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Abstract

Adapter tuning is an approach to fine-tune large neural net-
work models on new tasks. These methods can be used to ef-
ficiently fine-tune large self-supervised learning (SSL) models
for speech recognition tasks. In this work, we aim to perform
improved low-resource adaptation of SSL features from source
to target domain. Toward this, we experiment with adapter pre-
training for Wav2Vec2-based models over different source and
target configurations. We experiment over 3 datasets consisting
14 languages, including very low-resource languages. Further,
we show the consistency of this method across different adapter
dimensions and analyse the feature transformation due to the
adapter pre-training process. With the proposed methods, we
obtain over 10%-30% relative improvement in WER and CER
with Viterbi decoding in 13 languages. Further, we obtain con-
sistent performance gains using LM decoding on many of these
languages.

Index Terms: speech recognition, adapters, low-resource

1. Introduction

Recently, advances in deep learning architectures have led to
a lot of progress in Automatic Speech Recognition (ASR).
The use of transformers [1] and conformers [2] over Recur-
rent Neural Networks (RNN) and Long Short-Term Memory
networks (LSTM) has been a major milestone in sequence-to-
sequence tasks including ASR. Additionally, the use of vari-
ous loss functions like Connectionist Temporal Classification
(CTC) [3], attention-based encoder-decoder with transformers
and Recurrent Neural Network Transducers (RNN-T) [4] have
shown significant improvement in Word Error rate (WER). Fur-
thermore, a combination of these losses to train a single model
in a multi-loss setup has also proven to be advantageous [5].

A prominent direction that has been adopted in the domain
of ASR research is pre-training models using Self Supervised
Learning (SSL) methods and then fine-tuning for ASR tasks
[6, 7, 8,9, 10]. These models are generally pre-trained using
a large amount of un-transcribed data and then fine-tuned with
a smaller amount of transcribed data. This has been shown to
provide better performance, compared to ASR with only su-
pervised training. Additionally, researchers have been working
on different techniques to improve SSL-based pre-training and
fine-tuning results [11, 12, 13, 14].

With SSL models, significant strides have been made in ar-
chitectural innovations. However, the final fine-tuned ASR per-
formance remains a function of pre-training data. Previous re-
search [15] has demonstrated that fine-tuning using languages
present during pre-training yields superior performance com-
pared to fine-tuning with languages that were not encountered
during pre-training. Pre-training large SSL models use con-
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siderable compute resources - XLSR [7] was pre-trained with
128-200 GPUs, MMS [8] was pre-trained with 48-64 A100
GPUs and HuBERT [9] was pre-trained using 32-256 GPUs.
This is a major bottleneck for researchers across the world, and
this has led to limited options in open-sourced pre-trained SSL
models. Some of the available Wav2Vec2 [6] based models
are as follows (we indicate the pre-training languages in paran-
thesis): Wav2Vec2 (English), XLSR (53 languages), MMS
(1000+ languages), VP-100k [16] (23 European languages),
IndicWav2Vec [17] (40 Indian languages) and CLSRIL-23 [18]
(23 Indian languages).

While MMS [8] may seem like an ideal SSL model as it
covers a very large number of languages, it still has higher con-
centrations of few languages, which can harm the performance
of lower-resource languages. For example, a Wav2Vec2-based
model trained on Indian languages [14] can outperform MMS-
300M on Indian language test sets'. One approach towards im-
proving fine-tuning Wav2Vec2 models can be to continue pre-
training with the target labelled data, and then fine-tune the
model with the same data [6]. This has been shown to im-
prove performance in many languages [6, 19]. This, again can
be a bottleneck for many researchers due to computational load.
Recent models have also followed the trend of scaling up to a
large number of model parameters such as MMS-1b [8]. Conse-
quently, the process of pre-training or fine-tuning these models
becomes another formidable obstacle in itself. In response to
this issue, adapters have been proposed in recent years to ad-
dress this problem of fine-tuning large models.

Adapters are extra parameters injected in between layers of
a transformer model, which are trained during the adaptation
while freezing the rest of the parameters of the model. Adapter
layers consist of feed-forward layers, with down-projection of
features [20]. Due to this configuration, a large model can be
adapter tuned using much lesser parameters, compared to full-
fine-tuning. The use of adapters has shown benefits in Machine
Translation [21, 22], transfer learning [23, 24], language mod-
elling [25, 26, 27] and computer vision tasks [28].

Adapters have also been used in speech. In speech syn-
thesis, the use of adapters has been shown to improve speaker
adaptability [29, 30]. In speech recognition, adapters have
been used for domain adaptation [31], accent adaptation and
speaker adaptation [32], low-resource language adaptation and
multi-lingual ASR models [33, 34]. Adapters are also benefi-
cial in avoiding catastrophic forgetting [35]; authors have used
adapters to train different tasks using the same ASR model [36].

In this work, we aim to utilise adapter pre-training to im-
prove the performance of low-resource adapter tuning. There
has been a work with adapter pre-training for Wav2Vec2 based
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ASR [37]. The authors propose building a continual Wav2Vec2
model by starting with a pre-trained Wav2Vec2 model and con-
tinuing pre-training with only adapters in two languages. After
adapter-pre-training, the authors propose adding another set of
adapters and fine-tuning the model for the ASR task with the
2nd adapters.

Our work differs from the previous work in the following
ways. The previous work is motivated towards continual learn-
ing with Wav2Vec2 and faster pre-training on new languages us-
ing adapters. Our main motivation is to reduce the domain mis-
match between the Wav2Vec2 model trained on source dataset
S to the target ASR fine-tuning dataset 7. We aim to adapt
pre-trained Wav2Vec2s — Wav2Vec27 using adapters. This
process can effectively handle the two problems that were high-
lighted for low-resource SSL fine-tuning - 1) lack of target lan-
guage data in pre-training leads to degradation in ASR perfor-
mance, and 2) performing full pre-training has large computa-
tion overhead. Thus, we experiment with different pre-trained
Wav2Vec2 models, and target datasets to understand the gap
between S and 7. Unlike previous work, which has compared
fine-tuning on two languages, we show the performance across
three datasets and 14 languages. We obtain 10%-30% and 3%-
18% relative improvement in WER and CER with Viterbi and
language model (LM) decoding, respectively. Thus, the contri-
butions of our work are as follows:

¢ We identify the significance of adapter pre-training based
domain adaptation on source Wav2Vec2s model to target
datasets of different domains 7~

* We investigate the benefits of adapter pre-training for low
resource fine-tuning while transferring between similar do-
mains (7 — 7)) from pre-trained in-domain Wav2Vec2 +

¢ We quantify and visualise the changes in feature representa-
tion after Wav2Vec2s — Wav2Vec21 based domain adapta-

tion
2. Dataset

In this work, we use 3 different datasets to test the domain adap-
tation capabilities of adapter-pre-training. They are summarized
below -

« RESPIN: We use data from the RESPIN* corpus contain-
ing dialectal speech data in 9 Indian languages - Bhojpuri
(bh), Bengali (bn), Hindi (hi), Magahi (mg), Maithili (mt),
Telugu (te), Chhattisgarhi (ch), Kannada (kn) and Marathi
(mr). Four of these languages - Bhojpuri, Magahi, Maithili
and Chhattisgarhi are very low resource Indian languages.
Further, all languages consist of many dialects. Thus, many
of these languages and dialects may not be available for
SSL pre-training. We create 10 hour dialect-balanced low-
resource train splits on each of these languages. We also use
dialect-balanced train and test splits, with the dev set rang-
ing from 1-2 hours across languages and the test set ranging
from 4-8 hours across languages. We denote this dataset as
RESPIN.

e Fleurs: To test the performance on languages across the
world, we use 4 different languages from Fleurs [38] cor-
pus. We choose Yong (yong) - a Southwestern Tai lan-
guage of Thailand, Afrikaans (af za) - a language spoken in
South Africa and other African nations, Armenian (hy_am)
- an Indo-European language spoken in Armenia and Welsh
(cy_gb), a language spoken in Great Britain. Afrikaans has
2.8 hours of training data, while the other three languages
have around 10 hours. The dev set varies from 0.5 - 1.7 hours
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and the test set duration varies from 0.75 to 3 hours.

LibriLight: To test the performance on English (en) as target
dataset 7, we use the 10hr split from LibriLight [39] corpus.
We use LibriSpeech [40] dev_other as the dev set and report
results on LibriSpeech test sets, which we denote as en-clean
and en-other.

3. Proposed Methodology

In this section, we will first describe the model components, and
then talk about our low-resource adaptation formulation.

3.1. Wav2Vec2

Wav2vec 2.0 [6] is an SSL model that can be trained on large
amounts of non-transcribed speech data. It takes raw speech
waveform X as input and processes it through Convolutional
Neural Network (CNN) layers, which learns feature represen-
tation Z and down samples the features. Some frames are ran-
domly masked and then passed on to a transformer [1] encoder
to obtain features C. Each layer of the transformer encoder con-
sists of self-attention operation and feed-forward networks. The
input features Z are further quantised to Q. The network is then
trained using contrastive loss using C and Q. Thus, this training
procedure over large amounts of speech results in rich feature
representation. After pre-training, a dense layer can be added
and the model can be fine-tuned with an ASR objective, such as
CTC. In this work, we denote this model as Wav2Vec2.

3.2. Adapters

Adapters are small neural networks inserted after the feed-
forward networks in a transformer layer [20]. We use Layer
Norm, a dense layer to down-project the input features of D
dimension to adapter features of K dimension, followed by a
ReLU activation. This is passed to another dense layer which
projects back the K features to output D dimensional features.
Unlike [37], we use a single adapter per layer and do not ob-
serve the need for further changes to the transformer encoder.

3.3. Domain adaption of pre-trained Wav2Vec2 features
Our goal is to convert the pre-trained model trained on source
domain S to target dataset domain 7. Here, the change in do-
main corresponds to difference in the type of data in terms of
languages, dialects, recording conditions etc. We propose per-
forming this process with a pre-trained Wav2Vec2s model us-
ing adapter pre-training. We freeze all parameters of pre-trained
Wav2Vec2s model and add randomly initialised adapters at ev-
ery layer. We then continue to pre-train this model on the low-
resource target supervised dataset 7. At the end of this adap-
tation process, we expect the Wav2Vec2 model to output fea-
tures more representative of target data 7.

We then proceed with adapter tuning the adapted model
Wav2Vec27 on the target dataset on the ASR objective. Again,
we freeze all Wav2Vec2 layers and unfreeze only the pre-trained
adapter layers. We also add a dense layer at the end for the CTC
objective. Thus, we fine-tune for ASR objective using adapter
and dense layers only. Unlike [37], we do not add additional
adapter layers, rather we continue to fine-tune the same adapters
that were pre-trained. We denote our approach as pre-trained
adapter tuning (PAT). We consider 3 different configurations as
follows:

1. Wav2Vec2s_,7: In this configuration, we choose English as
source S and other datasets - RESPIN and Fleurs as target T .
Thus, we use Wav2Vec2s model trained on the LibriSpeech
dataset as the source SSL model. We then perform PAT with
each language from RESPIN and Fleurs separately. We de-
note this adaptation process as Wav2Vec2s_, 1.



2. IndicWav2Vec2;_, -: In this configuration, we choose In-
dian languages as the target 7. We start with SSL model
trained on Indian languages - IndicWav2Vec2 ;- [17] and tune
it on the RESPIN dataset. IndicWav2Vec2 pre-training may
have data similar to RESPIN, but it has not used RESPIN
samples for pre-training. Thus, we differentiate RESPIN and
IndicWav2Vec2 as 7 and 7~ domains, respectively. We de-
note this adaptation process as IndicWav2Vec2+_, .

IndicWav2Vec2s_,7: In this configuration, we choose En-
glish languages as the target 7 and SSL pre-trained on Indian
languages as source - IndicWav2Vec2s. Thus, we use PAT to
tune the model to adapt it to English. We denote this adapta-
tion process as IndicWav2Vec2s_, 7.

4. Experimental setup

We train all models using Fairseq [41]. We use the Wav2Vec2-
base model with 94.4M parameter for all experiments. We per-
form all experiments - pre-training and fine-tuning with a single
24GB GPU. For full-fine-tuning (FFT), we fine-tune all 94.4M
parameters, without using any adapters. We run experiments
with an adapter dimension of 64. While performing adapter
tuning (AT), we freeze the Wav2Vec2 model and fine-tune only
1.2M parameters from adapters. While pre-training adapters,
we train with 1.4M parameters - this includes the adapters as
well as the projection layer for Wav2Vec2 Contrastive loss.
When we fine-tune the pre-trained adapter Wav2Vec2, we again
fine-tune only on the 1.2M parameters from adapters. Addi-
tionally, we also show the performance across different adapter
dimensions - 32, 64, 96 and 128 for one language.

We perform adapter pre-training for 15, 000 steps, with a
gradient accumulation of 8. We perform all fine-tuning for
50, 000 steps, with a gradient accumulation of 4. We have per-
formed fine-tuning for a large number of steps to ensure that all
models have converged to their optimal performance. We use
early stopping with a patience of 5 on the dev set loss. We de-
code all models with and without language model (LM). We use
Viterbi decoding to infer without a language model. While de-
coding with a language model, we use KenL.M * model trained
only on train sentences. We will be releasing all codes and con-
fig files for the sake of reproducibility and open science here*.

4.1. Feature analysis

To understand the feature transformation with the PAT ap-
proach for SSL domain adaptation, we use layer-wise analy-
sis [42]. We compute Canonical correlation analysis (CCA)
between the features from all transformer layers and one-hot
phone representation. To perform this, we extract phoneme
timestamps from force-alignment and extract the alignments
for English (39 phones) and Hindi (53 phones). We use a
CCA implementation ° to compute the correlation on each layer
from the pre-trained Wav2Vec2s model and adapter-pre-trained
Wav2Vec2s_ .7 model.

5. Results and Discussion
In this section, we begin with the results of domain mismatched
fine-tuning on RESPIN and Fleurs, followed by training across
similar domains and adapter dimension ablations. Finally, we
present the CCA analysis on 2 languages.

3https://github.com/kpu/kenlm

4https://github.com/bloodraven66/
AdapterPretrainASR

Shttps://github.com/ankitapasad/
layerwise-analysis
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Figure 1: Performance of RESPIN dataset on 9 languages
across three models - FFT, AT and PAT. We show the WER and
CER for two types of decoding - Viterbi and LM decoding.

5.1. Wav2Vec2s_,7 on RESPIN

Figure 1 shows the performance of full fine-tuning (FFT),
adapter tuning (AT) (Section 4) and pre-trained adapter tuning
(PAT) (Section 3.3) on 9 languages from RESPIN low-resource
dataset. We have two main observations - FFT always obtains
the best CER and WER, and the proposed PAT has better per-
formance than AT. We find that using LM sometimes harms the
performance, in languages such as Telugu (te), Kannada (kn)
and Marathi (mr). We attribute this to low resource language
modelling which can have out-of-vocabulary (OOV) issues. In
Table 1, we present the relative improvements in CER and WER
in PAT models over AT models. We observe significant perfor-
mance improvements in Viterbi decoding across all languages
in CER and WER. With LM, we have more than 5% relative im-
provement in CER for Chhattisgarhi (ch), Bhojpuri (bh), Hindi
(hi) and Marathi (mr). Similarly in WER, we obtain more than
5% relative improvement in Chhattisgarhi (ch), Bhojpuri (bh)
and Hindi (hi). We perform t-test between file level WER and
CER between PAT and AT results and find that the p-value is
less than 0.05 for all languages with Viterbi decoding. Addi-
tionally, with LM decoding, the statistical test for WERs for
7 languages and CERs for 5 languages have p-value less than
0.05. Thus, we can summarise that pre-training adapters can
significantly lower WER and CER when there is a domain mis-
match between the source pre-trained Wav2Vec2s and target
fine-tuning dataset 7.

Table 1: Relative improvement on CER and WER using PAT
over AT. We find significant improvements on domain mis-
matched training with 9 languages of RESPIN

Janguage CER (relative %) | WER (relative %)
viterbi LM viterbi LM
ch 21.01 13.31 20.81 9.52
bn 14.57 3.33 13.09 2.04
bh 22.86 13.06 21.78 8.83
te 18.05 4.22 14.67 2.58
mg 12.46 2.97 11.72 344
mt 14.18 4.37 12.79 3.79
kn 15.28 4.22 12.37 2.90
hi 29.91 18.36 29.20 13.54
mr 16.55 5.56 15.67 3.62

5.2. Wav2Vec2s_,7 on Fleurs

Here, we refer to Table 2, where we show the mismatched fine-
tuning results on 4 Fleurs languages. Compared to AT, we
find that PAT obtains over 12% relative improvement in CER



Table 2: Performance of AT and PAT on domain mismatched
training for 4 Fleurs languages

Viterbi LM
Languages AT PAT AT PAT
CER WER | CER WER | CER WER | CER WER
af_za 19.34 57.16 | 18.11 52.33|21.65 45.68|20.44 43.08
cy.gb |14.27 4891|1247 41.83[17.95 34.86|17.43 33.66
hy_am 9.13 4545]| 8.03 39.99|1532 422 [15.16 41.35
yo_ng 27.00 70.86|24.62 65.41| 27.9 56.47|29.24 55.62

and WER with Viterbi decoding for Welsh (cy_gb) and Arme-
nian (hy_-am), while Yong (yo_ng) and Afrikaans (af_za) obtains
around 6%-8% improvement. We find LM to degrade the per-
formance of Armenian and Yong, while we observe minor im-
provements for Welsh and Afrikaans. This further validates that
pre-trained adapter tuning is necessary to improve performance
on adaptation with low-resource languages when there is a do-
main mismatch between the source model and target dataset.

5.3. IndicWav2Vec2;_ - on RESPIN

In this case, we will consider the first three rows from Table 3.
This represents adaptation from the similar domain, where we
use a model pre-trained on Indian languages - IndicWav2Vec2 3
to continue to pre-train adapters on Bengali (bn) Chhattisgarhi
(ch) and Telugu (te). In this case, for Chhattisgarhi we find
around 11% relative improvement with PAT, whereas we see
3%-T% relative improvement on other languages when com-
pared to AT. With LM decoding, we observe 1% -3% rela-
tive improvement across languages. Further, if we compare
the results for these 3 languages from Table 1, we can ob-
serve that all 3 languages have better performance with In-
dicWav2Vec when compared to Wav2Vec2. Thus, from these
observations, we can conclude that - 1) PAT across similar do-
mains can still work, though results in minor improvement.
2) PAT with IndicWav2Vec24_, - has better performance than
Wav2Vec2s_, . This shows that more pre-training in the tar-
get domain will generally be beneficial. 3) Further, PAT with
Wav2Vec2s_,7 on Chhattisgarhi has better performance with
LM decoding, than AT on IndicWav2Vec2 ;. This suggests that
performing PAT on a domain mismatched source can be benefi-
cial over AT on a similar-domain source.

5.4. IndicWav2Vec2s_.7 on Librilight

For this configuration, we will consider the last two rows from
Table 3. This represents the mismatch case training where we
have an IndicWav2Vec2s pre-trained on Indian languages and
fine-tuned on target English dataset of Librilight. Using PAT,
we find 3%-7% relative improvement in CER and WER with
Viterbi decoding. Whereas, we find 1%-4% relative improve-
ment with LM decoding. With the domain mismatched train-
ing for English, we do not see as much improvement as shown

Table 3: AT and PAT on similar domain training (first 3 rows)
and domain mismatch training (last 2 rows).

Viterbi LM

languages AT PAT AT PAT
CER WER | CER WER | CER WER | CER WER
bn 7.20 27.86| 6.87 26.56 | 6.79 22.00| 6.72 21.59
ch 6.30 21.69| 5.56 19.18 | 596 16.57| 5.68 15.84
te 736 37.11| 6.87 34.73| 9.65 36.89| 9.47 36.41
en-clean | 11.59 37.03|10.81 34.25|11.66 26.04 |11.30 25.01
en-other |20.02 52.33|19.27 49.64 | 20.56 39.10|20.20 37.82
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Table 4: Performance of AT and PAT on domain mismatched
training across different adapter dimensions for Telugu

Viterbi LM
adapter dim AT PAT AT PAT
CER WER |CER WER | CER WER | CER WER
32 11.46 52.26|9.64 45.80|11.18 39.7 |10.55 38.40
64 9.86 46.62| 8.08 39.78 | 10.43 38.36| 9.99 37.37
96 9.24 44.07|7.52 37.15|10.17 38.12| 9.58 36.90
128 8.81 42.53]7.32 36.44|10.07 38.15| 9.51 37.07

in RESPIN or Fleurs. Nevertheless, we observe that. we still
lower the WER and CER with PAT, when compared to AT.

5.5. Adapter dimension

In this section, we show Wav2Vec2s_,7 for different adapter
configurations on 7Telugu (te) language from RESPIN. We find
that the WER and CER gradually lower with an increase in
adapter dimension, though adapter dim 128 results in higher
WER with LM decoding. Additionally, we find that, for all
configurations, PAT observes significant relative improvements
with Viterbi decoding and 2%-5% improvement with LM de-
coding. Thus, we can see the PAT method being generalisable
across different parameter sizes of adapters.

5.6. CCA analysis

In this section, we summarise the analysis from Figure 2.
We use the layer-wise feature analysis as described in Sec-
tion 4.1 and compare features from each model and aligned
phone representation. We can observe the changes in corre-
lation measures for Wav2Vec2s_,7 for Hindi (first plot) and
IndicWav2Vec2+_, - for English (second plot). We find that, in
both cases, after PAT, the features are better correlated with the
target language phonemes. This shows the domain adaptation
capability of the PAT approach.

05, — Wav2Vee2s
oq] T WavdVeedss
2 0 —
E 0.3
: 1 2 3 4 5 6 7 8 9 10 11 12
8 0.71 — IndicWavaVec2s
0.5

1 2 3 4 5 6 7 8 9
Layers

Figure 2: CCA analysis on Wav2Vec2s and IndicWavZVec27—
6. Conclusions

This work presents the advantages of using adapter pre-
training for efficient domain adaptation in Wav2Vec2-based
ASR. We find that adapter pre-training can outperform stan-
dard adapter tuning, for adaptation in cases of domain mis-
match - Wav2Vec2s_,7. This result is validated across 9 In-
dian languages and 4 languages from Fleurs. Further, we find
that matched case adaptation - IndicWav2Vec2+_, - can also
have minor improvements when compared to standard adapter
tuning. Further, we also run experiments on various adapter
dimensions and show that these results are consistent across
adapter parameter sizes. Finally, we present the CCA analy-
sis and show that adapter pre-training leads to better correla-
tion with phonemes of the target language. The key takeaway
from this work is that always pre-train adapters while perform-
ing low-resource domain mismatched adapter tuning for ASR.
In the future, we plan to extend this work to other types of SSL
models.
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