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Abstract
Cross-lingual transfer of knowledge from high-resource lan-
guages to low-resource languages is an important research prob-
lem in automatic speech recognition (ASR). We propose a new
strategy of transfer learning by pretraining using large amounts
of speech in the high-resource language but with its text translit-
erated to the target low-resource language. This simple map-
ping of scripts explicitly encourages increased sharing between
the output spaces of both languages and is surprisingly effec-
tive even when the high-resource and low-resource languages
are from unrelated language families. The utility of our pro-
posed technique is more evident in very low-resource scenarios,
where better initializations are more beneficial. We evaluate our
technique on a transformer ASR architecture and the state-of-
the-art wav2vec2.0 ASR architecture, with English as the high-
resource language and six languages as low-resource targets.
With access to 1 hour of target speech, we obtain relative WER
reductions of up to 8.2% compared to existing transfer-learning
approaches.
Index Terms: Low resource ASR, Transliteration, Fine-tuning,
Transfer learning

1. Introduction
End-to-end (E2E) systems have emerged as a de facto model-
ing choice for ASR in recent years and demonstrate superior
performance compared to traditional cascaded ASR systems.
However, E2E systems entail highly resource-intensive training
with large amounts of labeled speech to perform well. This re-
quirement tilts the balance in favour of high-resource languages
like English for which large labeled speech corpora are publicly
available. In contrast, for a majority of the world’s languages,
only limited amounts of transcribed speech are available. Im-
proving the performance of E2E ASR systems for such low-
resource languages by effectively making use of large amounts
of labeled speech in high-resource languages is of great interest
to the speech community.

Transfer learning techniques for speech recognition aim
at effectively transferring knowledge from high-resource lan-
guages to low-resource languages and have been extensively
studied [1, 2, 3, 4, 5, 6, 7, 8]. A popular paradigm for trans-
fer learning in E2E systems is to pretrain a model on labeled
speech from one (or more) high-resource languages and then
fine-tune all or parts of the model on speech from the low-
resource language. Often the high-resource and low-resource
languages utilize very different grapheme vocabularies. Such
disparities in the output vocabularies have been predominantly
handled in prior work by either training only the encoder layers
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or training both the encoder and decoder layers in the E2E ASR
system using the high-resource language. In the latter case, the
output softmax layer are on the high resource graphemes and
need to be replaced with a new one corresponding to the target
low-resource language before fine-tuning on speech from the
low-resource language. In these approaches, the sharing across
languages is latent and not controllable in the output space when
the language-specific graphemes are disjoint.

In this work, we propose a strategy of increased sharing in
the output grapheme space by transliteration of high resource
language transcription to the low-resource language. With En-
glish as the high-resource language, we adapt to six different
low-resource world languages. For these languages, off-the-
shelf transliteration libraries that can convert any English text to
graphemes in the languages are easily available, since translit-
eration is a popular input typing tool for the large number of
speakers of minority languages.

We use transliteration as a first step to convert transcrip-
tions of large English speech corpora into text in the script of
the target language. The E2E model is then pretrained using
these transliterated transcriptions for English speech, followed
by finetuning the model using limited amounts of speech in
the target language. This seemingly simple technique helps the
model learn a good initialization for the target language and is
shown to be more effective than standard transfer learning tech-
niques on a range of languages. Forcing English transcriptions
to adopt the same script as the target language enables better
sharing of model parameters, across both encoder and decoder
layers. Our method is able to provide gains even with off-the-
shelf, imperfect transliteration libraries since the transliterated
data is used only during pre-training. In contrast the reverse ap-
proach of transliterating low resource languages to English as
proposed in [9] is significantly worse since it requires a final
possibly lossy transliteration back to the native language.

2. Related Work
Improving low resource ASR by exploiting labeled data from
high resource languages has been an active research area start-
ing from traditional HMM-based models [1] to modern neural
systems [10, 2, 3, 4, 5, 6, 7, 8]. While some recent systems
have attempted transfer using accoustic models with a shared
phone layer [5] or separate phoneme layers [4] or union of the
two [11], our focus here is on the more popular end-to-end sys-
tems (E2E) that predict graphemes at the last layer. Transfer
learning on E2E systems using labelled data of high-resource
languages have been attempted in three settings: (1) Separate
softmax layers over grapheme vocabulary of each language
that are trained jointly [3], (2) Pre-training on high-resource
graphemes followed by fine-tuning a separate grapheme soft-
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max on the target low-resource language [2, 6], and (3) Training
a shared softmax layer by taking a union of all grapheme vocab-
ularies, usually applied when languages share graphemes [7].
In all these approaches the sharing across languages is latent
and not controllable explicitly in the output space when the
language-specific grapheme vocabularies are disjoint.

We attempt to remedy that by transliterating the high-
resource graphemes (English) to the low-resource graphemes.
While transliteration has been used extensively in improving
machine translation [12], information retrieval [13] and cross-
lingual tasks [14], little work has focused on improving speech
recognition performance. Recently, [9] proposed the reverse
transliteration from Indian languages to English and show im-
provement over a normal multilingual model. In this paper we
show that our direction of transliteration from English provides
much higher gains, and the reverse direction is often worse than
earlier transfer learning approaches that do not attempt to share
graphemes. Transliteration-based approaches are also relevant
for code-switched ASR [15]. Concurrently with our work, [16]
also proposed to pre-train multilingual models by transliterating
low resource graphemes amongst one another. However, they
obtain graphemes as predictions by an initial low resource ASR
model when input high resource audio. The initial low resource
ASR model is trained with its own limited data, and is likely to
make highly noisy predictions. Pre-training with a model’s own
noisy predictions could introduce negative feedback. In contrast
we propose a less error-prone method of harnessing the gold
transcripts of high resource language via pre-existing transliter-
ation libraries.

Another recent promising direction is learning transfer-
able latent speech representations by pre-training a model from
unlabelled speech [8]. Our transliteration of labelled data
can be used to further fine-tune even such pre-trained mod-
els, and we show significant gains on a recent self-supervised
wav2vec2.0 [17] pre-trained model.

3. Proposed approach

Figure 1: Training procedure for low resource languages using
the proposed transliteration method

The overall training procedure of our proposed approach is
shown in Figure 1. The training consists of two stages: pretrain-
ing followed by finetuning. During pretraining, we transliterate
the high-resource language text to the target low-resource lan-
guage and train the ASR model using the original audio data and
this transliterated text. Next, we finetune the pretrained ASR
model on the target language data, after reinitializing the output
layers since the output vocabulary has changed.

Transliteration is utilized to convert text from one script or

Figure 2: Examples of transliteration to all 6 languages for a
sample English sentence.

language to another, often preserving sounds across languages.
By supervising using transliterated text during the pretraining
stage, we expect that better sound to text mappings for the tar-
get language are implicitly learned. We intend to use exist-
ing transliteration tools which supports the proposed transliter-
ations. There are two common transliteration approaches; rule-
based and machine translation. The rule-based approach relies
on character mappings between the two scripts whereas ma-
chine translation approaches learn from parallel training data.
To show that the proposed method works with even a sim-
ple transliteration system and is therefore easily extended to
several other low resource languages, we use existing simple
off the shelf systems. For the four Indian languages we used
indic-trans [18], for Korean we used the Microsoft Azure
API1, and for Amharic, we use the Google Transliterate API via
the google-transliterate-api2 pip package. In fact,
developing a custom phoneme-based transliteration system did
not yield any improvements over using off-the-shelf systems,
so we stuck with the latter. Figure 2 shows examples of English
text transliterated to corresponding target languages.

4. Experiments
We evaluate our proposed approach, Eng2Tgt, on six lan-
guages: Hindi, Telugu, Gujarati,Bengali, Korean, Amharic and
over two model architectures (ESPNet and Wav2vec 2.0) and
contrast with two existing transfer-learning approaches.3

4.1. Baselines

We devise three natural baselines that ablate the choices made
in our proposed approach: 1) NoPre. We train the transformer
ASR models from scratch on the target language datasets i.e.,
randomized initialization without any pretraining. 2) EngPre.
We first pretrain the ASR model on untransliterated English i.e.
using the original Latin script. Next, we finetune on the Indian
language datasets. This baseline is an established method of
transfer learning as discussed in Section 2. 3) Tgt2Eng. This is
an approach adapted from the transliterated-based multilingual
modelling for multiple languages proposed in [9]. Although
they address multilingual modelling, we adapt this work to an

1https://docs.microsoft.com/en-us/azure/cognitive-
services/translator/reference/v3-0-transliterate

2https://pypi.org/project/google-transliteration-api/
3For Amharic and Korean, we only report wav2vec2.0 WERs; the

WERs from the Transformer model were unstable possibly due to poor
seeds and require further investigation.
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Train Dev Test

Hindi 40.2 4.97 5.02

Telugu 30.0 2.55 2.44

Gujarati 39.7 2.00 3.15

Bengali 40.0 5.00 5.00

Korean 49.7 2.00 1.19

Amharic 18.0 2.00 0.73

Table 1: Size of the various datasets in hours.

Duration Method Hin Tel Guj Ben

Full

NoPre 16.3 29.5 19.2 36.2
EngPre 15.6 26.3 17.6 27.2

Tgt2Eng 25.2 86.4 44.2 75.5
Eng2Tgt
(Ours) 15.6 25.9 17 26.2

10
hour

NoPre 65.5 87.1 55.2 93.4
EngPre 29.4 51.9 33.4 57.1

Tgt2Eng 40.1 91.3 55.8 85.6
Eng2Tgt
(Ours) 28 48.5 34.4 56.4

Table 2: Word Error Rate (WER) across different transliteration
schemes on the Transformer ASR system

English-centric transliteration approach to create a competitive
baseline for our transliteration-based approach. We first pre-
train the ASR model on English speech that uses the original
Latin script. We transliterate the low-resource transcriptions to
English with the help of the same transliteration modules used
in our approach. Finally, we finetune on the Latin-script low-
resource transcriptions. Predictions from this system will be in
the Latin script. Therefore, we transliterate the hypotheses back
to the low-resource language’s for a fair comparison.

4.2. Datasets

For high-resource pretraining, we use the 100-hour Librispeech
English dataset [19]. For the four Indian languages among the
low-resource target languages, we used the Microsoft Speech
Corpus (Indian Languages) dataset [20] for Gujarati and Tel-
ugu, the Hindi ASR Challenge dataset [21] for Hindi, and the
OpenSLR Large Bengali dataset [22] for Bengali. We use
the Zeroth Korean [23] dataset for Korean and the ALFFA
Amharic [24] dataset for Amharic. Note that for Korean, the
data setup was performed using the Zeroth-Korean Kaldi [25]
recipe. This recipe uses a morphological segmentation tool
called morfessor [26] to morphologically segment the pro-
vided text. All of the datasets mentioned above are monolin-
gual, without any examples of code mixing with English. Ta-
ble 1 presents detailed statistics per language. To further simu-
late the low resource setting we downsample the available train-
ing set to 10 hours and 1 hour.

4.3. Transformer-based E2E ASR

Experimental Setup. The Transformer ASR systems are
built using the ESPNet Toolkit [27] that offers recipes to train
hybrid CTC-attention end-to-end systems [28]. A Byte-Pair
Encoding(BPE) [29] tokenization with a vocabulary size of
5000 is used to tokenize the transcriptions during pretraining
and finetuning and 80-dimensional log-mel audio features
(with pitch information) are used. The Transformer [30]-based

hybrid CTC-attention model uses a CTC weight of 0.3 and an
attention weight of 0.7 during both pretraining and finetuning.
A 12-layer encoder network, and a 6-layer decoder network is
used, each with 2048 units, with a 0.1 dropout rate. Each layer
has eight 64-dimensional attention heads that are concatenated
to give a 512-dimensional attention vector. During both
pretraining and finetuning, models were trained for a maximum
of 80 epochs with an early-stopping patience of 8 using the
noam optimizer from [30] with a learning rate of 10 and 25000
warmup steps. Label smoothing and preprocessing using
spectral augmentation is also used. (Note that while finetuning
on the target language we transfer both encoder and decoder
weights. This yielded better performance than transferring
only the encoder weights, as observed in [31].) We average
the best 5 models for decoding based on multiple criteria, i.e.
validation loss, validation accuracy, or simply the last 5 mod-
els, with a beam size of 10 or 20 and a CTC weight of 0.3 or 0.5.

Results. Table 2 lists word error rates (WERs) on the test sets of
each language for all four methods and two training durations:
Full that uses the entire training set and a 10 hour subset.

From the results in Table 2 we make a number of observa-
tions. First, compared to the no pre-training baseline (NoPre),
all three methods of harnessing the English high resource cor-
pus provide significant gains. The gains are particularly striking
for the 10 hour low resource setting. For every setting, the re-
verse transliteration approach (Tgt2Eng) is worse than existing
fine-tuning (EngPre) that retains each language in its original
grapheme space. In contrast, our approach is better than both
these approaches in most cases, with larger observed gains in
the low-resource 10-hours setting.

We offer an intuitive explanation for why one may expect
Eng2Tgt to do better than EngPre. Unlike Eng2Pre, in Eng2Tgt
the pretraining commits to target character labels appearing in
transliterations of the English data. The fine-tuning phase then
only needs to focus on learning new sounds that are missing
in the English speech data. While simplistic, this explanation
is somewhat borne out by the CER statistics. Of the top five
characters in which Eng2Tgt gains the largest CER reductions
over EngPre, most of them have very low frequencies of less
than 0.5% in the transliterated corpora.

Some examples of erroneous transliterations for the Indian
languages are shown in Figure 3; when a word is first transliter-
ated into Latin script, it gets transliterated back into a different
word in the target script. These errors occur because multiple
Indian words can transliterate to the same English word; many
orthographic differences in these Indian languages (e.g., long
and short vowels, aspirated and unaspirated consonants, etc.)
are lost when transliterated to English. The superior perfor-
mance of our Eng2Tgt approach demonstrates that even with
imperfect transliteration systems, it is possible to design effec-
tive transfer strategies. Our approach relies on the transliterated
text only during the pre-training step, and the final finetuning
with the target language is able to unlearn errors induced due
to the imperfect transliteration. On the other hand, Tgt2Eng
produces predictions in the Latin script, where the final translit-
eration back to the Indian language induces large errors in the
output transcripts that remain uncorrected.

4.4. wav2vec2.0-based ASR

Experimental Setup. We show the promise of our proposed
transliteration-based pretraining on the recently introduced
self-supervised encoder architecture wav2vec2.0 [17]. We use
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Figure 3: Erroneous transliterations

Method Hin Tel Guj Ben Kor Amh

10
SelfSup 23.8 35.7 25.2 29.4

21.79
(14.3)

36.16

EngPre 24.0 37.6 25.0 32.3
13.16
(9.4) 36.61

Ours 23.6 34.5 23.2 28.2 13.16
(9.6)

39.48

1
SelfSup 28.9 42.1 57.1 83.1 99.87

(83.3)
57.99

EngPre 29.9 48.1 62.1 92.3
66.36
(40.8)

60.7

Ours 28.5 41.5 55.2 88.9
62.08
(37.2) 59.39

Table 3: WERs on the wav2vec2.0 ASR system with 10 and 1
hour of target data. For Korean, CERs are in parentheses.

the pretrained wav2vec2.0 model estimated using unsupervised
pretraining on the complete Librispeech dataset and refer to
this system as SelfSup. With SelfSup as our starting point,
we report numbers for both EngPre (involving supervised
pretraining with 100 hours of English speech) and Eng2Tgt that
applies transliteration to the 100 hours of English data before
pretraining. (Tgt2Eng was excluded due to its poor perfor-
mance on the Transformer ASR experiments.) For finetuning
on our datasets, we use the same training recipe as described in
[17] for the 10 hr and 1 hr settings. We perform inference using
the default hyperparameters as described in [17] without an
LM for all languages except Korean. For Korean, an LM was
necessary during decoding to obtain meaningful WERs. We
use a 4-gram KenLM [32] estimated on the training set. Since
we start with a powerful pretrained model, we show results in
Table 3 for very low-resource scenarios i.e. using 10-hour and
1-hour training subsets.

Results. SelfSup offers a much stronger baseline compared to
NoPre in Table 2. We observe that our proposed pre-training
with transliterated data provides gains even on a system like
wav2vec that leverages powerful pretrained models. Our
method also outperforms EngPre in most settings. For most
languages in both settings, the EngPre baseline is worse than
even the SelfSup baseline, despite being pretrained on more
(Latin-script English) data. A major exception is Amharic. We
will investigate reasons for this difference in Section 4.5.

4.5. Analysis and discussions

Here we attempt to understand the conditions under which our
proposed approach is likely to help. Two properties need to
simultaneously hold for pretraining with transliterated English
to be useful: (1) The transliteration library needs to be acous-
tically consistent, and (2) The overlap in the sounds (phones)
of the high and low-resource language has to be high, that is
the phonological distance between the two languages should be
low. We analyze how well these two properties hold.

Acoustic consistency of transliterations We measure acoustic
consistency of the various transliteration libraries using the fol-

Language am bn hi te gu

Transliteration PER 89 90 76 82 72

KL dist phones 8.2 13.6 10.2 11.4 15.6

Table 4: Second row shows acoustic consistency of transliter-
ation measured as the phone error rate between transliterated
and English text. Third row shows the KL divergence between
the unigram phone distribution of English and native language.

Full 10 Hours

Hin2Tgt 18.3 35.4
Eng2Tgt40 21.3 38.1

Table 5: WERs for Gujarati comparing Eng2Tgt pretraining
using 40 hrs of transliterated Hindi vs. transliterated English.

lowing PER (phone error rate)-based method. First we convert
the Latin-script Librispeech English training set text to IPA us-
ing an English g2p tool, epitran [33] and also convert the
transliterated English to IPA using native-language g2p tools.
We use epitran [33] for Hindi, Telugu, Bengali and Amharic
and UIUC’s g2ps4. We could not find a reliable Korean g2p
tool. We then compute the PER between these two IPA se-
quences ignoring space tokens. Table 4 shows the PER of var-
ious languages. We observe that Amharic has a relatively high
error compared to languages such as Hindi and Gujrati.
Phonological similarity of low resource language with En-
glish Many different methods have been proposed for measur-
ing the phonological similarity of two languages [34]. Here
we resort to a comparison of a simple unigram distribution of
the phones in English and native language. The third row of
Table 4 shows the results. We observe that for languages like
Hindi and Telugu where the KL distance in phone distribution
is small and the transliteration PER is low, we get consistent
gains across different architectures and training data sizes. This
analysis provides a partial explanation of our observed numbers
but for languages like Amharic more investigation is required.

Effect of related languages Table 5 shows WERs for Gu-
jarati in the full and 10 hour training settings on the Trans-
former system. Using our approach, we compare performance
when using a language related to the target language (e.g.
Hindi) (Hin2Tgt) during pretraining as opposed to English. The
transliterated English data during pretraining was reduced to 40
hours to match the amount of transliterated Hindi pretraining
data (Eng2Tgt40). We observe there’s a significant improve-
ment in performance across both training settings with using
Hindi instead of English during pretraining. Using both translit-
erated English and Hindi data during pretraining for the 10-hour
Gujarati task further reduces WERs from 55.8% to 32.4%. This
opens up interesting directions to explore as future work.

5. Conclusion
This work explores the surprisingly effective role of transliter-
ation in training an E2E ASR system. We propose a simple
transliteration-based transfer learning technique easily adapt-
able to other low-resource languages and demonstrate its utility
on two state-of-the-art ASR systems, showing significant im-
provements in performance over established transfer-learning
approaches despite using an imperfect transliteration system.

4https://github.com/uiuc-sst/g2ps
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