters selected to be pruned are considered important
for processing source domain data. However, the pruning algo-
rithm is applied for the entire network, and there has been no in-
vestigation into the subnetwork-wise parameter freezing. Some
studies on domain adaptation of ASR models have shown that
updating only a part of the layers improves the performance on
the target domain [16, 17]. However, there has been no research
on the performance against catastrophic forgetting.

In this study, we investigate which parts of the end-to-end
ASR model should and should not be adapted to the target do-
main to prevent catastrophic forgetting during incremental do-
main adaptation. For the experiments, we utilize two popular
ASR models: a Transformer-based model and a recurrent neu-
ral network transducer (RNN-T). We use LibriSpeech [18] as
the large-scale source domain dataset and the AMI meeting cor-
pus [19] as the target domain dataset. We first investigate a
module-wise parameter selection to be fine-tuned and show that
adapting only the encoder can prevent catastrophic forgetting.
Then, to further reduce the number of fine-tuning parameters,
we develop an element-wise parameter selection from specific
layers in the model. Experimental results demonstrate that our
proposed parameter selection could select better parameters to
prevent catastrophic forgetting compared to parameter selection
from the entire network.

2. End-to-end ASR architecture
In this section we describe the two architectures considered in
this paper and explain how the layers in each are formulated.
We explicitly define the parameters fed into each function to
categorize them into the predefined layer types listed in Table 1.
For simplicity, the bias parameters are omitted from the descrip-
tions.

2.1. Transformer-based model

For the Transformer-based ASR model, we used a hybrid con-
nectionist temporal classification (CTC)/attention architecture.
It consists of an encoder and decoder network.

The encoder network converts a T0-length time sequence of
F -dimensional acoustic features X0 into a T -length sequence
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Table 1: Parameter splitting based on functionality. MHA de-
notes multi-head attention layers that include self-attention lay-
ers, source-target attention layers, or both.

Module name Transformer-based RNN-T

Embeddings Φ(enc) ∪Wemb Φ(enc) ∪Wemb

Layer normalization Ψ(enc) ∪Ψ(dec) Ψ′(enc)

MHA & FFN in encoder Θ(enc) –
MHA & FFN in decoder Θ(dec) –
MHA & Conv & FFN in encoder – Λ(enc)

Prediction – Λ(pred)

CTC WCTC –
Output Wout Λ(joint)

of D-dimensional hidden embeddings Eout, as

X = fsub(X0;Φ
(enc)) ∈ RD×T , (1)

E = fenc(X;Θ(enc),Ψ(enc)) ∈ RD×T . (2)

fsub(·) is the sub-sampling layer including the positional en-
codings [20] parameterized by Φ(enc) := Γ ∪ {W0}, where Γ
is the set of parameters of the convolutional sub-sampling and
W0 ∈ RD×F ′

is the subsequent linear projection matrix. X
is a sequence of intermediate representations with a length of
T (< T0). fenc(·) is the N -stacked Transformer encoder param-
eterized by Θ(enc) and Ψ(enc). Θ(enc) is a set of parameters of
the linear projections in the encoders, namely,

Θ(enc) :=
N⋃

i=1

ψ
(i)
self ∪ψ

(i)
FFN, (3)

where ψ(i)
self is a set of weight matrices for the query, key, value,

and output projections of the multi-head self-attention layer in
the i-th encoder block, and ψ(i)

FFN is a set of weight matrices
of the two-layer feed-forward network (FFN) layer in the i-th
encoder block. Ψ(enc) is a set of parameters for the element-
wise affine transformation in the layer normalization layer [21].

The decoder network calculates the L-length target se-
quence [yl]

L
l=1 from the encoder output E in a sequence-to-

sequence manner, as follows:

zl = femb(yl;Wemb) ∈ RD, (4)

ol = fdec([z1, . . . , zl−1], E;Θ(dec),Ψ(dec)), (5)

ŷl = fout(ol;Wout) ∈ (0, 1)V . (6)

femb is the embedding layer that converts a one-hot encoding
y ∈ {0, 1}V into the corresponding embedding zn ∈ RD us-
ing the projection matrix Wemb ∈ RD×V , where V is the vo-
cabulary size. fdec is M -stacked Transformer decoders param-
eterized by Θ(dec) and Ψ(dec). Θ(dec) is a set of parameters of
the linear projections in the decoders, denoted as

Θ(dec) :=
M⋃

i=1

ϕ
(i)
self ∪ ϕ(i)

src ∪ ϕ(i)
FFN, (7)

where ϕ(i)
self and ϕ(i)

src are sets of parameters of the multi-head
self-attention layer and multi-head source-target attention layer
in the i-th decoder block, and ϕ(i)

FFN is a set of weight matri-
ces of two-layer FFNs in the i-th decoder block. Each of ϕ(i)

self

and ϕ(i)
src consists of four weight matrices, similar to ψ(i)

self. A

set of parameters Ψ(dec) consists of weight vectors for element-
wise affine transformation in the layer normalization layers.
The classification layer fout converts the output from the Trans-
former decoder into the vocabulary-wise posterior probability.
It consists of a linear layer parameterized by Wout ∈ RV ×D

followed by a softmax function.
The entire network is optimized by minimizing the nega-

tive log-likelihood and the CTC loss [20]. The negative log-
likelihood is calculated between the target sequence and the
output sequence from the decoder. The CTC loss is determined
between the target sequence and the sequence [ȳt]

T
t=1, each of

which is calculated from the encoder output E = [et]
T
t=1 as

follows:

ȳt = fCTC(et;WCTC) ∈ (0, 1)V ×T , (8)

where fCTC(·) is the CTC function using the projection matrix
WCTC ∈ RV ×D . The CTC layer maps a sequence of the frame-
wise label probabilities into a target label sequence to calculate
the likelihood of a target sequence (for more details, see [22]).

2.2. Recurrent neural network transducer

The RNN-T ASR model utilizes a Conformer encoder, a long
short-term memory (LSTM)-based prediction network, and a
joint network. Similar to the Transformer-based model, the in-
put acoustic features are sub-sampled before being fed into the
encoder using Eq. (1).

The encoder converts a T -length D-dimensional sequence
into the same dimensional hidden embedding sequence as

[e′1, . . . , e
′
T ] = f ′

enc(X;Λ(enc),Ψ′(enc)) ∈ RD×T , (9)

where e′t is the t-th hidden embedding. f ′
enc(·) is the N -stacked

Conformer encoder [23] parameterized by Λ(enc) and Ψ′(enc).
Λ(enc) is a set of parameters of the linear projections in the en-
coders, namely,

Λ(enc) :=
N⋃

i=1

λ(i)
pre ∪ λ(i)

self ∪ λ(i)
conv ∪ λ(i)

post, (10)

whereλ(i)
self is a set of parameters of the multi-head self-attention

layer in the i-th encoder, and λ(i)
conv is a set of parameters of con-

volutional kernels including pointwise and depthwise convolu-
tions in the i-th encoder. λ(i)

pre and λ(i)
post are sets of parameters

of two-layer FFN layers before the self-attention layer and after
the convolution layer, respectively. Ψ is the set of parameters
of the affine transformations in the layer normalization layers.

The prediction network fpred calculates the L-length hidden
representations [hl]

L
l=1 in a sequence-to-sequence manner, as

follows:

hl = fpred([z1, . . . , zl−1];Λ
(pred)) ∈ RD, (11)

where Λ(pred) is the parameters of LSTM [24]. zl is the hidden
representation calculated using Eq. (4).

The joint network fjoint(·) integrates each frame of the en-
coder output e′t and the output hl from the prediction network
using a feed-forward network as follows:

ȳt,l = fjoint(e
′
t,hl;Λ

(joint)) ∈ (0, 1)V , (12)

where Λ(joint) is a set of weight matrices for the encoder-
subspace, prediction-subspace, and subspace-output projec-
tions.

The likelihood of the target sequence is calculated as the
objective function by summing the possibilities of all possible
alignments for the target sequence [25] as well as CTC.
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Table 2: Statistics of adaptation, development, and test sets.

#Utterances Duration (h)

Adaptation sets AMI-stage1 25,904 18.3
AMI-stage2 28,746 19.7
AMI-stage3 24,265 18.0

Development set AMI 13,059 8.9

Test sets LibriSpeech-clean 2,620 5.4
LibriSpeech-other 2,939 5.3
AMI-scenario 7,503 5.7
AMI-non-scenario 5,109 3.0

3. Method
3.1. Module-wise parameter selection

Recent end-to-end ASR models consist of several types of lay-
ers, as mentioned in Section 2. These layers capture different
characteristics and are typically utilized to transfer their charac-
teristics to the target-domain model [16, 17]. With this observa-
tion in mind, we categorize them into eight modules, as shown
in Table 1. We assume that each module differs in adaptability
to the target domain and a forgetting property of the source do-
main. Our first method, module-wise parameter selection, aims
to clarify whether we can choose the optimal modules to be up-
dated to achieve end-to-end ASR models that perform well on
both source and target domains. Given a model well-trained on
the source domain dataset, we select several modules (shown
in Table 1) to be fine-tuned. The parameters of the remaining
modules are kept unchanged during adaptation. We conducted
multiple stages of adaptation using subdivided data of the target
domain. Note that each subdivided data is used only in one of
the stages and is not carried over between stages.

3.2. Element-wise parameter selection for specific layers

Each module in Table 1 still has a large number of parame-
ters, especially in the encoder and decoder. To further reduce
the number of fine-tuning parameters, we propose an element-
wise parameter selection for specific modules. Given a model
trained on the source domain, we first select a subset of param-
eters within specific modules. In this work, we determine these
specific modules on the basis of the investigation in Section 3.1
to prevent catastrophic forgetting. For parameter selection, we
utilize random selection and magnitude-based selection, the lat-
ter of which is commonly used in network pruning [15, 26].
Then, we fine-tune only the selected parameters during adapta-
tion.

4. Experiments
4.1. Conditions

We conducted incremental domain adaptation experiments us-
ing the LibriSpeech dataset [18] as the source domain and
the AMI meeting corpus [19] as the target domain. For the
AMI corpus, we selected the official Full-corpus-ASR partition
and randomly divided the scenario meetings in the training set
into three subsets to conduct three stages of adaptation. AMI-
stage{1,2,3} were used in this order. We also divided the test
set into two subsets, scenario meetings and non-scenario meet-
ings, which were used to evaluate the performance on target do-
main data and out-of-domain data, respectively. Additionally,
we used the test sets of the LibriSpeech dataset to measure per-
formance degradation on the source domain. The statistics of

each dataset are listed in Table 2.
We used 80-dimensional log-mel features with a 25ms

frame length and 10ms frame shift as input for the end-to-
end ASR models. We used a 5k vocabulary based on the sub-
word segmentation algorithm [27] with 5,002 output dimen-
sions V including subword tokens. For adaptation, we utilized
the Adam optimizer [28] with a fixed learning rate of 1× 10−3.
For decoding, we used a beam width of 10.

We used the pre-trained Transformer-based model with
roughly 78.4M parameters in ESPnet [29], which has 12 Trans-
former encoder blocks and six Transformer decoder blocks.
The number of attention heads was eight. The sub-sampling
factor and the embedding dimensionality were set to 4 (i.e.,
T = T0/4) and D = 512. For the convolutional sub-sampling
layer, Φ(enc) has two convolution layers with a 3 × 3 filter fol-
lowed by a ReLU activation with a channel size of 512. The
model was optimized by minimizing the negative log-likelihood
and CTC loss with an interpolation weight 0.3. For inference,
we implemented two decoding methods: joint CTC/attention
decoding and CTC decoding.

For the RNN-T model, we also used the pre-trained model
with roughly 88.7M parameters in ESPnet, which has 12 Con-
former encoder blocks with four attention heads. The embed-
ding dimensionality was also set to D = 512. For the convo-
lutional sub-sampling layer, Φ(enc) has four convolution layers
with a 3 × 3 filter followed by a ReLU activation with channel
sizes 64, 64, 128, 128. The prediction network has an embed-
ding layer of 1,024 units and one LSTM layer of 512 units. The
joint network is composed of FFNs with 512 hidden units.

For the investigation of the optimal adapting parameters of
the model, we split the parameters of the Transformer-based
model and the RNN-T model into six and five modules, respec-
tively, as shown in Table 1.

4.2. Results

Figure 1 shows the word error rates (WERs) for the
Transformer-based model and the RNN-T model. In this fig-
ure, the bottom left is better, and going right means catastrophic
forgetting. Fine-tuning all the parameters (‘fine-tune’) caused
catastrophic forgetting. As shown in Fig. 1a, fine-tuning weight
matrices in the Transformer ( 3⃝& 4⃝) achieved the best perfor-
mance on both domains. In particular, weight matrices in the
encoder ( 3⃝) contributed to improving the performance on the
target domain while those in the decoder ( 4⃝) contributed to pre-
venting catastrophic forgetting. On the other hand, fine-tuning
the output layer ( 6⃝) caused severe catastrophic forgetting even
though this layer has only 3.3% of the model parameters. We
can see that modules related to language characteristics (ex-
cept for the output module) tend to retain the performance of
the source domain. We hypothesize that the model could have
learned sufficient language characteristics from the LibriSpeech
dataset. Moreover, the embedding module achieved a small im-
provement on the target domain compared to other modules as
well as the previous work [15], in which the embedding layer
did not yield consistent differences for adaptation. Figure 1b
shows the results of CTC decoding, where the results of fine-
tuning the decoder ( 4⃝) and the output layer ( 6⃝) are not plotted
because these results are identical to the result without adapta-
tion. Here, we can see similar trends with CTC/attention decod-
ing.

In the case of the RNN-T model shown in Fig. 1c, we also
see similar trends to the Transformer-based model. Fine-tuning
the joint network ( 4⃝) caused catastrophic forgetting with poor
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(a) Hybrid CTC/attention decoding
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(b) CTC decoding
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(c) RNN-T

Figure 1: WERs (%) with different adapting modules. (a) and (b) show the results using different decoding methods in the Transformer-
based model. (c) shows the results of the RNN-T model. The arrows indicate the trajectory of adaptation.

Table 3: WERs (%) for different methods on four test
sets. #Params denotes the number of fine-tuning parameters.
‘ 3⃝& 4⃝’ corresponds to the numbers shown in Fig. 1.

Test set Method #Params Stage1 Stage2 Stage3

LibriSpeech- EWC 78.4M 5.7 6.0 6.0
clean Fine-tuning 3⃝& 4⃝ 62.9M 5.3 5.8 5.9

LibriSpeech- EWC 78.4M 13.5 14.6 15.0
other Fine-tuning 3⃝& 4⃝ 62.9M 12.5 13.9 14.4

AMI- EWC 78.4M 18.4 17.7 17.4
scenario Fine-tuning 3⃝& 4⃝ 62.9M 18.7 17.6 16.8

AMI- EWC 78.4M 29.5 28.8 28.4
non-scenario Fine-tuning 3⃝& 4⃝ 62.9M 31.0 29.1 27.9

performance on the target domain. Fine-tuning the Conformer
encoder ( 3⃝) achieved competitive WERs with fine-tuning all
the parameters on the target domain while keeping degradation
on the source domain small. From these results, we conclude
that the encoder in the end-to-end ASR model is an optimal
choice for adaptation. The encoder is a counterpart of the acous-
tic model, and our conclusion is in good agreement with the
well-known traditional acoustic model adaptation [30]. We also
conclude that adaptation of the encoder contributes to the pre-
vention of catastrophic forgetting.

Next, we conducted comparative experiments with our ap-
proach and the conventional incremental learning, EWC [5].
We utilized the Transformer-based model with hybrid
CTC/attention decoding shown in Fig. 1a. As shown in Table 3,
our approach outperformed EWC on all test sets in the final
stage. However, in stage 1 and 2, the WERs of our approach on
AMI-non-scenario were slightly higher than those of EWC. We
hypothesize that EWC was able to adapt the model to the AMI
dataset well in the early stages of adaptation because it fine-
tuned all the parameters of the model. Our approach has the
advantage of not requiring any pre-computation or additional
parameters, while EWC requires the Fisher information matrix
calculated on the source domain. These results demonstrate that
the simple fine-tuning approach is effective for incremental do-
main adaptation.

Finally, we show the results of the element-wise parameter
selection. We again utilized the Transformer-based model with
hybrid CTC/attention decoding. We evaluated three parameter
selection approaches: random, smaller-magnitude, and larger-
magnitude. We applied parameter selection to weight matri-
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Figure 2: WERs (%) at the third stage of adaptation with var-
ious numbers of adapting parameters: 62.9M, 50.3M, 37.8M,
and 25.2M. 62.9M corresponds to the number of parameters of
Transformer MHA & FFN. The WERs of the random selection
are mean values across three trials.

ces in the Transformer and the whole model that correspond to
3⃝& 4⃝ and ‘fine-tune’ in Fig. 1. As shown in Fig. 2, parameter

selection with only 37.8M parameters achieved competitive re-
sults on the target domain compared with fine-tuning all the pa-
rameters while preventing catastrophic forgetting. However, we
could not observe a large difference among different parameter
selections. In the case of the whole model, we obtained incon-
sistent WERs among different numbers of fine-tuning parame-
ters, except for larger-magnitude selection. These results show
that fine-tuning a part of the parameters within the Transformer
achieves a consistent performance regardless of the difference
in the parameter selection.

5. Conclusions
In this paper, we presented a simple but effective incremen-
tal domain adaptation strategy to prevent catastrophic forget-
ting for end-to-end ASR models. Our experiments revealed that
parameter selection can sufficiently prevent catastrophic forget-
ting without the complex procedures used in the standard in-
cremental domain adaptation methods [4, 5]. In future work,
we will apply our findings to conventional incremental domain
adaptation methods.
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