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Abstract

Automatic Speech Recognition (ASR) traditionally as-
sumes known domains, but adding data from a new domain
raises concerns about computational inefficiencies linked to re-
training models on both existing and new domains. Fine-tuning
solely on new domain risks Catastrophic Forgetting (CF). To ad-
dress this, Lifelong Learning (LLL) algorithms have been pro-
posed for ASR. Prior research has explored techniques such as
Elastic Weight Consolidation, Knowledge Distillation, and Re-
play, all of which necessitate either additional parameters or ac-
cess to prior domain data. We propose Sequential Model Edit-
ing as a novel method to continually learn new domains in ASR
systems. Different than previous methods, our approach does
not necessitate access to prior datasets or the introduction of ex-
tra parameters. Our study demonstrates up to 15% Word Error
Rate Reduction (WERR) over fine-tuning baseline, and superior
efficiency over other LLL techniques on Common Voice English
multi-accent dataset.

Index Terms: speech recognition, lifelong learning, model
editing, multi-accent ASR

1. Introduction

Recently, the field of speech recognition (and machine learn-
ing/Al in general) has trended toward large foundational models
trained on very large, diverse datasets covering many domains.
Despite this trend, it is still common in industrial settings that
after a foundational/base model has been initially trained, to
gradually train it on new domains or categories. In multidi-
alect ASR, for example, these two situations would be improv-
ing the performance of the model on a single dialect (or sub-
set of dialects) and adding a previously-unseen dialect/accent to
the model. Both of these goals would typically be achieved by
fine-tuning the base/foundational model, possibly with the ad-
dition/substitution of some model parameters, on new training
data.

Fine-tuning often comes with a cost, which is that the
model’s performance on the domains seen during training can
degrade due to catastrophic forgetting [1]. Returning to the ex-
ample of adding a new dialect/accent to a multilingual ASR
model, this degradation can be troublesome if the model is ex-
pected to perform well on the new dialect and on all previously-
seen dialects. A common mitigation approach to the catas-
trophic forgetting observed when fine-tuning on a new dialect
is to re-train the model with both the new data and the already-
seen data. This, of course, can be extremely costly, especially in
the era of very large models and training datasets. In addition,
the previously-seen data is not always continually-available in
practical settings. Lifelong learning (or continual learning) ap-
proaches have been shown to alleviate this catastrophic forget-
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Figure 1: Sequential Model Editing for Lifelong ASR: At each
time step t, the current model 0,_1 is fine-tuned on data Dy to
obtain ét. Then task vector T is computed. Finally, new model
is obtained my merging T, with 0;_1 as : 0, = 0,_1 + X - (7).

ting effect in a wide variety of machine learning models and
tasks, including ASR.

The most simple lifelong learning approach is Experience
Replay; when a new domain is added via fine-tuning, a sub-
set of the original training is also included [2] (or possibly all
of the training data [3]). However, this comes with the obvi-
ous downside of being inefficient, as each new domain being
added requires more and more replay data. Adding multi-task
training objectives to encourage the model to retain informa-
tion on previous domains, as in Elastic Weight Consolidation
[1] and Knowledge Distillation can also be effective in ASR
[4] and other tasks [5], but they may show limited ability to
scale to many new domains. Above approaches also require
either additional parameters or previous domaind data to miti-
gate Catastrophic Forgetting (CF). More recently, several stud-
ies [6, 7, 8] investigated the manipulation and/or combination
of fine-tuned model parameters with base model parameters for
creating multi-task models, avoiding the need to re-use data or
implement more complicated multi-task training approaches.
However, these methods tend to degrade in quality when ap-
plied to a large number of tasks [8].

In this paper, we explore model editing approaches for se-
quential training of ASR models that overcome limitations in
prior work in terms of requiring additional parameters or ac-
cess to prior domain data. Specifically, we investigate sequen-
tial editing of the original model continually trained on all the
previous data sets. Here, we focus on two representative meth-
ods, namely Task Arithmetic [7], which uses basic arithmetic
operations to combine checkpoints from different tasks, and
TIES-Merging [8] which addresses issues that arise when task
vectors (i.e. models) are combined, such as sign conflicts and
small weights. These approaches have been explored for out-
of-domain generalization [7, 9], multi-task learning [7, 8], and
transfer learning [10] but not for lifelong learning to the best
of our knowledge. At every sequential step, we assume access
only on the new data source which is a challenging setting for



Algorithm 1 Sequential Model Editing for Lifelong ASR

Require: Data sources D = [Dg, D1, ...,Dr], A, and k.
Ensure: Lifelong ASR model 6*

1: Init: Og < Train on Dg

2: fort < 1toT do

3: 0+ < Fine-tune 6;_1 on D,

4: Tt Op — 0,1 > Task Arithmetic
S: if TIES-Merging then

6: T¢ < ties_merging_procedure(¢, k)

7: end if

8: O < 01+ X (1¢)

9: end for
10: 0* < O

existing continual learning methods [11]. For evaluation, we fo-
cus on effectively learning multiple English dialects in an incre-
mental fashion while preserving the performance on previously
seen dialects on Common Voice English data set. The main con-
tributions can be summarized as follows:

* We propose a novel Sequential Model Editing approach that
can be used for lifelong training of ASR models without re-
lying on prior domain datasets or additional training and/or
parameters.

e Our approach results in 15% WERR over the fine-tuning
baseline on CommonVoice English multi-accent dataset,
compared to 6% WERR achieved by previously proposed
baselines.

2. Lifelong Learning for ASR

ASR systems often consist of a Conformer-based CTC model
[12, 13] that takes in audio sequence and outputs a text se-
quence. These models are often trained with paired audio and
text data.

Let 0y be the parameters of such a model that is trained on
a large set of such audio-text pairs represented by Dy. In many
practical scenarios, the abilities of the model are expanded by
targeting new domains/accents/languages. More formally, let
D1, ..., Dr be asequence of T' data sources that are incremen-
tally used to update the model with each dataset targeting a par-
ticular domain. As the capabilities of the ASR model expand
to these new domains sequentially, it is desirable to retain the
performance on the older domains. Also, with the recent use
of massive volumes of datasets for training, it often becomes
prohibitively difficult to store and maintain all the data sources.
Similarly, for some publicly available models, training datasets
are not released or are behind pay-walls, thereby making it chal-
lenging to adapt the model to new domains without catastrophic
forgetting.

To address these practical challenges, we define the goal
for Lifelong Learning (LLL) for ASR as learning the optimal
model parameters 6" that performs well on all the data sources
Do ... Dr, where the data sources are obtained sequentially
and at any time step t, only the data source D; is accessible and
no past or future data sources. This constraint makes the exist-
ing trivial multi-task solutions unusable, which assume access
to all domains data simultaneously to train the model. There-
fore, we propose a novel sequential model-editing based ap-
proach as summarized in the Algorithm 1 and Figure 1.

3. Sequential Model Editing

Model editing refers to the paradigm of adding new functional-
ity and behaviors to pre-trained neural models by manipulating
the parameters or outputs, without the need of expensive re-
training. In particular, [7] defines editing neural networks based
on task vectors, which encode the information necessary to do
well on a given task. They obtain such vectors by taking the
weights of a model fine-tuned on a task and subtracting the cor-
responding pre-trained weights. They showcase that performing
simple arithmetic operations on these task vectors can adapt a
model to a new task or negate an undesirable behavior. In this
work, we propose a novel Sequential Model Editing approach
that leverages task vectors to expand the abilities of our ASR
model without the need to access old data or to introduce any
training loss functions and/or additional model parameters.

At any given stage t of the update of the ASR model, we
have access to the model parameters 6:—; and the new do-
main/accent with data source D;. The objective is to learn new
set of model parameters 6: that performs well on the new do-
main/accent while maintaining its original capabilities. There-
fore, the problem can be simplified to learning a task vector 7¢
for the new domain/accent and then leveraging model editing
to update the ASR model. The task vector 7 will represent in-
formation specific to new domain that was missing in previous
model checkpoint 6;_1. First, we fine-tune the model on the
new data source to arrive at an intermediate model checkpoint
6,. Next, we explore two different ways of creating task vectors
from this checkpoint. These two different versions of Sequen-
tial Model Editing are defined as follows:

(1) Task Arithmetic [7]: In this version, the task vector is de-
fined by simply taking the element-wise difference between 6,
and 9t71, i.e., Tt = ét — 9t71~

(2) TIES-Merging [8]: Since the number of parameters in a
model can be substantially large, the dimension of the task vec-
tor in the previous version will be equivalently large. Many
of the values in this vector will be of low magnitude. There-
fore, redundant parameters from 7; are removed in this version.
Specifically, the top-k% values are retained based on their mag-
nitude, while the bottom (100-k)% are set to 0. Although the
TIES-Merging procedure [8] involves more complex operations
to create the final aggregate task vector when multiple tasks are
involved, we omit those details in this work as our sequential
model editing procedure involves only a single task at a time.

Finally, the task vector created by either of the two version
is added back to the model parameters with help of a scaling
factor A to create the final model checkpoint 6;:

O =0i—1+ - (12)

Note that A = 1 corresponds to the trivial baseline of fine-
tuning the model which typically results in Catastrophic Forget-
ting (CF). On the other hand, A = 0 corresponds to no update
to the model. The choice of A\ in Model Editing is determined
using held-out validation sets and can then be used to create a
balance between the two extremes.

4. Experiments
4.1. Data

We employ the Common Voice English ASR data [14] and par-
tition it based on accents. Our lifelong learning experiments
involves incrementally improving the performance of the ASR
model on six distinct accents: United States (US), England



Notation Accent Country \Train Dev  Test

Do UsS United States | 470 14 1.6
D, ENG England 152 1.2 1.2
Do AUS Australia 78 1 1.4
D3 IND India 104 1.3 1.6
Dy SCO Scotland 17 1 1.3
Ds IRE Ireland 10 1 1.4

Table 1: CV English dataset duration (hrs) per accent.

(ENG), Australia (AUS), India (IND), Scotland (SCO), and Ire-
land (IRE). The initial model checkpoint 6 is obtained by train-
ing only on the US accented data, denoted as Dy. Subsequently,
we expand the capabilities of the ASR model to perform well on
different accents incrementally and in the following sequence of
stages: US—-ENG—AUS—IND—SCO—IRE. This sequence
is chosen as initial accent (US) has the largest training data,
creating the strongest base ASR model. Subsequent accents
are sequenced randomly to simulate real-world scenarios. The
specifics of our datasets per accent are presented in Table 1.

4.2. Model Architecture

We use a 12-layer CTC Conformer model, incorporating 8 self-
attention heads, a 1024-dimensional feedforward layer, and an
input/output size of 80, following the approach [12]. The mod-
els are designed to directly predict subword targets, derived
from a sentence-piece model trained on initial US dialect Do,
with a total vocabulary size of 512. The initial training on Do
data source spans 60 epochs with a learning rate of Se-3. Subse-
quently, for every addition of new data for an accent, the mod-
els undergo an additional 10 epochs of training with a reduced
learning rate of Se-4. To enhance ASR inference, a 4-gram lan-
guage model is trained on combined data from all accents, and
it is employed during beam search. We use the ESPnet library
[15] for ASR and KenLLM [16] for LM training. All models are
updated with the Adam optimizer with a weight decay of 0.1.
Model Editing: We assign A = 0.4 for Task Arithmetic,
and for TIES-Merging, we set A = 0.6 and kK = 0.5 consis-
tently across all time steps. These specific values are deter-
mined through evaluation on the development set at stage t = 1,
and we maintain them unchanged for future stages. Although
we did not explore varying A or k for each stage here, such an
exploration remains a potential avenue for future research.

4.3. Baselines

* Fine-tuning: This involves fine-tuning previous checkpoint
on new accent data, and is expected to be highly susceptible
to catastrophic forgetting (CF).

* Randomly Layer-wise (CLRL) Tuning [17]: This approach
suggests randomly fine-tuning only M < N out of N en-
coder layers on new data while keeping the remaining N — M
layers frozen to mitigate CF. We set N = 1 as it yields opti-
mal results based on the referenced paper.

* Update Only Encoders (UOE) [18]: This method involves
updating only linear layers of Conformer encoders to prevent
CF during incremental domain adaptation. Here, linear layers
refer specifically to the weight matrices of the Feedforward
Network and attention module within a Conformer block.

Other conventional LLL methods like Experience Replay
[2] require access to the old data at every stage and there-
fore are not directly comparable to our methods (as our meth-
ods explicitly aim to relax this requirement). However, we do
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Figure 2: Evolution of WER on seen accents for various ap-
proaches as new accents are added incrementally.

benchmark even stronger upper bounds (oracle): (1)Multi-Task
model, which trains the ASR model on the pooled data from
all accents Deompined = Ui—oD:. This helps to better under-
stand the gap between our methods and the best method when
all the datasets are available at every stage. (2) Sep. Model,
which trains separate ASR models for each accent dataset inde-
pendently and hence uses more parameters than our methods.

4.4. Metrics

We report the WER per task, average WER across seen accents
(AWER), and WER reduction (WERR %) across seen accents
compared to the fine-tuning baseline. In this context, ’seen”
accents refer to those accents for which the corresponding data
source has been used in any stage of training. For instance, at
time step ¢ = 2, the AWER is computed as the average of the
baseline (US) and the next two accents (ENG, AUS) WER on
the test sets Do, D1, D2, respectively.

5. Results
5.1. Catastrophic Forgetting - Model Editing vs Baselines

Table 2 presents the results of sequential lifelong learning ex-
periments post the last step (tf = 5), encompassing exposure to
all six English tasks (accents).

The average WER (AWER) across all dialects of the oracle
multi-task model achieved through training the ASR model on
all data is 9.4, while sequential conventional fine-tuning results
in a WER of 11.2. This highlights and underscores the exis-
tence of the catastrophic forgetting problem. The recently in-
troduced Update Only Encoders (UOE) method [18] exhibits a
6.3% WERR improvement over the fine-tuning baseline. How-
ever, the CLRL-Tuning method [17] tends to perform below
this baseline for most accents. Both these approaches however
demonstrate efficacy in scenarios with fewer tasks (refer to sec-
tion 5.2) but experiences degradation with the addition of more
tasks.

Notably, both of our sequential editing methods show im-
provement over the baseline. Task Arithmetic and TIES-



Method | US ENG AUS IND SCO IRE | AWER WERR (%)

Fine-tune 132 115 89 169 9 78 | 112 -

Baselines UOE 123 109 84 154 82 75 | 105 6.3
CLRL-Tuning | 129 12 97 18 92 8 11.6 35

Model Editin Task Arithmetic | 12.1 9.8 9 14.8 9.1 6.4 10.2 9.1
WNE | TIES-Merging | 113 88 82 142 88 59 9.5 15

Oracle Sep. Model 129 98 63 121 77 7.1 93 16.8
Multi-task 13 96 62 134 73 72 9.4 15.7

Table 2: WER (| ) on the CV English testset after learning the six tasks (i.e. accents) in sequence.

Model/T | t=1 t=2 t=3 t=4 t=5
Intermediate (6;) | 117 142 141 128 108
Edited (6:) 109 138 139 11 9.5
WERR (%) | 34 28 L5 14 12

Table 3: AWER at every timestep for intermeditate fine-tuned vs
edited checkpoint.

Merging yield 9.1% and 15.0% WERR, respectively, almost
reaching the performance of the oracle upper bound methods.
The superiority of TIES-Merging, with lower overall WER than
Task Arithmetic, underscores the importance of employing ad-
ditional steps during merging of task vectors as proposed in [8].

5.2. Stage-wise Analysis

We evaluate the performance of various approaches at each time
step of task addition, ranging from ¢ = 1 (introducing D1) to
t = 5 (introducing Ds). The AWER at each time step is com-
puted, and Figure 2 visually represents the results.

Our observations indicate that previously proposed meth-
ods, such as UOE and CLRL-Tuning, exhibit superiority over
the baseline fine-tuning and even match the performance of
our model editing approach in the initial stages up to ¢ = 3.
However, with the incorporation of additional accented data,
these approaches start encountering the issue of forgetting, and
the model editing approaches consistently outperform all base-
lines. This underscores the scalability of these model-editing
approaches for sequential lifelong learning, with the potential
for further enhancements as more accents are introduced.

5.3. Incremental improvements in Model Editing

To assess the incremental enhancements in model editing at
each time step ¢, we compare the intermediate fine-tuned check-
point 0, with the edited checkpoint 0:, where 0y = 0,1+ X(7¢).
Table 3 presents the AWER for various time steps, compar-
ing both the fine-tuned and edited (TIES-Merging) checkpoints.
Note that this fine-tuned checkpoint is different than conven-
tional fine-tuning baseline, since the former is fine-tuned on
previously edited checkpoint. The table shows that incorporat-
ing task vectors consistently enhances performance at all stages
compared to fine-tuning, with WERR gains between 1.5-14%.

5.4. Choosing the optimal )\ to mitigate CF

To analyze the impact of the scaling factor A in the Task Arith-
metic technique, we conducted an ablation study by varying A
during ¢ = 2. The results, illustrated in Figure 3, reveal impacts
across previous accents, new accents, and the average of both.
Notably, A = 1, or full fine-tuning, results in catastrophic
forgetting for previous accents, leading to the worst perfor-
mance. Conversely, this setting yields the best performance for
the new accent. Intriguingly, a A value of 0.2 emerges as the
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Figure 3: Variation in WER for previous seen accents vs new
accent for t = 2 for different \.

most optimal, in contrast to the fixed value of 0.4 used for all
Task Arithmetic-based model merging. This finding suggests
the potential for fine-tuning A differently for each time step and
even tailoring it for different task vectors. We leave this avenue
for further exploration in future work.

6. Conclusion

We address the challenge of adapting Automatic Speech Recog-
nition (ASR) to new domains by introducing Lifelong Learn-
ing (LLL) algorithms. Traditional methods face computational
inefficiencies and concerns about Catastrophic Forgetting (CF)
during fine-tuning. While previous LLL techniques exist, our
study propose Sequential Model Editing, a novel approach that
does not require previous datasets or additional parameters.
Empirical results showcase up to a 15% Word Error Rate Re-
duction (WERR) over the fine-tuning baseline and superior ef-
ficiency compared to other LLL techniques on the CV English
multi-accent dataset. This approach effectively mitigates CF
and maintains high performance across diverse domains.

One avenue for future research involves experimenting with
varying values of the scaling factor A at different time steps, po-
tentially yielding enhanced improvements, as illustrated in Sec-
tion 5.4. Another avenue is exploring into the theoretical foun-
dations that contribute to the superior performance of model
editing in the context of lifelong learning. Additionally, we in-
tend to explore recently proposed editing techniques, including
Drop And REscale [19] and Soft Merging of Experts [20].
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