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Increasingly powerful speech models promise
“universal” speech processing
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Figure 3. Correlation of pre-training supervision amount with
downstream speech recognition performance. The amount of
pre-training speech recognition data for a given language is very
predictive of zero-shot performance on that language in Fleurs.

Model MLS VoxPopuli

VP-10K + FT - 15.3
XLS-R (1B) 10.9 10.6
mSLAM-CTC (2B) 9.7 9.1
Maestro - 8.1
Zero-Shot Whisper 7.3 13.6

Table 3. Multilingual speech recognition performance. Zero-
shot Whisper improves performance on Multilingual LibriSpeech
(MLS) but is still significantly behind both Maestro, XLS-R, and
mSLAM on VoxPopuli.

et al., 2022), and Maestro (Chen et al., 2022b) in a zero-shot
setting. We caution that we do use a simple text standardizer
for this result which prevents direct comparison or claims
of SOTA performance. On VoxPopuli, however, Whisper
significantly underperforms prior work and only beats the
VP-10K+FT baseline from the original paper. We suspect
the underperformance of Whisper models on VoxPopuli
could be due to other models including this distribution as
a major source for their unsupervised pre-training data and
the dataset having significantly more supervised data, which
benefits fine-tuning. While MLS has 10 hours of training
data per language, the average amount of training data per
language is roughly 10⇥ higher for VoxPopuli.

These two benchmarks are somewhat narrow since they
only include 15 unique languages, almost all of which are in

Figure 4. Correlation of pre-training supervision amount with
downstream translation performance. The amount of pre-
training translation data for a given language is only moderately
predictive of Whisper’s zero-shot performance on that language in
Fleurs.

the Indo-European language family and many of which are
high-resource languages. These benchmarks only provide
limited coverage and room to study Whisper models multi-
lingual capabilities which include training data for speech
recognition in 75 languages. To study the performance of
Whisper more broadly we also report performance on the
Fleurs dataset (Conneau et al., 2022). In particular, we were
interested in studying the relationship between the amount
of training data we have for a given language and the result-
ing downstream zero-shot performance for that language.
We visualize this relation in Figure 3. We find a strong
squared correlation coefficient of 0.83 between the log of
the word error rate and the log of the amount of training
data per language. Checking the regression coefficient for a
linear fit to these log-log values results in an estimate that
WER halves for every 16⇥ increase in training data. We
also observed that many of the largest outliers in terms of
worse than expected performance according to this trend are
languages that have unique scripts and are more distantly
related to the Indo-European languages making up the ma-
jority of the training dataset such as Hebrew (HE), Telugu
(TE), Chinese (ZH), and Korean (KO). These differences
could be due to a lack of transfer due to linguistic distance,
our byte level BPE tokenizer being a poor match for these
languages, or variations in data quality.

“Whisper’s speech recognition performance is
 still quite poor on many languages.”
(Radford et al. 2023)

Robust Speech Recognition via Large-Scale Weak Supervision

Alec Radford * 1 Jong Wook Kim * 1 Tao Xu 1 Greg Brockman 1 Christine McLeavey 1 Ilya Sutskever 1

Abstract
We study the capabilities of speech processing
systems trained simply to predict large amounts of
transcripts of audio on the internet. When scaled
to 680,000 hours of multilingual and multitask
supervision, the resulting models generalize well
to standard benchmarks and are often competitive
with prior fully supervised results but in a zero-
shot transfer setting without the need for any fine-
tuning. When compared to humans, the models
approach their accuracy and robustness. We are
releasing models and inference code to serve as
a foundation for further work on robust speech
processing.

1. Introduction
Progress in speech recognition has been energized by the
development of unsupervised pre-training techniques exem-
plified by Wav2Vec 2.0 (Baevski et al., 2020). Since these
methods learn directly from raw audio without the need for
human labels, they can productively use large datasets of un-
labeled speech and have been quickly scaled up to 1,000,000
hours of training data (Zhang et al., 2021), far more than the
1,000 or so hours typical of an academic supervised dataset.
When fine-tuned on standard benchmarks, this approach
has improved the state of the art, especially in a low-data
setting.

These pre-trained audio encoders learn high-quality repre-
sentations of speech, but because they are purely unsuper-
vised they lack an equivalently performant decoder mapping
those representations to usable outputs, necessitating a fine-
tuning stage in order to actually perform a task such as
speech recognition1. This unfortunately limits their use-
fulness and impact as fine-tuning can still be a complex
process requiring a skilled practitioner. There is an addi-
tional risk with requiring fine-tuning. Machine learning

*Equal contribution 1OpenAI, San Francisco, CA 94110, USA.
Correspondence to: Alec Radford <alec@openai.com>, Jong
Wook Kim <jongwook@openai.com>.

1Baevski et al. (2021) is an exciting exception - having devel-
oped a fully unsupervised speech recognition system

methods are exceedingly adept at finding patterns within a
training dataset which boost performance on held-out data
from the same dataset. However, some of these patterns are
brittle and spurious and don’t generalize to other datasets
and distributions. In a particularly disturbing example, Rad-
ford et al. (2021) documented a 9.2% increase in object
classification accuracy when fine-tuning a computer vision
model on the ImageNet dataset (Russakovsky et al., 2015)
without observing any improvement in average accuracy
when classifying the same objects on seven other natural
image datasets. A model that achieves “superhuman” per-
formance when trained on a dataset can still make many
basic errors when evaluated on another, possibly precisely
because it is exploiting those dataset-specific quirks that
humans are oblivious to (Geirhos et al., 2020).

This suggests that while unsupervised pre-training has im-
proved the quality of audio encoders dramatically, the lack
of an equivalently high-quality pre-trained decoder, com-
bined with a recommended protocol of dataset-specific fine-
tuning, is a crucial weakness which limits their usefulness
and robustness. The goal of a speech recognition system
should be to work reliably “out of the box” in a broad range
of environments without requiring supervised fine-tuning of
a decoder for every deployment distribution.

As demonstrated by Narayanan et al. (2018), Likhomanenko
et al. (2020), and Chan et al. (2021) speech recognition sys-
tems that are pre-trained in a supervised fashion across many
datasets/domains exhibit higher robustness and generalize
much more effectively to held-out datasets than models
trained on a single source. These works achieve this by
combining as many existing high-quality speech recogni-
tion datasets as possible. However, there is still only a
moderate amount of this data easily available. SpeechStew
(Chan et al., 2021) mixes together 7 pre-existing datasets
totalling 5,140 hours of supervision. While not insignifi-
cant, this is still tiny compared to the previously mentioned
1,000,000 hours of unlabeled speech data utilized in Zhang
et al. (2021).

Recognizing the limiting size of existing high-quality super-
vised datasets, recent efforts have created larger datasets for
speech recognition. By relaxing the requirement of gold-
standard human-validated transcripts, Chen et al. (2021) and
Galvez et al. (2021) make use of sophisticated automated
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Appendix C. Comparison to Whisper

Table A1 shows a breakdown of the results into individual languages and Table A2 shows
results with and without CC LM n-gram language models.

Whisper Whisper MMS MMS MMS MMS MMS MMS MMS MMS

medium large-v2 L-61 L-61 L-61 L-61 L-1107 L-1107 L-1107 L-1107

noLM CC LM noLM CC LM noLM CC LM noLM CC LM

LSAH LSAH LSAH LSAH

Amharic 229.3 140.3 48.7 30.7 52.4 32.5 52.9 30.1 53.3 31.1

Arabic 20.4 16.0 34.9 19.6 35.8 19.9 44.0 23.4 41.3 21.0

Assamese 102.3 106.2 29.5 18.8 28.4 18.6 37.6 21.2 30.5 19.2

Azerbaijani 33.1 23.4 40.7 21.3 38.3 19.8 45.0 21.2 40.1 19.1

Bengali 100.6 104.1 19.7 11.6 20.0 12.1 25.0 12.5 23.5 12.1

Bulgarian 21.4 14.6 23.4 13.1 23.9 13.3 27.9 12.9 25.5 13.5

Burmese 123.0 115.7 22.2 14.2 22.3 14.5 29.2 20.2 24.5 16.0

Catalan 9.6 7.3 18.1 11.0 18.1 11.0 25.9 11.5 20.1 10.8

Dutch 9.9 6.7 26.9 13.7 26.4 14.3 38.1 14.9 27.6 14.5

English 4.4 4.2 23.8 10.7 24.8 11.8 38.8 12.2 27.8 12.3

Filipino 19.1 13.8 19.3 11.9 19.4 12.2 26.2 13.5 20.2 12.4

Finnish 13.9 9.7 26.4 22.5 26.9 23.1 32.3 22.2 28.8 23.1

French 8.7 8.3 24.3 13.7 24.5 14.1 35.8 15.4 29.3 15.0

German 6.5 4.5 22.5 13.2 22.3 13.7 38.4 13.1 22.5 13.3

Greek 19.0 12.5 40.8 14.0 40.5 13.6 57.5 13.0 40.1 13.6

Gujarati 104.8 102.7 23.0 13.0 22.7 12.8 73.9 56.4 24.0 12.8

Hausa 106.6 88.9 35.9 26.7 36.3 27.3 40.4 26.7 38.3 26.4

Hebrew 33.1 27.1 68.5 44.8 66.6 41.5 78.7 50.9 67.1 40.0

Hindi 26.8 21.5 65.0 44.4 28.8 16.0 70.7 45.7 21.2 10.6

Hungarian 24.3 17.0 31.2 18.1 30.7 18.4 40.3 18.3 30.7 18.0

Icelandic 49.9 38.2 42.9 18.3 42.3 19.9 53.6 20.5 45.3 18.6

Indonesian 10.2 7.1 25.5 11.7 23.8 12.1 31.9 11.6 23.4 11.8

Javanese 67.9 68.5 32.8 19.6 32.8 20.0 58.8 27.2 34.2 19.5

Kannada 77.7 37.0 18.8 14.4 15.8 12.9 41.3 25.2 17.7 13.3

Kazakh 48.8 37.7 30.2 17.4 30.2 17.7 63.8 19.5 31.6 17.4

Khmer 103.8 128.9 26.0 19.9 25.7 19.8 70.7 52.4 26.7 19.7

Korean 16.4 14.3 58.7 37.5 59.9 37.3 82.1 58.2 68.3 40.1

Lao 101.4 101.5 48.9 45.4 24.2 22.8 62.1 56.6 22.6 16.9

Latvian 32.0 23.1 20.8 12.0 20.9 12.1 24.5 11.9 21.8 12.1

Malay 12.2 8.7 25.3 12.3 25.9 13.2 32.4 12.1 26.1 12.5

Malayalam 101.1 100.7 23.7 19.1 19.5 16.6 39.1 25.6 20.4 15.3

Marathi 63.2 38.3 32.5 19.0 19.2 13.5 28.0 14.9 20.9 13.4

Mongolian 103.7 110.5 55.7 29.3 54.9 32.9 67.7 28.7 55.3 32.3

Persian 41.0 32.9 39.7 22.9 39.9 22.5 44.4 21.3 42.9 22.0

Polish 8.0 5.4 21.5 11.4 20.8 11.6 33.0 11.0 25.1 11.3

Portuguese 5.0 4.3 16.1 10.8 16.3 10.8 19.3 10.2 17.7 10.5

Punjabi 102.0 102.4 41.4 29.9 30.4 20.7 99.0 91.0 31.0 19.8

Romanian 20.0 14.4 27.9 18.8 28.4 19.1 31.3 17.8 27.4 18.3

Russian 7.2 5.6 30.3 14.6 30.4 14.3 38.8 14.7 35.0 15.0

Shona 143.9 121.0 38.1 30.4 37.7 30.1 43.0 29.9 37.8 29.6

Somali 104.0 102.9 51.8 42.8 52.5 43.0 54.5 42.9 53.8 42.8

Spanish 3.6 3.0 12.2 7.8 12.4 8.2 14.0 7.8 14.0 8.7

Swahili 52.8 39.3 22.9 16.0 23.3 15.6 29.6 16.8 23.7 16.0

Swedish 11.2 8.5 29.9 17.4 30.5 17.5 38.2 17.2 33.5 17.4

Tajik 74.0 85.8 59.8 46.6 33.9 19.2 59.0 39.5 25.7 15.7

Tamil 23.1 17.5 24.2 18.3 21.9 16.3 25.3 17.3 23.9 16.3

Telugu 82.8 99.0 19.4 13.7 19.6 13.7 24.5 15.8 22.1 13.6

Thai 15.4 11.5 18.2 13.6 18.1 13.6 27.6 18.8 20.7 14.3

Turkish 10.4 8.4 28.6 17.3 28.7 17.5 31.2 16.1 30.9 16.9

Ukrainian 11.6 8.6 31.1 13.6 31.7 13.5 39.2 13.3 33.3 13.6

Urdu 28.2 22.6 42.3 22.7 33.1 20.1 46.4 25.1 36.9 20.5

Vietnamese 12.7 10.3 44.5 18.6 47.5 20.7 56.6 21.0 52.9 19.8

Welsh 40.8 33.0 48.9 20.8 49.0 20.8 54.9 21.4 51.4 20.9

Yoruba 105.1 94.8 61.2 49.7 61.9 49.4 62.7 50.2 64.2 49.4

50.1 44.3 33.3 20.7 31.0 19.1 44.2 24.8 32.5 18.7

Table A1: Comparison to Whisper on the FLEURS test set. We report WER for
each of the 54 languages supported by both MMS and Whisper, except for Thai (tha),
Lao (lao), Burmese (mya) and Khmer (khm) where we report CER. We apply Whisper
normalization for both reference and hypothesis for measuring CER/WER.
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Abstract

Expanding the language coverage of speech technology has the potential to improve access

to information for many more people. However, current speech technology is restricted to

about one hundred languages which is a small fraction of the over 7,000 languages spoken

around the world. The Massively Multilingual Speech (MMS) project increases the number

of supported languages by 10-40x, depending on the task while providing improved accuracy

compared to prior work. The main ingredients are a new dataset based on readings of

publicly available religious texts and effectively leveraging self-supervised learning. We built

pre-trained wav2vec 2.0 models covering 1,406 languages, a single multilingual automatic

speech recognition model for 1,107 languages, speech synthesis models for the same number

of languages, as well as a language identification model for 4,017 languages. Experiments

show that our multilingual speech recognition model more than halves the word error rate of

Whisper on 54 languages of the FLEURS benchmark while being trained on a small fraction

of the labeled data. The MMS models and tooling for data pre-processing are available at

https://github.com/pytorch/fairseq/tree/master/examples/mms.
Keywords: multilingual speech processing, self-supervised learning, language expansion,

neural networks

1. Introduction

Speech technology has made much progress over the past decade (Chan et al., 2015; Graves
et al., 2006; Baevski et al., 2020b; Radford et al., 2022) and has been integrated into many
consumer products, such as home assistants and smartphones. Despite this progress, speech
technology is still absent for the vast majority of the over 7,000 languages spoken around the
world (Lewis et al., 2016). Moreover, many of these languages are at risk of disappearing
by the end of this century and the narrow language coverage of current technology may
contribute to this trend (Bromham et al., 2021).

Speech models have traditionally been built by training models on large amounts of
labeled training data which is only available for a small number of languages. More recently,

⇤. Core Team. Corresponding Authors: {vineelkpratap,michaelauli}@meta.com.
†. JPMorgan Chase. Work done while at Meta AI.
‡. Apple. Work done while at Meta AI
§. OpenAI. Work done while at Meta AI

c�2024 Vineel Pratap, Andros Tjandra, Bowen Shi, Paden Tomasello, Arun Babu, Sayani Kundu, Ali Elkahky,
Zhaoheng Ni, Apoorv Vyas, Maryam Fazel-Zarandi, Alexei Baevski, Yossi Adi, Xiaohui Zhang, Wei-Ning Hsu, Alexis
Conneau, Michael Auli.

License: CC-BY 4.0, see https://creativecommons.org/licenses/by/4.0/. Attribution requirements are provided
at http://jmlr.org/papers/v25/23-1318.html.
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Addressing this challenge could improve the digital par4cipa4on of 
many speakers worldwide
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What do we need?

Better ways to reliably measure speech recognition model performance
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What do we need?

Be:er ways to reliably measure speech recogni4on model performance

New methods for bridging the performance gap between languages
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Abstract

ML-SUPERB evaluates self-supervised learning (SSL) models
on the tasks of language identification and automatic speech
recognition (ASR). This benchmark treats the models as fea-
ture extractors and uses a single shallow downstream model,
which can be fine-tuned for a downstream task. However, real-
world use cases may require different configurations. This
paper presents ML-SUPERB 2.0, which is a new benchmark
for evaluating pre-trained SSL and supervised speech models
across downstream models, fine-tuning setups, and efficient
model adaptation approaches. We find performance improve-
ments over the setup of ML-SUPERB. However, performance
depends on the downstream model design. Also, we find large
performance differences between languages and datasets, sug-
gesting the need for more targeted approaches to improve mul-
tilingual ASR performance.
Index Terms: self-supervised learning, efficient fine-tuning,
model adaptation, multilingual speech recognition, benchmarks

1. Introduction
Modern multilingual speech models have the capacity to model
hundreds or, in some cases, over a thousand languages [1–9],
enabled by different training objectives, model architectures,
and sources of training data. Importantly, the performance of
these models is often evaluated using different experimental se-
tups, which limits the extent to which their performance can be
reliably compared. Several standardized evaluation setups and
benchmarks have been proposed to evaluate the performance of
pre-trained multilingual speech models [10–12].

The most comprehensive benchmark in terms of language
coverage is the Multilingual Speech Universal PERformance
Benchmark (ML-SUPERB) [13], which covers 143 languages
and includes multiple downstream tasks: monolingual ASR,
multilingual ASR, and language identification (LID). Like the
original SUPERB [14], which only considers English speech,
ML-SUPERB is set up to evaluate the performance of self-
supervised learning (SSL) models. This evaluation is performed
by freezing their representations and treating the models as fea-
ture extractors. These features are used as input to a lightweight
downstream model, which can be fine-tuned for any of the
downstream tasks. To minimize the impact of the downstream
model on the overall measured performance, a simple two-layer
Transformer-based decoder is used. ML-SUPERB was pre-
sented as a challenge at ASRU 2023, attracting 12 model sub-
missions and 8 new language submissions [15–25].

Although the design of ML-SUPERB allows for efficient
evaluation of multilingual SSL models across a large number

* Equal contribution.

of languages, it only considers one fixed downstream model de-
sign. This is problematic, as past work has found that the choice
of downstream model can affect the rankings of SSL models
across downstream tasks [26, 27]. Also, the choice of down-
stream model designs can be affected by application require-
ments and users’ budgets, which further motivates benchmark-
ing with more flexible constraints.

In this paper, we present ML-SUPERB 2.0, which re-
visits ML-SUPERB’s original design. Specifically, ML-
SUPERB 2.0 includes larger-scale downstream models, SSL
model fine-tuning (including partial fine-tuning strategies), ef-
ficient pre-trained model adaptation techniques (adapters [28]
and LoRA [29]), and supervised pre-trained models (Whis-
per [3] and OWSM 3.1 [30]). Also, we enrich ML-SUPERB’s
evaluation metrics to place greater focus on robustness across
languages and describe variation across datasets. All code and
data used to develop ML-SUPERB 2.0 are publicly available.1

2. Investigation Details
ML-SUPERB 2.0 considers a variety of architectural variations,
pre-training and fine-tuning approaches, described in the next
four sections. We then discuss the changes in the evaluation
metrics, which allow us to investigate performance differences
across languages and datasets.

2.1. Downstream Architectures

Past work has found ASR performance differences between
downstream architectures when comparing representations
from pre-trained SSL models [26, 31]. These findings moti-
vate a systematic comparison to better understand their impact
on ASR performance. Therefore, ML-SUPERB 2.0 considers
both CTC-based (CTC) and hybrid CTC/attention-based (CTC-
ATT) frameworks as adopted in [26, 32–34], and within each
framework, compares three architectures, namely the Trans-
former [35], Conformer [36], and E-Branchformer [37]. In pre-
liminary experiments, we compared these architectures to oth-
ers (e.g., bi-LSTMs, transducers), and these three were chosen
for their better performance or faster convergence.

2.2. Model Fine-Tuning

Fine-tuning is a common practice to adapt pre-trained SSL
models to a downstream task. While fine-tuning is effective,
it traditionally requires updating all model parameters, which
is costly. Partial fine-tuning is an alternative that strikes a
balance between training efficiency and performance [38, 39].
ML-SUPERB 2.0 includes fine-tuning for the CTC/CTC-ATT

1https://github.com/espnet/espnet/tree/
master/egs2/ml_superb/asr1

Interspeech 2024
1-5 September 2024, Kos, Greece

1230 10.21437/Interspeech.2024-2248
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Background: Multilingual Speech Processing Benchmark

• Recent mul4lingual speech processing models 

• Have the capacity to model hundreds of languages

Evaluating
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• Recent multilingual speech processing models

• Have the capacity to model hundreds of languages
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extent to which they can be reliably compared
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Background: Multilingual Speech Processing Benchmark

• Recent multilingual speech processing models

• Have the capacity to model hundreds of languages

• However, they are often evaluated using different setups, which limits the 
extent to which they can be reliably compared

àThis motivates the need for multilingual speech processing benchmarks

Evalua*ng
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Background: 
Mul/lingual Speech 
Processing Benchmark

We observe great efforts in the 
community on spoken mul7lingual 
benchmarks:

• XTREME-S (Conneau et al. 2022)

• IndicSUPERB (Javed et al. 2023)

• ML-SUPERB (Shi et al. 2023)

Evaluating
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Background: Mul;lingual Speech Processing Benchmark

• We observe great efforts in the community on spoken mulHlingual benchmarks:
• XTREME-S (Conneau et al. 2022)
• IndicSUPERB (Javed et al. 2023)
• ML-SUPERB (Shi et al. 2023)

• ML-SUPERB is the most comprehensive benchmark in terms of language coverage, 
as it includes 143 languages and it evaluates models on:
• Monolingual/mul7lingual automa7c speech recogni7on (ASR)
• Language iden7fica7on (LID)
• Joint ASR + LID

Evaluating
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Limitations of ML-SUPERB

• Strictly constrained benchmark se>ngs with self-supervised learning 
(SSL) pre-trained models

• Efficient yet not generalizable enough to various seTngs (Zaiem et al. 2023; 
Arora et al. 2024)
• Does not take applicaHon requirements or users’ budgets into account

• This mo4vates benchmarking with more flexible constraints

Evalua*ng
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Limita3ons of ML-SUPERB

• Evaluation metric does not provide insight into performance 
variations between individual languages and datasets

• This motivates changes to the evaluation metrics to place greater 
focus on robustness across languages and datasets

Evaluating
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Introduction of ML-SUPERB 2.0

• We revisit ML-SUPERB:

• By relaxing its fixed constraints

• By improving fairness in its evalua=on metrics to focus on robustness across 
languages and varia=on across datasets

Evalua*ng
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Experimental Design (General Setup)

• ML-SUPERB 2.0 evaluates joint multilingual LID/ASR

• We updated the ML-SUPERB dataset by correcting some mistakes*

• Some statistics:
• 141 languages across 15 datasets
• Around 300 hours in total (with 85 hours for validation + test sets)
• We follow the 1-hour configuration presented in ML-SUPERB
• 20 languages are reserved for few-shot learning experiments, each using 5 

utterances for training
* Please refer to our paper for details about the updates to the dataset

Evaluating
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Experimental Design (General Setup)

• Experimental codebases:
• ESPnet (Watanabe et al. 2018)
• S3PRL (Yang et al. 2021)

• Selected pre-trained self-supervised models:
• XLS-R (Babu et al. 2022)
• MMS (Pratap et al. 2024)

• In line with the original ML-SUPERB: 
• Limit the number of tunable parameters to 100 million

Evalua*ng
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Experimental Design (General Setup)

• Specifically, we investigate four new benchmark configurations:

• Larger-scale downstream models

• SSL model fine-tuning

• Efficient model adaptation strategies

• Supervised pre-trained models

Evaluating
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Larger-scale downstream models

Evalua*ng

Pre-trained model

Weighted sum

CTC framework CTC-ATT framework

Transformer encoder (15 layers)
Transformer decoder (8 layers)

Conformer encoder (15 layers)
Transformer decoder (8 layers)

E-Branchformer encoder (15 layers)
Transformer decoder (8 layers)

Transformer encoder (15 layers)

Conformer encoder (15 layers)

E-Branchformer encoder (15 layers)

LID + transcript
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SSL model fine-tuning

Evaluating

CTC framework CTC-ATT framework

Transformer encoder (2 layers)
Transformer decoder (4 layers)Transformer encoder (2 layers)

LID + transcript

Pre-trained model

Weighted sum

Top layers (19-24)
Middle layers (9-14)
Bodom layers (1-6)
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Efficient model adaptation strategies

Evaluating

CTC framework CTC-ATT framework

Transformer encoder (2 layers)
Transformer decoder (4 layers)Transformer encoder (2 layers)

LID + transcript

Pre-trained model

Weighted sum

Adapters
LoRA
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Supervised pre-trained models

Evaluating

CTC framework CTC-ATT framework

Transformer encoder (2 layers)

LID + transcript

Whisper / OWSM 3.1 (medium) 
encoder

Weighted sum

Also with top layers (19-24)
Whisper / OWSM 3.1 (medium) 

encoder + decoder

Top layers decoder (19-24)
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Experimental Design (Configura3on Setup)

• For the four benchmark configura4ons:

• Hyperparameters follow prior works*

• We tune the learning rate and select the best-performing model on the 
validaHon set

* Please refer to our paper for the complete list of prior works we refer to.

Evaluating
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Experimental Design (Evaluation)
• Base metrics:
• Accuracy for LID
• Character error rate (CER) for ASR on two sets (normal and few-shot setting)

Evalua*ng
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Experimental Design (Evalua3on)
• Place greater focus on measuring robustness:
• Macro-average over languages/datasets instead of micro-average CER

• Compute per-language CER as the macro-average of CERs across all datasets per 
language

• Compute the macro-average of the per-language CERs
→ Allows to beVer understand varia7on between languages and datasets
→ Languages with more samples do not dispropor7onally affect the CER

• Standard deviaHon of language-specific CERs
• Measure CER of the worst-performing language
• Measure CER range between datasets in the same language

Evaluating
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Experimental Results and Discussions
• Effect of introducing four benchmark configurations

• Model ranking for the benchmark configurations

• Supervised ASR versus SSL pre-trained models

• Variation across languages and datasets 

Due to the 8me limits, we present part of results in the presenta8on. Please refer to our paper for the full details.

Evalua*ng
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Effect of Introducing Four Configura3ons
Configura)ons Details Accuracy CER (Normal)

Original ML-SUPERB MMS + Transformer CTC 90.3 24.7 ± 12.3

Larger Downstream MMS + E-Branchformer ATT-CTC 95.2 16.6 ± 11.8

SSL Model Fine-tuning MMS + 9-14 layers partial fine-tuning CTC 95.6 15.5 ± 10.3

Efficient Model Adaptation MMS + LoRA + Transformer ATT-CTC 94.2 18.7 ± 11.5

Supervised Pre-trained Model Whisper Encoder + Transformer CTC 91.7 21.0 ± 12.5

Compared to the original ML-SUPERB, we observe better performance for LID 
and ASR across ALL configurations (normal setting) 

Evaluating
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Model Ranking given Different Configurations

• ML-SUPERB 2.0 is a be<er es=mate of
model performance compared to the
original ML-SUPERB

• However, when considering different training se>ngs, the ranking of 
upstream models can be different

Evalua*ng
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Model Ranking given Different Configurations 
(Larger-scale Downstream Models)

MMS winsXLS-R wins

Transformer Conformer E-Branchformer

CTC XLS-R MMS XLS-R
ATT-CTC MMS MMS MMS

Compared to the original ML-SUPERB, the performance of XLS-R and MMS 
depends on the choice of the downstream model

Evalua*ng
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Model Ranking given Different Configurations 
(Model Fine-tuning)

MMS winsXLS-R wins

Bottom Middle Top

CTC MMS MMS MMS
ATT-CTC MMS MMS MMS

Compared to the downstream model configura4on,
XLS-R and MMS rank differently when considering fine-tuning approaches

Evalua*ng
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Model Ranking given Different Configurations 
(Efficient Model Adaptation)

MMS winsXLS-R wins

LoRA Adapter

CTC XLS-R XLS-R
ATT-CTC MMS XLS-R

Compared to previous experimental se>ngs,
XLS-R and MMS rank differently when considering efficient model 
adapta4on approaches

Evalua*ng
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There is no single way to evaluate an SSL model. 
It must always be measured in the context of 

a specific downstream model and task
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Supervised ASR vs. SSL Pre-trained Models

• Original ML-SUPERB only focuses on SSL pre-trained models

• ML-SUPERB 2.0 also allows the use of supervised ASR models
• As long as the test sets from the ML-SUPERB 2.0 dataset are not used in 

training

• In our paper, we introduce some preliminary analysis on the 
comparison between supervised ASR and SSL pre-trained models

Evaluating
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Supervised ASR vs. SSL Pre-trained Models
Pre-trained Model (Module) Downstream Learning Modules Accuracy CER (Normal)

XLS-R Additional transformer encoder + CTC prediction head 93.7 20.7 ± 10.8

MMS Additional transformer encoder + CTC prediction head 93.6 21.0 ± 11.2

Whisper Encoder Additional transformer encoder + CTC prediction head 91.7 21.0 ± 12.5

Whisper Encoder Partial parameters in Whisper encoder (top layers) and 
additional transformer encoder + CTC prediction head 83.9 26.8 ± 15.0 

Whisper Encoder + Decoder Partial parameters in Whisper decoder (top layers) 85.5 25.6 ± 19.4

In our experiments, SSL pre-trained models demonstrate slightly superior 
performance compared to supervised ASR pre-trained models

Evaluating
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Variation across Languages and Datasets 

• Large standard deviations in both normal and few shot settings
à This shows that there is substantial variation among the language-specific 
CERs

Evaluating
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Varia3ons across Languages and Datasets 

• Large standard devia4ons in both the normal and few-shot se>ngs
à This shows that there is substan=al varia=on among the language-specific 
CERs

• The impact of language differences is also highlighted by the CER of 
the worst-performing languages
• In most cases, Lao or Min Nan Chinese have a CER > 60%

Evaluating
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Variations across Languages and Datasets 

• Large standard deviations in both the normal and few-shot settings
à This shows that there is substantial variation among language-specific CERs

• The large impact of language differences is also highlighted by the 
CER of the worst-performing languages
• In most cases, Lao or Min Nan Chinese have a CER > 60%

• Large CER differences between datasets in the same language
à This highlights the impact of domain or acoustic differences

Evaluating
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Findings of ML-SUPERB 2.0

• All four configura-ons show improvements over the configura-on used in 
the original ML-SUPERB, which was likely underes-ma-ng model 
performance

• Model ranking depends on the configura-on of the benchmark

• There is no single way to evaluate an SSL model. It must always be measured 
in the context of a specific downstream model and task

• We encourage research on methods that improve language/dataset 
robustness

Evaluating
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Can we develop methods to address the performance gap?

Improving



Many languages have limited prospect of obtaining 
more transcribed speech data

Improving



Can standard data augmentation approaches  
improve low-resource speech recognition 

performance using real-world data?

Improving



Can standard data augmenta;on approaches  
improve low-resource speech recogni;on 

performance using real-world data?

Self-training and TTS-generated speech

Improving
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XLST: Cross-lingual Self-training to Learn
Multilingual Representation for Low Resource

Speech Recognition
Zi-Qiang Zhang, Yan Song, Ming-Hui Wu, Xin Fang, Li-Rong Dai

Abstract—In this paper, we propose a weakly supervised mul-
tilingual representation learning framework, called cross-lingual
self-training (XLST). XLST is able to utilize a small amount
of annotated data from high-resource languages to improve
the representation learning on multilingual un-annotated data.
Specifically, XLST uses a supervised trained model to produce
initial representations and another model to learn from them,
by maximizing the similarity between output embeddings of
these two models. Furthermore, the moving average mechanism
and multi-view data augmentation are employed, which are
experimentally shown to be crucial to XLST. Comprehensive
experiments have been conducted on the CommonVoice corpus
to evaluate the effectiveness of XLST. Results on 5 downstream
low-resource ASR tasks shows that our multilingual pretrained
model achieves relatively 18.6% PER reduction over the state-
of-the-art self-supervised method, with leveraging additional 100
hours of annotated English data.

Index Terms—Multilingual representation learning, cross-
lingual self-training, low-resource speech recognition.

I. INTRODUCTION

Modern automatic speech recognition (ASR) systems are
usually trained on hundreds of hours of annotated data [1], [2],
which is not available for most of low-resource languages [3].
To tackle the low-resource ASR problem, pretraining tech-
niques have shown to be promising, where effective speech
representations are first learned from other available materials
(e.g. out-of-language data or un-annotated speech data), then
transferring to the target low-resource language.

Existing pretraining methods can be conducted in either
supervised or unsupervised manners. Early researches focus on
supervised pretraining with annotated data of one or multiple
high-resource languages [4]–[17]. The pretrained model is
used either as the feature extractor [4]–[9], or to initialize the
target acoustic model in hybrid [10]–[13] and end-to-end [14]–
[17] systems.

Compared with supervised methods, unsupervised pretrain-
ing has the advantage of employing large amount of un-
annotated speech data. In this scenario, an unsupervised model
is expected to learn meaningful representations from speech,
ideally carrying phonetic structures like a supervised model.
For example, it could be trained by reconstructing input

Z.-Q. Zhang, Y. Song, X. Fang and L.-R. Dai are with the National
Engineering Laboratory for Speech and Language Information Processing,
University of Science and Technology of China, Hefei 230027, China, (e-
mail: zz12375@mail.ustc.edu.cn; songy@ustc.edu.cn; klg@mail.ustc.edu.cn;
lrdai@ustc.edu.cn).

frames [18]–[23] in a masked or auto-regressive manner. Re-
cently, self-supervised methods catch much interests in speech
community [24]. Contrastive loss implemented by distinguish-
ing between positive and negative samples is proposed there to
learn more discriminative representations as well as preventing
model collapse [25]–[27]. Among them, Wav2vec 2.0 [27] is
one of the state-of-the-art methods both on in-language and
cross-lingual pretraining [28]. Despite its promising results,
Wav2vec 2.0 framework is computationally expensive [27].

For a specific language, there is another way to utilize both
annotated and un-annotated data called self-training [29], [30]
or teacher-student learning [31]–[33]. A teacher model is first
trained on an annotated speech dataset of the target language to
produce initial pseudo labels for a larger un-annotated speech
dataset of the same language, and then a student model is
trained with such pseudo-annotated data. Though self-training
is capable of making full use of both annotated and un-
annotated data, it is not designed specifically for representation
learning, and is a kind of training within one language where
both annotated and un-annotated data comes from the same
language.

In this work we consider improving multilingual represen-
tation learning by leveraging a certain amount of annotated
data from high-resource languages. Inspired by self-training,
we propose the Cross-lingual Self-training (XLST) as a new
kind of multilingual pretraining framework. XLST supposes
that frame-level acoustic representations could be shared in
some degree across different languages. Its training procedure
is similar to the usual self-training with the main difference
that the annotated and un-annotated data comes from different
languages, i.e. annotated data from high-resource languages
and un-annotated data from low-resource languages. Further-
more, instead of producing pseudo labels, XLST generates
frame embeddings as training targets. Inspired by [34], [35],
we implement XLST with parallel networks, one for producing
targets and another for acoustic modeling. They are tied in a
moving average (MA) way [34] so that the produced targets
could be refined online. These two networks take different
augmented views of a same input and the loss is computed as
their output dissimilarity.

Our work is also related to a very recent method, Unis-
peech [36], which also utilized annotated data of high-resource
languages to improve multilingual representations. While they
used all data simultaneously by multi-task learning under
Wav2vec 2.0 [27] framework and here we employ the pro-
posed XLST.
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CONTINUOUS PSEUDO-LABELING FROM THE START

Dan Berrebbi
⇤

Carnegie Mellon University
dberrebb@andrew.cmu.edu

Ronan Collobert, Samy Bengio,

Navdeep Jaitly, Tatiana Likhomanenko

Apple
{collobert,bengio,njaitly,antares}@apple.com

ABSTRACT

Self-training (ST), or pseudo-labeling has sparked significant interest in the au-
tomatic speech recognition (ASR) community recently because of its success in
harnessing unlabeled data. Unlike prior semi-supervised learning approaches that
relied on iteratively regenerating pseudo-labels (PLs) from a trained model and us-
ing them to train a new model, recent state-of-the-art methods perform ‘continuous
training’ where PLs are generated using a very recent version of the model being
trained. Nevertheless, these approaches still rely on bootstrapping the ST using
an initial supervised learning phase where the model is trained on labeled data
alone. We believe this has the potential for over-fitting to the labeled dataset in low
resource settings and that ST from the start of training should reduce over-fitting.
In this paper we show how we can do this by dynamically controlling the evolution
of PLs during the training process in ASR. To the best of our knowledge, this is the
first study that shows the feasibility of generating PLs from the very start of the
training. We are able to achieve this using two techniques that avoid instabilities
which lead to degenerate models that do not generalize. Firstly, we control the
evolution of PLs through a curriculum that uses the online changes in PLs to control
the membership of the cache of PLs and improve generalization. Secondly, we find
that by sampling transcriptions from the predictive distribution, rather than only
using the best transcription, we can stabilize training further. With these techniques,
our ST models match prior works without an external language model.

1 INTRODUCTION

The past few years have witnessed a growth in methods that leverage large amount of unlabeled
data in domains such as speech, vision and language to produce state-of-the-art results, e.g. Baevski
et al. (2020; 2022); Chen et al. (2020a); Caron et al. (2021); He et al. (2022); Cai et al. (2022);
Brown et al. (2020); Ramesh et al. (2021). Amongst the techniques that have made this possible
are self-supervised learning (SSL) and self-training (ST) (Scudder, 1965; Lee, 2013). While SSL is
typically used in unsupervised settings, ST is applied in supervised settings where labeled data can be
extended with unlabeled data that is labeled using a prior model, a process known as pseudo-labeling
(PL). These techniques can reduce the burden of expensive labeling processes while successfully
train data hungry models such as transformers using large quantities of unlabeled data.

Current state-of-the-art SSL methods in speech (Baevski et al., 2020; Hsu et al., 2021; Baevski et al.,
2022; Chung et al., 2021) are typically trained in two phases. First, the models are pre-trained on
thousands of hours of unlabeled speech, and then they are further adapted by fine-tuning on the actual
task of automatic speech recognition (ASR) using a smaller supervised set. However, because the
pre-training (PT) phase is task agnostic, self-supervision can under-perform on a specific downstream
task (Talnikar et al., 2021; Dery et al., 2022). Further, SSL pre-training leads to a more complicated
pipeline involving multiple phases. By contrast, ST algorithms also use unlabeled data but do not
require phases of training with different objectives that makes the training pipeline simpler.

In this paper, we focus on recent ST algorithms that perform ‘continuous training’ of a single model.
In contrast to earlier ST training methods that iterate between generating PLs over the entire unlabeled
dataset and training a model (teacher-student) (Synnaeve et al., 2020; Kahn et al., 2020a; Zhang

⇤Work done during internship at Apple.
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GENERATING SYNTHETIC AUDIO DATA FOR ATTENTION-BASED
SPEECH RECOGNITION SYSTEMS

Nick Rossenbach, Albert Zeyer, Ralf Schlüter, Hermann Ney

Human Language Technology and Pattern Recognition, Computer Science Department,
RWTH Aachen University, 52074 Aachen, Germany

AppTek GmbH, 52062 Aachen, Germany
<surname>@i6.informatik.rwth-aachen.de

ABSTRACT
Recent advances in text-to-speech (TTS) led to the develop-
ment of flexible multi-speaker end-to-end TTS systems. We
extend state-of-the-art attention-based automatic speech recog-
nition (ASR) systems with synthetic audio generated by a TTS
system trained only on the ASR corpora itself. ASR and TTS
systems are built separately to show that text-only data can
be used to enhance existing end-to-end ASR systems with-
out the necessity of parameter or architecture changes. We
compare our method with language model integration of the
same text data and with simple data augmentation methods
like SpecAugment and show that performance improvements
are mostly independent. We achieve improvements of up to
33% relative in word-error-rate (WER) over a strong base-
line with data-augmentation in a low-resource environment
(LibriSpeech-100h), closing the gap to a comparable oracle
experiment by more than 50%. We also show improvements
of up to 5% relative WER over our most recent ASR baseline
on LibriSpeech-960h.

Index Terms— Speech Recognition, End-to-End, Data
Augmentation, Speech Synthesis

1. INTRODUCTION & RELATED WORK

Recently published automatic speech recognition (ASR) sys-
tems are based on deep neural network approaches, either in
combination with hidden-markov-models (hybrid approach)
or as a standalone end-to-end system. While hybrid deep neu-
ral network architectures provide state-of-the-art performance,
recent results using end-to-end architectures show competing
performance on large resource tasks [1]. Improvements were
achieved by using new data augmentation methods such as
SpecAugment [2] or using advanced pre-training schemes [3].
For medium to low resource tasks, hybrid architectures are still
superior to end-to-end approaches [1]. To further increase the
performance of end-to-end systems in low resource conditions,
untranscribed speech or text can be used as additional training
data. A previously published approach is the text-to-encoder
(TTE) model which can integrate additional text [4] or untran-
scribed speech [5] into ASR training. Another method is the

joint training of ASR and text-to-speech (TTS) systems such as
the Speech Chain approach [6–8] or variants of it [9]. Training
TTS systems on external data to create audio features for ASR
has also been investigated in [10, 11]. The usage of TTS in the
context of ASR training was inspired by recent advances in
end-to-end TTS systems with multispeaker capabilities such
as Tacotron [12], Tacotron-2 [13] and Deep-Voice [14].

Most of the previously presented approaches require that
the ASR and TTS systems share at least a common feature pro-
cessing pipeline and operate on the same kind of audio features.
Especially for approaches where ASR and TTS are trained
jointly, this is a strict requirement. In contrast to that, our ap-
proach includes a completely separate end-to-end TTS system
with a Griffin & Lim (G&L) vocoder [15] for synthetic wave-
form generation instead of synthetic feature generation. While
related work covering independent TTS systems [10, 11] uses
additional data, our TTS system is only trained on the ASR cor-
pus itself. The synthetic data is stored as compressed audio and
can be used for any kind of speech recognition system, with no
relation to the TTS system. For adaptive speaker embeddings,
we compare global-style-tokens (GST) [16] and i-vector repre-
sentations [17]. To the best of our knowledge, previous work
on integrating synthesized data from TTS systems to ASR
did not include a comparison with other data-augmentation
techniques. Thus, we compare our TTS approach to SpecAug-
ment [2] and speed-perturbation [18]. We also include a direct
comparison with language-model integration of the same text
data as used to generate synthetic speech. The experiments
in this work were managed with Sisyphus [19] and the ASR
and TTS systems were implemented in RETURNN [20]. The
RETURNN configs will be made publicly available1.

2. ATTENTION-BASED SPEECH RECOGNITION

2.1. Model
Our baseline model for LibriSpeech-100h consists of 6 bi-
directional long-short-term-memory (LSTM) encoder layers,
and a single LSTM decoder layer, following [3]. The encoder

1https://github.com/rwth-i6/returnn-experiments/tree/
master/2019-asr-synthetic-data
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MAGIC DUST FOR CROSS-LINGUAL ADAPTATION OF MONOLINGUAL WAV2VEC-2.0

Sameer Khurana1, Antoine Laurent2, James Glass1

1MIT Computer Science and Artificial Intelligence Laboratory, Cambridge, MA, USA
2LIUM - Le Mans University, France

ABSTRACT

We propose a simple and effective cross-lingual transfer learning
method to adapt monolingual wav2vec-2.0 models for Automatic
Speech Recognition (ASR) in resource-scarce languages. We show
that a monolingual wav2vec-2.0 is a good few-shot ASR learner in
several languages. We improve its performance further via several
iterations of Dropout Uncertainty-Driven Self-Training (DUST) by
using a moderate-sized unlabeled speech dataset in the target lan-
guage. A key finding of this work is that the adapted monolingual
wav2vec-2.0 achieves similar performance as the topline multilin-
gual XLSR model, which is trained on fifty-three languages, on the
target language ASR task.

Index Terms— Cross-lingual transfer learning, self training,
self-supervised Learning, ASR, adaptation

1. INTRODUCTION

Few-shot learning, the ability to train a machine to exhibit intelligent
behavior via a small amount of supervision has been a long-standing
research goal in Artificial Intelligence. To build few-shot learners we
turn to a class of transfer learning (TL) methods that extract knowl-
edge from vast quantities of unlabeled data to make the task of learn-
ing from a few labeled examples easier. Recently, Self-Supervised
Learning (SSL) has emerged as a promising TL approach of learning
from unlabeled data [1–3].

SSL [4, 5] refers to the process of Pre-Training (PT) a model on
unlabeled data using an SSL task, such as masked self-prediction [2].
The Pre-Trained model is then Fine-Tuned (FT) on the target task via
a few labeled examples. Hence, SSL forms the first stage of the PT
then FT (PT ! FT) sequential TL framework [6]. Recently, speech
neural net encoders Pre-Trained using the wav2vec2 SSL frame-
work have proven to be excellent few-shot learners for automatic
speech recognition (ASR) across multiple languages [7,8]. However,
wav2vec2 assumes access to massive amounts of unlabeled data for
PT, which diminishes their usefulness to resource-scarce languages,
where the massive unlabeled data assumption does not hold.

To remedy the above issue, [8] proposes xlsr, a cross-lingual
sequential TL framework of the form mPT ! FT, i.e., Multilingual
Pre-Training of wav2vec2 followed by target language ASR fine-
tuning on a few labeled examples. Indeed, Pre-Trained xlsr is an
excellent few-shot learner for ASR in multiple languages. However,
in this work we show that xlsr’s ASR performance is quite poor
if there is a domain mismatch between the target language speech
and the speech data used to Pre-Train xlsr. Thus, to make xlsr a
truly universal speech model, we would have to Pre-Train on speech
from all languages in all possible speech domains, which is clearly

This work uses HPC resources of IDRIS under the allocation
AD011012527 made by GENCI.

an unscalable strategy. Instead, in this work, we propose a TL frame-
work that could efficiently adapt any Pre-Trained wav2vec2 model,
monolingual or multilingual, to make it a good few-shot ASR learner
in any target language in any speech domain.

In this work, motivated by the SSL framework’s limitations
when developing ASR for a resource-scarce language, we propose a
simple yet effective cross-lingual TL framework (§2) for wav2vec2
model adaptation to a target language. Our adaptation framework
is a sequential TL framework consisting of three steps: First, we
Pre-Train a wav2vec2 model on a high-resource language. Second,
we perform supervised fine-tuning of the Pre-Trained wav2vec2
model on the target language ASR task using ten hours of labeled
data. Finally, we perform Dropout Uncertainty-Driven Self-Training
(DUST) [9] using a hundred hours of unlabeled speech data in the
target language for adaptation of the Fine-Tuned wav2vec2 model.

Through this work, we make the following contributions: 1)
We analyze the cross lingual transferability of several Pre-Trained
English wav2vec2 models (Table 1) across eight target languages.
We show that by simply fine-tuning English wav2vec2 on ten hours
of labeled data in target languages, we can recover on average up
to 86% of the performance of the fine-tuned multilingual xlsr
topline. Still, there is a considerable gap in performance between
wav2vec2 and xlsr on target languages that are considered in-
domain for xlsr, but the gap is much smaller on a more challenging
out-of-domain Arabic target language. Another interesting finding
is that ASR Fine-Tuning of the Pre-Trained wav2vec2 models on
labeled data in the source language (English) before Fine-Tuning
on the target languages hurts cross-lingual transfer. 2) We adapt
an English wav2vec2 model to two target languages, French and
Arabic, under the constraint that in each target language we have
ten hours of labeled data for ASR training and a hundred hours
of unlabeled data for adaptation. For French, we show that by
starting with a Pre-Trained English wav2vec2 model and applying
the proposed adaptation procedure (§2), we are able to reach sim-
ilar ASR performance as the xlsr topline. For Arabic, both the
xlsr and English wav2vec2 perform poorly and hence, we apply
the adaptation procedure to both the models and improve the ASR
performance considerably. A key finding of this study is that it is
possible to adapt a monolingual wav2vec2 model Pre-Trained on a
high-resource language using moderately-sized unlabeled data and
small-sized labeled data in the target language to achieve similar
performance as the multilingual wav2vec2 model Pre-Trained on
multiple languages. Although the amount of unlabeled data that we
use for adaptation is orders of magnitude smaller than the data used
to Pre-Train wav2vec2 models, a moderate-sized unlabeled dataset
might not be available for extremely resource-scarce and endangered
languages. This scenario is out of scope for this paper.

6647978-1-6654-0540-9/22/$31.00 ©2022 ���� ������ 2022
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PSEUDO-LABELING FOR MASSIVELY MULTILINGUAL SPEECH RECOGNITION

Loren Lugosch1⇤, Tatiana Likhomanenko2†, Gabriel Synnaeve2, Ronan Collobert2†

1McGill University / Mila, 2Facebook AI Research

ABSTRACT
Semi-supervised learning through pseudo-labeling has

become a staple of state-of-the-art monolingual speech recog-
nition systems. In this work, we extend pseudo-labeling to
massively multilingual speech recognition with 60 languages.
We propose a simple pseudo-labeling recipe that works well
even with low-resource languages: train a supervised multi-
lingual model, fine-tune it with semi-supervised learning on
a target language, generate pseudo-labels for that language,
and train a final model using pseudo-labels for all languages,
either from scratch or by fine-tuning. Experiments on the la-
beled Common Voice and unlabeled VoxPopuli datasets show
that our recipe can yield a model with better performance for
many languages that also transfers well to LibriSpeech.

Index Terms— speech recognition, massively multilin-
gual models, semi-supervised learning, pseudo-labeling

1. INTRODUCTION

One of the long-term goals of automatic speech recognition
(ASR) research is a single system that can transcribe speech
in any language [1, 2]. Such a multilingual system would be
simpler to maintain than a collection of monolingual mod-
els, enable users to comfortably speak any language without
needing to tell the system which language to expect in ad-
vance, and share knowledge between all languages for im-
proved performance.

A key ingredient of modern state-of-the-art monolingual
ASR missing from current multilingual models is pseudo-
labeling [3], a technique for harnessing unlabeled datasets
that has recently begun consistently yielding performance
gains even for ASR tasks with large labeled datasets like
LibriSpeech [4, 5, 6]. In pseudo-labeling, a model trained on
a labeled dataset is used to generate labels for an unlabeled
dataset, and those pseudo-labels (PLs) are then used to train a
model. Many variants of pseudo-labeling exist: for instance,
the same model used to generate PLs can also be trained on
those PLs [7, 8, 9], or PLs generated by a teacher model can
be used to train a new student model [4, 6, 10, 11].

In this work, we go beyond the monolingual setting and
demonstrate the use of pseudo-labeling to improve a mas-
sively multilingual speech recognizer trained on all 60 lan-

⇤Work done during an internship at FAIR. †Currently at Apple.
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Fig. 1. Illustration of our method: to produce better pseudo-
labels for a given language, we first fine-tune the multilingual
model on that language.

guages of the Common Voice dataset [12] simultaneously.
First, we show that self-training on all unlabeled data in the
multilingual VoxPopuli dataset [13] at once tends to produce
poor PLs for low-resource languages, and instead propose a
simple recipe (Fig. 1) in which the model is first fine-tuned
for a particular language before pseudo-labeling. Next, we
compare a number of methods for training with the generated
PLs, and find that training a larger model from scratch on all
labeled and pseudo-labeled data works best. Finally, we show
that the use of pseudo-labeled data improves out-of-domain
generalization through experiments on LibriSpeech [14]. Un-
like much previous work on this topic, our experiments use
only open-source data, and we release our code and models.1

2. MODEL

The model used in our experiments is identical to the neu-
ral network used for LibriSpeech in [9], except for the out-
put layer(s). The output of the encoder is fed to a CTC [15]
head and a language identification (LID) head. The CTC head

1https://github.com/flashlight/wav2letter/blob/
49087d575ddf77aa5a99a01fee980fc00e92c802/recipes/
mling_pl/README.md
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SELF-TRAINING FOR END-TO-END SPEECH RECOGNITION

Jacob Kahn, Ann Lee, Awni Hannun

Facebook AI Research

ABSTRACT

We revisit self-training in the context of end-to-end speech
recognition. We demonstrate that training with pseudo-labels
can substantially improve the accuracy of a baseline model.
Key to our approach are a strong baseline acoustic and lan-
guage model used to generate the pseudo-labels, filtering
mechanisms tailored to common errors from sequence-to-
sequence models, and a novel ensemble approach to increase
pseudo-label diversity. Experiments on the LibriSpeech cor-
pus show that with an ensemble of four models and label
filtering, self-training yields a 33.9% relative improvement
in WER compared with a baseline trained on 100 hours of
labelled data in the noisy speech setting. In the clean speech
setting, self-training recovers 59.3% of the gap between the
baseline and an oracle model, which is at least 93.8% rela-
tively higher than what previous approaches can achieve.

Index Terms— speech recognition, semi-supervised,
deep learning

1. INTRODUCTION

Building automatic speech recognition (ASR) systems re-
quires a large amount of transcribed data. Compared with
hybrid models, the performance of end-to-end models signif-
icantly degrades as the amount of available training data de-
creases [1]. Transcribing large quantities of audio is both ex-
pensive and time-consuming, and thus many semi-supervised
training approaches have been proposed to take advantage of
abundant unpaired audio and text data. One such approach,
self-training [2], uses noisy labels generated from a model
trained on a much smaller labelled data set.

We revisit self-training in the context of sequence-to-
sequence models. Self-training has not been carefully studied
in end-to-end speech recognition. We start from training a
strong baseline acoustic model on a small paired data set and
performing stable decoding [3] with a language model (LM)
trained on a large-scale text corpus to generate pseudo-labels.
We evaluate one heuristic and one confidence-based method
for pseudo-label filtering [4–7] tailored to the mistakes often
encountered with sequence-to-sequence models. In addition,
we propose an ensemble approach that combines multiple
models during training to improve label diversity and keep
the model from being overly confident to noisy pseudo-labels.

We demonstrate the effectiveness of self-training on Lib-
riSpeech [8], a publicly available corpus of read speech. In
particular, we study the trade-off between the amount of un-
paired audio data, the quality of the pseudo-labels, and the
model performance. We find that in the clean speech setting,
as the label quality is high, the model performance depends
heavily on the amount of data. In the noisy speech setting,
a proper filtering mechanism is essential for removing noisy
pseudo-labels. In addition, using an ensemble of models can
be complementary to filtering.

Compared with other semi-supervised methods with
sequence-to-sequence models [9, 10], we show that self-
training achieves a 93.8% relatively higher WER recovery
rate (WRR) [11] on the clean test set, a metric indicating
how much the gap between a supervised baseline and an
oracle can be bridged. One goal of this work is to provide
a publicly-available and reproducible benchmark to which
future semi-supervised approaches in ASR can compare.

2. MODEL

Our sequence-to-sequence model is an encoder-decoder ar-
chitecture with attention [12, 13]. Let X = [X1, . . . , XT ]
be the frames of speech with transcription Y = [y1, . . . , yU ].
The encoder maps X into a key-value hidden representation:


K
V

�
= encode(X) (1)

where K = [K1, . . . ,KT ] are the keys and V = [V1 . . . , VT ]
are the values. We use a fully convolutional encoder with
time-depth separable (TDS) blocks proposed in [3]. The de-
coder is given by

Qu = RNN(yu�1, Qu�1) (2)
Su = attend(Qu,K, V ) (3)

P (yu | X, y<u) = h(Su, Qu). (4)

The RNN encodes the previous token and query vector Qu�1

to produce the next query vector. The attention mechanism
produces a summary vector Su with a simple inner product:

attend(K,V,Q) = V · softmax
✓

1p
d
K>Q

◆
(5)

where d is the hidden dimension of K (as well as Q and V ).
h(·) computes a distribution over the output tokens.
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SPEAKER AUGMENTATION FOR LOW RESOURCE SPEECH RECOGNITION

Chenpeng Du, Kai Yu

MoE Key Lab of Artificial Intelligence
SpeechLab, Department of Computer Science and Engineering

Shanghai Jiao Tong University, China
{duchenpeng, kai.yu}@sjtu.edu.cn

ABSTRACT
Text-to-speech synthesis (TTS) has been used as a data

augmentation approach for automatic speech recognition
(ASR), leveraging additional texts for ASR training. How-
ever, in low resource tasks, usually only a limited number of
speakers are available, leading to the lack of speaker varia-
tions in synthetic speech. In this paper, we propose a novel
speaker augmentation approach which can synthesize data
with sufficient speaker and text diversity. Here, an end-to-end
TTS system is trained with speaker representations from a
variational auto-encoder (VAE), which enables TTS to syn-
thesize speech from unseen new speakers via sampling from
the trained latent distribution. As a new type of data aug-
mentation approach, speaker augmentation can be combined
with traditional feature augmentation approaches, such as
SpecAugment. Experiments on a switchboard task show
that, given 50 hours of data, the proposed speaker augmenta-
tion with SpecAugment significantly reduces word error rate
(WER) by 30% relative compared to the system without any
data augmentation, and about 18% relative compared to the
system with SpecAugment.

Index Terms— Low resource, speech recognition, speech
synthesis, variational autoencoder

1. INTRODUCTION
Training data for automatic speech recognition(ASR) in cer-
tain speaking style or certain language is sometimes limited.
Though collecting additional data is a simple solution, it may
be difficult in many cases. Data augmentation is an alternative
that increases the quantity of training data.

The first type of data augmentation methods is producing
variations on acoustic features. Noise augmentation[1] and
speed perturbation[2] have been successfully applied to low
resource ASR[3]. Recently, SpecAugment[4] is proposed as
a powerful data augmentation approach using time warping
and frequency masking.

The second type of data augmentation approach is lever-
aging additional texts with text-to-speech synthesis(TTS).

This study was supported by the Major Program of Science and Tech-
nology Commission of Shanghai Municipality (STCSM) 17JC1404104 and
Major Program of National Social Science Foundation of China (No.
18ZDA293).

Speech chain training mechanism[5] develops a closed-loop
and utilizes unpaired data for ASR training. [6] applies one-
shot speaker adaptation to speech chain and extends TTS to
handle speech from unknown speakers. ASR domain adap-
tation is explored in [7] using a TTS system. It trains TTS
on source domain data and synthesizes speech with only tar-
get domain text for ASR training, thereby obtaining a better
ASR model on target domain. [8] conducts experiments on
Librispeech[9] augmented with synthetic data and achieves
better WER for character-level based ASR models.

However, in low resource tasks, dataset often contains
small number of speakers. Most prior works use only speak-
ers that appear in training dataset for speech synthesis. There-
fore, synthetic speech could provide only limited speaker di-
versity for data augmentation.

To address this problem, we propose a speaker augmen-
tation approach. We train a Tacotron2[10], an end-to-end
speech synthesis model, conditioned on speaker representa-
tions from a variational autoencoder(VAE)[11], similar to [12,
13]. Additionally, we jointly train a speaker classifier that
takes latent variables as input. This encourages audio en-
coder to produce latent variables containing speaker informa-
tion, assisting the model convergence. Applying the above
techniques, our TTS model is able to synthesize speech from
unseen new speakers via sampling from the trained latent dis-
tribution, providing sufficient speaker variations in synthetic
speech for data augmentation. In our experiments, the base-
line system uses only speakers that appear in the real data
for speech synthesis. Given 5 hours real data, the proposed
speaker augmentation approach reduces WER by 7% rela-
tive from the baseline. Our later experiments demonstrate that
ASR still benefits from our approach when SpecAugment is
combined, especially when more real data is available.

Then we investigate how our approach performs as the
texts for speech synthesis increase. Given 50 hours data, we
use additional text from Fisher corpus and try to find the con-
vergence of WER reduction. The results show that our ap-
proach with SpecAugment significantly reduces word error
rate(WER) by 30% relative compared to the system without
any data augmentation, and about 18% relative compared to
the system with SpecAugment.

In the rest of the paper, we first introduce our speaker aug-
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ABSTRACT

Recent success of the Tacotron speech synthesis architecture
and its variants in producing natural sounding multi-speaker
synthesized speech has raised the exciting possibility of re-
placing expensive, manually transcribed, domain-specific,
human speech that is used to train speech recognizers. The
multi-speaker speech synthesis architecture can learn latent
embedding spaces of prosody, speaker and style variations
derived from input acoustic representations thereby allowing
for manipulation of the synthesized speech. In this paper,
we evaluate the feasibility of enhancing speech recognition
performance using speech synthesis using two corpora from
different domains. We explore algorithms to provide the
necessary acoustic and lexical diversity needed for robust
speech recognition. Finally, we demonstrate the feasibility
of this approach as a data augmentation strategy for domain-
transfer. We find that improvements to speech recognition
performance is achievable by augmenting training data with
synthesized material. However, there remains a substantial
gap in performance between recognizers trained on human
speech those trained on synthesized speech.
Index Terms: speech synthesis, speech recognition, Tacotron,
LAS, sequence models

1. INTRODUCTION

Speech synthesis (text-to-speech or TTS) performance has
improved in recent years. These improvements have been
so dramatic that, in some cases, synthesized speech is in-
distinguishable from human speech [1]. One reliable way,
perhaps even the most reliable way, to improve automatic
speech recognition (ASR) performance is to add more tran-
scribed training data. If speech synthesis is equivalent to hu-
man speech, adding more transcribed training data generated
by speech synthesis should improve speech recognition per-
formance. In this paper, we test this hypothesis. We explore
this using data augmentation, where the human speech train-
ing data is combined with various amounts and types of syn-
thesized material.

Our experiments use two corpora. LIBRISPEECH is a
960 hour corpus of books read by non-professional speak-
ers [2] divided into a 460 hour “clean” portion and a 500

hour “other” partition. These partitions are created by speaker
splits with those speakers whose speech is easy to recognize
being put in the “clean” partition, and more difficult speakers
in “other”. We also use ISOLATED-SENTENCES, an internal
corpus of shorter utterances read in diverse recording condi-
tions. ISOLATED-SENTENCES contains 76 hours of material
across 201k utterances collected from 1,988 speakers. The
number of speakers in this corpus is similar to LIBRISPEECH,
but the total material is significantly less.

The connection with speech synthesis and speech recog-
nition has been explored previously (cf. Section 2). We draw
particular comparison with [3], prior work exploring speech
synthesis based data augmentation on LIBRISPEECH.

For speech synthesis, we use a Tacotron 2 [1] based multi-
speaker speech synthesis model with a WaveRNN vocoder
[4]. Specifics of the model are described in Section 3. We
train slightly different version of the synthesizer whether
training on LIBRISPEECH or ISOLATED-SENTENCES. For
speech recognition we use an end-to-end, encoder-decoder
with attention recognizer (cf. Section 4). We use the
same recognition model for LIBRISPEECH recognition and
ISOLATED-SENTENCES recognition.

We describe LIBRISPEECH data augmentation experi-
ments in Section 5. The synthesizer is capable of producing
speech from multiple speakers based on a fixed sized speaker
embedding. We describe different approaches to controlling
the speaker representation and report their impact on data
augmentation performance in Section 5.2. We also inves-
tigate how ASR performance is impacted as we reduce the
amount of human speech (cf. Section 5.3). This seeks to ad-
dress the question of whether training data can be replaced by
synthesized material and with what impact on performance.

Data augmentation is a well-established method to ap-
proximate noise and variability in training data to improve
robustness and generalizability at evaluation or inference time
[5]. Resynthesis of training utterances addresses speaker vari-
ability by generating multiple readings of the training utter-
ances from different (synthesized) speakers. However, this
speaker variability is only part of the variability that speech
recognition needs to be robust to; we expect a recognizer
to recognize lexically diverse utterances. To that end, we
demonstrate the use of speech synthesis to include unseen ut-
terances in the training data, resulting in a more robust recog-
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Map 1. Nasal language of southwest Sumatra 

 

1.1 Nasal in context 

1.1.1 Physical setting  
The Nasal language area is located in southern Bengkulu Province, about one hour’s drive down the 
coast from the nearest city, Bintuhan. The Nasal language group is composed of three villages just north 
of the Lampung Province border in the Kaur regency: Tanjung Betuah and Gedung Menung in Muara 
Nasal district, and Tanjung Baru in Maje district. As with nearly all groups in southern Sumatra, the 
Nasal people largely hold to the Islamic religion. Although close to the coast, the Nasal group seems 
primarily oriented culturally toward the Air Nasal,3 the river from which the group takes its name. The 
Nasal River is one of dozens of short rivers, their headwaters in the Bukit Barisan mountain range, 
                                                   
3 Air Nasal could also be translated ‘nasal fluid’, but we would not recommend it. 
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1.1 Nasal in context 

1.1.1 Physical setting  
The Nasal language area is located in southern Bengkulu Province, about one hour’s drive down the 
coast from the nearest city, Bintuhan. The Nasal language group is composed of three villages just north 
of the Lampung Province border in the Kaur regency: Tanjung Betuah and Gedung Menung in Muara 
Nasal district, and Tanjung Baru in Maje district. As with nearly all groups in southern Sumatra, the 
Nasal people largely hold to the Islamic religion. Although close to the coast, the Nasal group seems 
primarily oriented culturally toward the Air Nasal,3 the river from which the group takes its name. The 
Nasal River is one of dozens of short rivers, their headwaters in the Bukit Barisan mountain range, 
                                                   
3 Air Nasal could also be translated ‘nasal fluid’, but we would not recommend it. 
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Map 1. Nasal language of southwest Sumatra 

 

1.1 Nasal in context 

1.1.1 Physical setting  
The Nasal language area is located in southern Bengkulu Province, about one hour’s drive down the 
coast from the nearest city, Bintuhan. The Nasal language group is composed of three villages just north 
of the Lampung Province border in the Kaur regency: Tanjung Betuah and Gedung Menung in Muara 
Nasal district, and Tanjung Baru in Maje district. As with nearly all groups in southern Sumatra, the 
Nasal people largely hold to the Islamic religion. Although close to the coast, the Nasal group seems 
primarily oriented culturally toward the Air Nasal,3 the river from which the group takes its name. The 
Nasal River is one of dozens of short rivers, their headwaters in the Bukit Barisan mountain range, 
                                                   
3 Air Nasal could also be translated ‘nasal fluid’, but we would not recommend it. 
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Austronesian languages
Nasal (Sumatran subgroup) and Besemah (Malayic subgroup) 

share similarities in grammar and phonology due to intense contact

Language use and characteristics
Speakers of both languages speak Indonesian and are not 

mutually intelligible due to differences in their lexicons and 
aspects of stress and intonation
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4 hours per language 
80 % train (192 mins) / 10 % dev (24 mins) / 10 % test (24 mins)
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Image: Arun Babu, Changhan Wang, Andros Tjandra, Kushal Lakhotia, 
Qiantong Xu, Naman Goyal, Kritika Singh, Patrick von Platen, Yatharth Saraf, 
Juan Pino, Alexei Baevski, Alexis Conneau, and Michael Auli. 2021. XLS-R: 
Self-supervised Cross-lingual Speech Representation Learning at Scale.
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Image (modified): Arun Babu, Changhan Wang, Andros Tjandra, Kushal Lakhotia, 
Qiantong Xu, Naman Goyal, Kritika Singh, Patrick von Platen, Yatharth Saraf, Juan Pino, 
Alexei Baevski, Alexis Conneau, and Michael Auli. 2021. XLS-R: Self-supervised Cross-
lingual Speech Representation Learning at Scale.
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Figure 2: Visualization of the TTS-based approach, where synthetic speech is generated by an existing TTS model
(trained on a separate two-hour single-speaker dataset), and new models are subsequently trained on both manually
transcribed speech and synthetic speech.

(a) Results for the Gronings test set. (b) Results for the West-Frisian test set.

(c) Results for the Besemah test set. (d) Results for the Nasal test set.

Figure 3: WERs for the test sets of Gronings, West-Frisian, Besemah, and Nasal using varying amounts of training
data. Hatched bars indicate when additional training data generated by self-training (ST) was used.

fine-tune the model. Additionally, when a model
was fine-tuned on data obtained using self-training,
the performance gains were minimal (up to 1.7%
improvement).

5.2 Additional Generated Training Data

The effect of using additional augmented training
data on ASR model performance is visualized in
Figure 5a. To better evaluate these results, we also
added the self-training results shown in Figure 3a

to this figure. Our results for self-training show
that increasing the amount of automatically gener-
ated fine-tuning data is beneficial, albeit to a lesser
extent than the benefit of using the first set of 168
minutes of speech with automatically generated
transcriptions. Nevertheless, the performance of
the model fine-tuned using 24 minutes of manually
transcribed speech data plus 672 minutes of speech
data with automatically generated transcriptions
yields a relative WER reduction of 20.5% com-

Improving
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Although the transcripts generated by the 24-minute model 
might contain some errors, the model likely benefits from the 

larger amount of training data
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This effect diminishes when more manually transcribed training 
data is used

The baseline gets stronger and the added value of adding the 
labels obtained through self-training becomes less
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(a) Results for the regular Gronings test set. (b) Results for the out-of-domain Gronings test set.

Figure 5: WERs for the regular test set and out-of-domain test set of Gronings when additional training data
generated by self-training (ST) or a text-to-speech system (TTS) was used.

ditional data obtained through iterative self-training
performed almost as well as a model fine-tuned on
double the amount of manually transcribed speech
data. Importantly, self-training only requires col-
lecting additional unlabeled speech data, which is
typically much easier to obtain than transcribed
speech, making it a valuable approach for low-
resource languages.

Moreover, using an existing TTS system for gen-
erating additional synthetic training data was like-
wise shown to be beneficial. We observed that the
benefit of augmenting the training data via the TTS
system yielded larger performance gains (even on
par with a model fine-tuned on four times the mini-
mum amount of manually transcribed speech data
we considered) than using the iterative self-training
procedure. However, in contrast to self-training, no
beneficial effect was present when increasing the
amount of generated data. This pattern held true
irrespective of using the general test set for evalua-
tion or an out-of-domain test set instead. While not
many minority languages have a suitable TTS sys-
tem available, generating speech data using such a
system is very easy as it only requires written text.
Of course, our results also show that when the ma-
terial is available to train a TTS system (i.e. using
audio recordings and associated transcriptions) it
is likely better to use these resources directly for
training the ASR system.

While we showed the benefit of iterative self-
training when a very small amount of training data
is available, the benefit of supplying more and more
self-trained training data was diminishing. Our re-
sult extends the findings for English by Xu et al.

(2020) to a new set of languages variants. It is pos-
sible that the transcriptions generated by a specific
teacher model in the self-training approach con-
tain useful information, but that this is negated to a
large extent by the generated errors of the model.
As teacher models fine-tuned on larger amounts of
manually transcribed training data are expected to
yield higher quality transcriptions (as shown in e.g.,
San et al. 2022), the effect of generating more data
might be more beneficial in these cases. However,
this should be investigated in future work.

When using the TTS system for augmenting our
training data, we did not see a benefit of increas-
ing the amount of generated synthetic speech. As
the additional training data represents data from a
single speaker (as the TTS system was trained on
the basis of data from a single speaker), the model
might have been been overfitting to that specific
speaker. Future work, therefore, needs to inves-
tigate alternatives (or additions) to using a TTS
system for generating additional training data. For
example, by investigating whether model perfor-
mance can be improved using speaker adaptation
methods or cross-lingual voice conversion (e.g.,
Rossenbach et al. 2020b; Baas and Kamper 2022).

We found only minor performance gains when
we fine-tuned the XLS-R model that was further pre-
trained on Gronings (using all training and devel-
opment data). Specifically, self-training appeared
to have greater performance gains than continuing
pre-training (CPT), and combining CPT and self-
training only marginally improved results. Given
the large computational cost of CPT as opposed to
the two data augmentation methods, it is clear that
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(a) Results for the regular Gronings test set. (b) Results for the out-of-domain Gronings test set.

Figure 5: WERs for the regular test set and out-of-domain test set of Gronings when additional training data
generated by self-training (ST) or a text-to-speech system (TTS) was used.

ditional data obtained through iterative self-training
performed almost as well as a model fine-tuned on
double the amount of manually transcribed speech
data. Importantly, self-training only requires col-
lecting additional unlabeled speech data, which is
typically much easier to obtain than transcribed
speech, making it a valuable approach for low-
resource languages.

Moreover, using an existing TTS system for gen-
erating additional synthetic training data was like-
wise shown to be beneficial. We observed that the
benefit of augmenting the training data via the TTS
system yielded larger performance gains (even on
par with a model fine-tuned on four times the mini-
mum amount of manually transcribed speech data
we considered) than using the iterative self-training
procedure. However, in contrast to self-training, no
beneficial effect was present when increasing the
amount of generated data. This pattern held true
irrespective of using the general test set for evalua-
tion or an out-of-domain test set instead. While not
many minority languages have a suitable TTS sys-
tem available, generating speech data using such a
system is very easy as it only requires written text.
Of course, our results also show that when the ma-
terial is available to train a TTS system (i.e. using
audio recordings and associated transcriptions) it
is likely better to use these resources directly for
training the ASR system.

While we showed the benefit of iterative self-
training when a very small amount of training data
is available, the benefit of supplying more and more
self-trained training data was diminishing. Our re-
sult extends the findings for English by Xu et al.
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sible that the transcriptions generated by a specific
teacher model in the self-training approach con-
tain useful information, but that this is negated to a
large extent by the generated errors of the model.
As teacher models fine-tuned on larger amounts of
manually transcribed training data are expected to
yield higher quality transcriptions (as shown in e.g.,
San et al. 2022), the effect of generating more data
might be more beneficial in these cases. However,
this should be investigated in future work.

When using the TTS system for augmenting our
training data, we did not see a benefit of increas-
ing the amount of generated synthetic speech. As
the additional training data represents data from a
single speaker (as the TTS system was trained on
the basis of data from a single speaker), the model
might have been been overfitting to that specific
speaker. Future work, therefore, needs to inves-
tigate alternatives (or additions) to using a TTS
system for generating additional training data. For
example, by investigating whether model perfor-
mance can be improved using speaker adaptation
methods or cross-lingual voice conversion (e.g.,
Rossenbach et al. 2020b; Baas and Kamper 2022).

We found only minor performance gains when
we fine-tuned the XLS-R model that was further pre-
trained on Gronings (using all training and devel-
opment data). Specifically, self-training appeared
to have greater performance gains than continuing
pre-training (CPT), and combining CPT and self-
training only marginally improved results. Given
the large computational cost of CPT as opposed to
the two data augmentation methods, it is clear that
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(a) Results for the regular Gronings test set. (b) Results for the out-of-domain Gronings test set.

Figure 5: WERs for the regular test set and out-of-domain test set of Gronings when additional training data
generated by self-training (ST) or a text-to-speech system (TTS) was used.
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double the amount of manually transcribed speech
data. Importantly, self-training only requires col-
lecting additional unlabeled speech data, which is
typically much easier to obtain than transcribed
speech, making it a valuable approach for low-
resource languages.
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system yielded larger performance gains (even on
par with a model fine-tuned on four times the mini-
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irrespective of using the general test set for evalua-
tion or an out-of-domain test set instead. While not
many minority languages have a suitable TTS sys-
tem available, generating speech data using such a
system is very easy as it only requires written text.
Of course, our results also show that when the ma-
terial is available to train a TTS system (i.e. using
audio recordings and associated transcriptions) it
is likely better to use these resources directly for
training the ASR system.

While we showed the benefit of iterative self-
training when a very small amount of training data
is available, the benefit of supplying more and more
self-trained training data was diminishing. Our re-
sult extends the findings for English by Xu et al.

(2020) to a new set of languages variants. It is pos-
sible that the transcriptions generated by a specific
teacher model in the self-training approach con-
tain useful information, but that this is negated to a
large extent by the generated errors of the model.
As teacher models fine-tuned on larger amounts of
manually transcribed training data are expected to
yield higher quality transcriptions (as shown in e.g.,
San et al. 2022), the effect of generating more data
might be more beneficial in these cases. However,
this should be investigated in future work.

When using the TTS system for augmenting our
training data, we did not see a benefit of increas-
ing the amount of generated synthetic speech. As
the additional training data represents data from a
single speaker (as the TTS system was trained on
the basis of data from a single speaker), the model
might have been been overfitting to that specific
speaker. Future work, therefore, needs to inves-
tigate alternatives (or additions) to using a TTS
system for generating additional training data. For
example, by investigating whether model perfor-
mance can be improved using speaker adaptation
methods or cross-lingual voice conversion (e.g.,
Rossenbach et al. 2020b; Baas and Kamper 2022).

We found only minor performance gains when
we fine-tuned the XLS-R model that was further pre-
trained on Gronings (using all training and devel-
opment data). Specifically, self-training appeared
to have greater performance gains than continuing
pre-training (CPT), and combining CPT and self-
training only marginally improved results. Given
the large computational cost of CPT as opposed to
the two data augmentation methods, it is clear that
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(a) Results for the regular Gronings test set. (b) Results for the out-of-domain Gronings test set.

Figure 5: WERs for the regular test set and out-of-domain test set of Gronings when additional training data
generated by self-training (ST) or a text-to-speech system (TTS) was used.
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performed almost as well as a model fine-tuned on
double the amount of manually transcribed speech
data. Importantly, self-training only requires col-
lecting additional unlabeled speech data, which is
typically much easier to obtain than transcribed
speech, making it a valuable approach for low-
resource languages.

Moreover, using an existing TTS system for gen-
erating additional synthetic training data was like-
wise shown to be beneficial. We observed that the
benefit of augmenting the training data via the TTS
system yielded larger performance gains (even on
par with a model fine-tuned on four times the mini-
mum amount of manually transcribed speech data
we considered) than using the iterative self-training
procedure. However, in contrast to self-training, no
beneficial effect was present when increasing the
amount of generated data. This pattern held true
irrespective of using the general test set for evalua-
tion or an out-of-domain test set instead. While not
many minority languages have a suitable TTS sys-
tem available, generating speech data using such a
system is very easy as it only requires written text.
Of course, our results also show that when the ma-
terial is available to train a TTS system (i.e. using
audio recordings and associated transcriptions) it
is likely better to use these resources directly for
training the ASR system.

While we showed the benefit of iterative self-
training when a very small amount of training data
is available, the benefit of supplying more and more
self-trained training data was diminishing. Our re-
sult extends the findings for English by Xu et al.

(2020) to a new set of languages variants. It is pos-
sible that the transcriptions generated by a specific
teacher model in the self-training approach con-
tain useful information, but that this is negated to a
large extent by the generated errors of the model.
As teacher models fine-tuned on larger amounts of
manually transcribed training data are expected to
yield higher quality transcriptions (as shown in e.g.,
San et al. 2022), the effect of generating more data
might be more beneficial in these cases. However,
this should be investigated in future work.

When using the TTS system for augmenting our
training data, we did not see a benefit of increas-
ing the amount of generated synthetic speech. As
the additional training data represents data from a
single speaker (as the TTS system was trained on
the basis of data from a single speaker), the model
might have been been overfitting to that specific
speaker. Future work, therefore, needs to inves-
tigate alternatives (or additions) to using a TTS
system for generating additional training data. For
example, by investigating whether model perfor-
mance can be improved using speaker adaptation
methods or cross-lingual voice conversion (e.g.,
Rossenbach et al. 2020b; Baas and Kamper 2022).

We found only minor performance gains when
we fine-tuned the XLS-R model that was further pre-
trained on Gronings (using all training and devel-
opment data). Specifically, self-training appeared
to have greater performance gains than continuing
pre-training (CPT), and combining CPT and self-
training only marginally improved results. Given
the large computational cost of CPT as opposed to
the two data augmentation methods, it is clear that
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(a) Results for the regular Gronings test set. (b) Results for the out-of-domain Gronings test set.

Figure 5: WERs for the regular test set and out-of-domain test set of Gronings when additional training data
generated by self-training (ST) or a text-to-speech system (TTS) was used.

ditional data obtained through iterative self-training
performed almost as well as a model fine-tuned on
double the amount of manually transcribed speech
data. Importantly, self-training only requires col-
lecting additional unlabeled speech data, which is
typically much easier to obtain than transcribed
speech, making it a valuable approach for low-
resource languages.

Moreover, using an existing TTS system for gen-
erating additional synthetic training data was like-
wise shown to be beneficial. We observed that the
benefit of augmenting the training data via the TTS
system yielded larger performance gains (even on
par with a model fine-tuned on four times the mini-
mum amount of manually transcribed speech data
we considered) than using the iterative self-training
procedure. However, in contrast to self-training, no
beneficial effect was present when increasing the
amount of generated data. This pattern held true
irrespective of using the general test set for evalua-
tion or an out-of-domain test set instead. While not
many minority languages have a suitable TTS sys-
tem available, generating speech data using such a
system is very easy as it only requires written text.
Of course, our results also show that when the ma-
terial is available to train a TTS system (i.e. using
audio recordings and associated transcriptions) it
is likely better to use these resources directly for
training the ASR system.

While we showed the benefit of iterative self-
training when a very small amount of training data
is available, the benefit of supplying more and more
self-trained training data was diminishing. Our re-
sult extends the findings for English by Xu et al.

(2020) to a new set of languages variants. It is pos-
sible that the transcriptions generated by a specific
teacher model in the self-training approach con-
tain useful information, but that this is negated to a
large extent by the generated errors of the model.
As teacher models fine-tuned on larger amounts of
manually transcribed training data are expected to
yield higher quality transcriptions (as shown in e.g.,
San et al. 2022), the effect of generating more data
might be more beneficial in these cases. However,
this should be investigated in future work.

When using the TTS system for augmenting our
training data, we did not see a benefit of increas-
ing the amount of generated synthetic speech. As
the additional training data represents data from a
single speaker (as the TTS system was trained on
the basis of data from a single speaker), the model
might have been been overfitting to that specific
speaker. Future work, therefore, needs to inves-
tigate alternatives (or additions) to using a TTS
system for generating additional training data. For
example, by investigating whether model perfor-
mance can be improved using speaker adaptation
methods or cross-lingual voice conversion (e.g.,
Rossenbach et al. 2020b; Baas and Kamper 2022).

We found only minor performance gains when
we fine-tuned the XLS-R model that was further pre-
trained on Gronings (using all training and devel-
opment data). Specifically, self-training appeared
to have greater performance gains than continuing
pre-training (CPT), and combining CPT and self-
training only marginally improved results. Given
the large computational cost of CPT as opposed to
the two data augmentation methods, it is clear that
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cost-effective way to improve low-resource ASR 
performance in a real-world setting
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We found that:

• Data augmentation techniques may serve as a 
cost-effective way to improve low-resource ASR 
performance in a real-world setting

• The largest performance gains were observed 
when increasing the amounts of manually 
transcribed data

• To help researchers to include real-world data 
into their analysis and applications, we released 
our datasets in addition to our code and models
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Abstract
Modern deep learning models often achieve high
overall performance, but consistently fail on spe-
cific subgroups. Group distributionally robust
optimization (group DRO) addresses this prob-
lem by minimizing the worst-group loss, but it
fails when group losses misrepresent performance
differences between groups. This is common
in domains like speech, where the widely used
connectionist temporal classification (CTC) loss
scales with input length and varies with linguis-
tic and acoustic properties, leading to spurious
differences between group losses. We present
CTC-DRO, which addresses the shortcomings
of the group DRO objective by smoothing the
group weight update to prevent overemphasis on
consistently high-loss groups, while using input
length-matched batching to mitigate CTC’s scal-
ing issues. We evaluate CTC-DRO on the task of
multilingual automatic speech recognition (ASR)
across five language sets from the ML-SUPERB
2.0 benchmark. CTC-DRO consistently out-
performs group DRO and CTC-based baseline
models, reducing the worst-language error by up
to 47.1% and the average error by up to 32.9%.
CTC-DRO can be applied to ASR with minimal
computational costs, and offers the potential for
reducing group disparities in other domains with
similar challenges.

1. Introduction
State-of-the-art deep learning models are often highly
accurate on training data populations, while consis-
tently underperforming on specific subpopulations or

*Equal contribution 1Department of Computer Science, Stan-
ford University, Stanford, USA 2Toyota Technological Insti-
tute at Chicago, Chicago, USA. Correspondence to: Mar-
tijn Bartelds <bartelds@stanford.edu>, Ananjan Nandi <anan-
jan@stanford.edu>.

Preprint.

groups (Hashimoto et al., 2018; Duchi et al., 2023). One
practical setting where this issue has very large effects is
multilingual automatic speech recognition (ASR), where
performance varies substantially between languages (Rad-
ford et al., 2023; Pratap et al., 2024; Shi et al., 2024). Such
models, which jointly perform language identification (LID)
and ASR in many languages, could help improve accessi-
bility and increase digital participation for speakers world-
wide (Besacier et al., 2014).

Distributionally robust optimization (DRO), particularly
group DRO (Sagawa et al., 2020), has the potential to miti-
gate language disparities in multilingual ASR. group DRO
improves group robustness by dynamically up-weighting
high-loss groups during training. However, it requires
comparable training losses between groups to perform
well (Oren et al., 2019; Sagawa et al., 2020), and this con-
dition is often not met in ASR model training, because of
differences in input length and speaker and acoustic charac-
teristics across language-specific datasets. In this paper
we focus on a training approach that has been success-
ful in recent multilingual ASR benchmarks: pre-trained
self-supervised models fine-tuned with the connectionist
temporal classification (CTC; Graves et al., 2006) objec-
tive (Rouditchenko et al., 2023; Chen et al., 2024; Pratap
et al., 2024). Differences in CTC-based training losses due
to length, speaker, and acoustics may lead to varying magni-
tudes and irreducible components of losses across different
groups. As a result, some groups with disproportionately
high losses may dominate training with group DRO, caus-
ing under-training of the other groups, and ultimately nega-
tively impacting overall downstream performance (S!owik
& Bottou, 2022).

To address these issues, we present CTC-DRO, which
optimizes a generalization of the group DRO objective,
specifically by smoothing the up-weighting of high-loss
groups. This new objective prevents overemphasis on
groups with consistently and disproportionately high train-
ing losses. Also, we use length-matched group losses
to mitigate the scaling properties of CTC. We evaluate
CTC-DRO using language subsets randomly selected from
the ML-SUPERB 2.0 (Shi et al., 2024) benchmark. In this
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CTC-DRO: Reducing Language Disparities in Speech Recognition

Table 1: Overview of the included language sets, which
are originally obtained from CommonVoice (CV; Ardila
et al., 2020), FLEURS, Googlei18n open-source project
(GOP; Sodimana et al., 2018; Kjartansson et al., 2020; He
et al., 2020), Living Audio dataset (LAD; Braude et al.,
2019), M-AILABS Speech Dataset (MSD; Solak, 2019),
NCHLT Speech Corpus (NCHLT; Barnard et al., 2014), and
VoxForge (VF; MacLean, 2018).

SET # LANGUAGES (ISO CODE, CORPUS)
1 CZECH (CES, CV), MANDARIN (CMN, FLEURS)

MIN NAN (NAN, CV), POLISH (POL, MSD)
ROMANIAN (RON, FLEURS), SPANISH (SPA, VF)

2 CANTONESE (YUE, FLEURS), CROATIAN (HRV, FLEURS)
ENGLISH (ENG, LAD), ITALIAN (ITA, FLEURS)
PERSIAN (FAS, CV), SLOVAK (SLK, FLEURS)

3 KHMER (KHM, FLEURS), KOREAN (KOR, FLEURS)
NORTHERN KURDISH (KMR, CV), NYNORSK (NNO, CV)
SOUTHERN NDEBELE (NBL, NCHLT), TATAR (TAT, CV)

4 SINDHI (SND, FLEURS), SLOVENIAN (SLV, CV)
SOUTHERN SOTHO (SOT, GOP), SPANISH (SPA, MSD)
URDU (URD, FLEURS), WESTERN MARI (MRJ, CV)

5 ENGLISH (ENG, VF), GERMAN (DEU, VF)
HEBREW (HEB, FLEURS), JAPANESE (JPN, FLEURS)
RUSSIAN (RUS, FLEURS), SPANISH (SPA, FLEURS)

where I is the number of insertions, S the number of sub-
stitutions, and D the number of deletions in a minimum
edit distance alignment between the reference and system
output, and N is the number of characters in the reference
transcript. We report the CER of the worst-performing lan-
guage, as well as the average CER across languages. For
the CTC-DRO and group DRO models, we report the per-
formance of the model checkpoint with the largest CER
improvement on the worst-performing language relative to
the baseline on the development set.

5. Results
We present the results of our experiments using balanced and
additional training data in Table 2 and Table 3, respectively
(more detailed results in Appendix B). In line with previous
work (e.g., Pratap et al., 2024 and Shi et al., 2024), we
find substantial performance differences between languages
for our baseline models trained without group DRO or
CTC-DRO, as shown by the large difference between the
CER of the worst-performing language and the average
CER across languages (for more details see Appendix B).
This finding applies to each of the evaluated sets, regardless
of whether the training data for each of the languages is
balanced or unbalanced.

For each language set, CTC-DRO models achieve a lower
CER for the worst-performing language compared to the

Table 2: CER of the worst-performing language (MAX CER,
ISO code for the worst-performing language provided as
ISO), as well as the average CER (AVG CER) and LID
accuracy (LID) across languages (in %) for the baseline
models, group DRO models, and CTC-DRO models on
the test sets from the five language sets (indexed by the “#”
column). The best results for each language set and model
are highlighted.

SET MODEL TYPE MAX CER AVG CER LID
# (ISO) (→) (→) (↑)

1

MMS
BASELINE 60.8 (NAN) 23.4 97.4
GROUP DRO 86.6 (NAN) 30.5 78.7
CTC-DRO 56.8 (NAN) 22.9 95.8

XLS-R
BASELINE 64.9 (CMN) 25.2 92.6
GROUP DRO 78.4 (NAN) 30.0 87.8
CTC-DRO 57.6 (NAN) 22.5 89.5

2

MMS
BASELINE 49.4 (YUE) 15.8 98.4
GROUP DRO 55.5 (YUE) 20.7 98.2
CTC-DRO 44.4 (YUE) 15.0 96.2

XLS-R
BASELINE 68.8 (YUE) 19.0 94.2
GROUP DRO 58.8 (YUE) 21.6 87.0
CTC-DRO 45.0 (YUE) 15.8 89.3

3

MMS
BASELINE 34.2 (KOR) 16.1 98.5
GROUP DRO 34.0 (KOR) 22.0 98.7
CTC-DRO 31.3 (KHM) 15.3 98.7

XLS-R
BASELINE 33.2 (KHM) 17.0 99.2
GROUP DRO 38.0 (KHM) 25.1 97.2
CTC-DRO 32.2 (KHM) 17.7 97.9

4

MMS
BASELINE 24.0 (SND) 14.4 87.9
GROUP DRO 21.8 (URD) 14.9 91.9
CTC-DRO 18.4 (URD) 12.9 87.3

XLS-R
BASELINE 29.7 (URD) 14.6 88.4
GROUP DRO 25.6 (SLV) 18.6 83.5
CTC-DRO 24.2 (URD) 13.7 88.9

5

MMS
BASELINE 90.0 (JPN) 26.0 96.3
GROUP DRO 62.2 (JPN) 29.2 67.0
CTC-DRO 57.5 (JPN) 24.3 90.5

XLS-R
BASELINE 114.8 (JPN) 29.9 89.0
GROUP DRO 92.9 (JPN) 36.8 57.7
CTC-DRO 71.5 (JPN) 23.8 91.0

baseline and group DRO models. The largest improve-
ment is obtained on set 2 using XLS-R using all available
data, showing a relative CER reduction of 47.1% compared
to the baseline model. Note that CTC-DRO also results in
the best average CER in 13 out of 14 settings (seven sets
with two models each) compared to both the baseline and
group DRO models, leading to relative CER reductions up
to 32.9%. The only exception is for XLS-R in balanced set
3, where the average CER is slightly worse with CTC-DRO
(17.7%) than the baseline (17.0%). In terms of LID accu-
racy, CTC-DRO models improve over the baseline models
in seven out of 14 settings. In the remaining settings, the
LID accuracy already exceeds 87%, leaving little room for
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Abstract

Developing large audio language models (LMs) capable of understanding
diverse spoken interactions is essential for accommodating the multimodal
nature of human communication and can increase the accessibility of lan-
guage technologies across different user populations. Recent work on
audio LMs has primarily evaluated their performance on short audio seg-
ments, typically under 30 seconds, with limited exploration of long-form
conversational speech segments that more closely reflect natural user in-
teractions with these models. We introduce Brutally Long Audio Bench
(BLAB), a challenging long-form audio benchmark that evaluates audio
LMs on localization, duration estimation, emotion and counting tasks us-
ing audio segments averaging 51 minutes in length. BLAB consists of
833+ hours of diverse, full-length audio clips, each paired with human-
annotated, text-based natural language questions and answers. Our audio
data were collected from permissively licensed sources and underwent a
human-assisted filtering process to ensure task compliance. We evaluate
six open-source and proprietary audio LMs on BLAB, and find that all
of them, including advanced models such as Gemini 2.0 Pro and GPT-4o,
struggle with the tasks in BLAB. Our comprehensive analysis reveals key
insights into the trade-offs between task difficulty and audio duration. In
general, we find that audio LMs struggle with long-form speech, with
performance declining as duration increases. They perform poorly on
localization, temporal reasoning, counting, and struggle to understand
non-phonemic information, relying more on prompts than audio content.
BLAB serves as a challenging evaluation framework to develop audio LMs
with robust long-form audio understanding capabilities. 1

1 Introduction

Developing large audio language models (LMs) is essential for increasing accessibility
of language technologies (Chu et al., 2024; Gemini Team et al., 2024; Ghosh et al., 2024a;
OpenAI et al., 2024; Tang et al., 2024; Ghosh et al., 2025; Microsoft et al., 2025). Text
alone cannot fully capture the richness of human communication, which is inherently
multimodal, including not just words but a wide range of auditory cues, such as tone,
pitch, and rhythm. However, we lack a comprehensive understanding of current audio
LM capabilities, especially for longer audio fragments of conversational speech. Existing
benchmarks consider isolated utterances or short audio clips up to 30 seconds (Huang et al.,
2024; Sakshi et al., 2024; Yang et al., 2024) or at most 5 minutes (Ghosh et al., 2025), failing to
account for challenges associated with long-term dependencies (Chen et al., 2024), temporal
relationships, context retention, and evolving prosodic cues in long audio durations. The

1We provide data and code at https://github.com/orevaahia/brutally_long_audio_bench
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Abstract

Developing large audio language models (LMs) capable of understanding
diverse spoken interactions is essential for accommodating the multimodal
nature of human communication and can increase the accessibility of lan-
guage technologies across different user populations. Recent work on
audio LMs has primarily evaluated their performance on short audio seg-
ments, typically under 30 seconds, with limited exploration of long-form
conversational speech segments that more closely reflect natural user in-
teractions with these models. We introduce Brutally Long Audio Bench
(BLAB), a challenging long-form audio benchmark that evaluates audio
LMs on localization, duration estimation, emotion and counting tasks us-
ing audio segments averaging 51 minutes in length. BLAB consists of
833+ hours of diverse, full-length audio clips, each paired with human-
annotated, text-based natural language questions and answers. Our audio
data were collected from permissively licensed sources and underwent a
human-assisted filtering process to ensure task compliance. We evaluate
six open-source and proprietary audio LMs on BLAB, and find that all
of them, including advanced models such as Gemini 2.0 Pro and GPT-4o,
struggle with the tasks in BLAB. Our comprehensive analysis reveals key
insights into the trade-offs between task difficulty and audio duration. In
general, we find that audio LMs struggle with long-form speech, with
performance declining as duration increases. They perform poorly on
localization, temporal reasoning, counting, and struggle to understand
non-phonemic information, relying more on prompts than audio content.
BLAB serves as a challenging evaluation framework to develop audio LMs
with robust long-form audio understanding capabilities. 1

1 Introduction

Developing large audio language models (LMs) is essential for increasing accessibility
of language technologies (Chu et al., 2024; Gemini Team et al., 2024; Ghosh et al., 2024a;
OpenAI et al., 2024; Tang et al., 2024; Ghosh et al., 2025; Microsoft et al., 2025). Text
alone cannot fully capture the richness of human communication, which is inherently
multimodal, including not just words but a wide range of auditory cues, such as tone,
pitch, and rhythm. However, we lack a comprehensive understanding of current audio
LM capabilities, especially for longer audio fragments of conversational speech. Existing
benchmarks consider isolated utterances or short audio clips up to 30 seconds (Huang et al.,
2024; Sakshi et al., 2024; Yang et al., 2024) or at most 5 minutes (Ghosh et al., 2025), failing to
account for challenges associated with long-term dependencies (Chen et al., 2024), temporal
relationships, context retention, and evolving prosodic cues in long audio durations. The

1We provide data and code at https://github.com/orevaahia/brutally_long_audio_bench
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What is the total of individual 
voices present in this audio ?

Speaker number estimation

4 minutes 20 minutes

How many minutes was the accordion played for in this audio ? 
Event duration

Entire duration
What is the total duration of this entire audio in minutes only ? 

Counting

Duration

30 minutes

Localization Emotion

Word

Advertisement

Named entity

…from Seattle BioLabs will be here soon. But first! SparkleClean: goodbye stains, hello shine!

…from Seattle BioLabs will be here soon. But first! SparkleClean: goodbye stains, hello shine!

…from Seattle BioLabs will be here soon. But first! SparkleClean: goodbye stains, hello shine!

S S S S S S

S S S S S S

S S S S S S

Emotion reasoning
Which speaker in this audio gets the most 
frequent emotional support in the form of 
applause?  

Rate the valence of Ann’s emotion when she 
talks about visiting Times Square. 

Valence and Arousal ranking

Figure 1: Overview of BLAB, designed to test true multimodal understanding abilities of
audio LMs. It contains eight distinct audio tasks across four categories, namely localization,
counting, emotion, and duration estimation. †All images are designed by Freepik .

temporal dimension is particularly important for understanding long-form content, where
events unfold sequentially rather than as isolated units.

To address this gap, we introduce Brutally Long Audio Bench (BLAB), a comprehensive
benchmark for understanding and reasoning over audio samples with durations between
15 minutes and 2 hours. BLAB is comprised of 833+ hours of conversational speech
content across eight challenging tasks under four skill categories underlying fundamental
tasks, namely: localization, counting, emotion, and duration estimation. For instance,
BLAB assesses an audio LM’s ability to predict timestamps (localization) necessary for
audio retrieval and event detection, which, to the best of our knowledge, is not evaluated
in existing benchmarks. Compared to existing benchmarks, BLAB is substantially more
challenging due to the extensive length of the audio samples, which contain richer contextual
information. Our data is entirely sourced from Creative Commons-licensed videos on
YouTube, using a rigorous human-assisted filtering procedure to ensure diverse and high-
quality content (more details in §2).

Using BLAB, we conduct a comprehensive evaluation (§4) and in-depth analysis (§5) of
several frontier audio LMs. Our analysis reveals that even proprietary models, achieve an
average F1 score up to 3.02 on localization tasks (Gemini 2.0 Flash) and average exact match
accuracy up to 22.25 on the remaining tasks (Gemini 2.0 Pro), underscoring the complexity of
our benchmark and the limitations of current modeling approaches. We thoroughly analyze
model responses across all tasks and document key patterns, common errors, and areas
where models struggle the most. We find that audio duration plays a large role in model
performance in BLAB, as well as task complexity. Even though models struggle to perform
tasks in BLAB, we still observe considerable performance gaps between open-sourced and
proprietary models, especially Gemini.

These findings motivate new research on long-form audio processing. But the lack of
transparency regarding the training data and checkpoints of most models makes it challeng-
ing to thoroughly probe their results and understand their underlying mechanisms. This
highlights the urgent need for developing long-context open-source multimodal language
models trained on audio and text, where the data, model checkpoints, and training tech-
niques are fully documented and accessible. We will release all our data, code and model
generations for reproducibility and further research by the community.

2
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Task Metric (→) Gemini 2.0 Flash Gemini 2.0 Pro
Word Localization word F1 1.12 0.19

Advertisement localization Frame-level F1 4.93 0.15
NE Localization Frame-level F1 2.97 2.14

Speaker Number Estimation EMA 8.00 8.50
Valence and Arousal Ranking EMA 26.28 32.00

Emotion Reasoning EMA 54.54 64.29
Entire Duration EMA (without / with ±2 seconds offset) 0.50/3.50 0.00/2.50
Event Duration EMA (with / without ±2 seconds offset) 1.49/4.95 1.49/3.96

Table 2: Performance comparison of Gemini audio LMs across all BLAB long audio tasks.
Both models exhibit similar performance, generally achieving low performance across tasks.

audio samples and avoid biases by providing options, we restrict our benchmark to free-
form generation, except for emotion tasks (where the performance remains poor with or
without options). Also, prior work has suggested that multiple-choice question answering
is not always reliable, as distractor options are often either too plausible or models exploit
shortcuts to arrive at the correct answer (Palta et al., 2024; Balepur et al., 2025). For emotion,
confounders are generated by extracting plausible, contextually relevant answers from the
audio. We use greedy decoding for all models for reproducibility.

Prompt Formatting To ensure consistent outputs across different inputs and models, we
append task-specific suffixes to the original questions. For localization tasks, these suffixes
prompt the model to return JSON-formatted strings with start and end timestamps. For
duration and counting tasks, models are instructed to output a number only, without
additional explanation. In emotion tasks, which follow a multiple-choice format, the model
is prompted to select the most appropriate option from the provided choices. We provide
more details about our prompt formatting in Table 6 in the Appendix.

Metrics We use task-specific metrics to evaluate model performance on BLAB. For all
tasks, model outputs are post-processed to match the expected ground truth format.

For localization tasks, we compute precision and recall and both Frame-level F1 (Named
Entity Localization & Advertisement Localization), and Word-level (Word Localization) F1 scores.
Predictions that are malformed such as those containing only a single timestamp, without
indicating whether it is a start or end time are assigned a score of zero. Counting, duration
and emotion tasks are evaluated using exact match accuracy (EMA). For duration tasks,
we also report EMA scores with an offset of ±2 seconds to account for minor timing
discrepancies. More details about our evaluation metrics are given in Appendix A.1.

4 Results and Discussion

In Table 2, we present the performance of Gemini 2.0 Flash and Gemini 2.0 Pro on BLAB.
We discuss the performance on each of the tasks in more detail below.

4.1 Localization Tasks

Word localization appears the most challenging task in BLAB with both models performing
extremely poorly. Both Gemini models achieved F1 scores below 2%. These scores are
particularly noteworthy, as state-of-the-art word timing models typically achieve scores
close to 99% on these last two metrics, as noted by Sainath et al. (2020). 2We note that each
audio sample for this task contains an average of ↑10200 words. Gemini, due to its limited

2Out of 200 word localization examples, 26 predictions from Gemini Flash and 4 from Gemini
Pro were malformed—often returning only a single value instead of the required start and end
timestamps—and therefore received a score of zero.
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MHA

FFN

Conv Module

x 1/2

x 1/2

FFN

Layer Norm

(a) Conformer [10]

MHA

FFN

cgMLP

Merge

x 1/2

x 1/2

FFN

Layer Norm

(b) E-Branchformer [13]

Figure 1: Comparison of encoder architectures.

Swish activation [24] in between. Two separate FFNs with half-
step residual weights are employed as in Macaron-Net [25].
Unlike the vanilla Transformer [7], MHA uses relative posi-
tional encodings from Transformer-XL [26]. The key compo-
nent of Conformer is the Conv module which contains a point-
wise convolution followed by a gated linear unit (GLU) acti-
vation [27], a 1-D depth-wise convolution, a batch normaliza-
tion [28], a Swish activation and another point-wise convolu-
tion.

2.2. E-Branchformer

E-Branchformer [13] is an enhanced version of Branch-
former [12]. Figure 1b shows its architecture. Similar to Con-
former, it also has two Macaron-style FFNs. The difference
is that E-Branchformer contains two parallel branches between
the FFNs as proposed in Branchformer [12]. One branch cap-
tures global context using MHA while the other branch captures
local context using multi-layer perceptron with convolutional
gating (cgMLP) [29]. Two branches are merged by a concate-
nation operation, a 1-D depth-wise convolution and a linear pro-
jection, which is more effective than the simple concatenation
followed by a linear projection used in Branchformer. For input
X 2 RT⇥d, the output Yebf 2 RT⇥d is defined as follows:

X1
ebf = X+

1
2

FFN1(X), (6)

X2,mha
ebf , X2,mlp

ebf = MHA(X1
ebf), cgMLP(X1

ebf), (7)

X2
ebf = X1

ebf + Merge(X2,mha
ebf ,X2,mlp

ebf ), (8)

X3
ebf = X2

ebf +
1
2

FFN2(X2
ebf), (9)

Yebf = LayerNorm(X3
ebf), (10)

where X1
ebf,X

2,mha
ebf ,X2,mlp

ebf ,X2
ebf,X

3
ebf 2 RT⇥d are intermedi-

ate outputs. Figure 2 shows the architecture of cgMLP [29],
which leverages depth-wise convolution and linear gating to ex-
tract local contextual information. For input X1

ebf 2 RT⇥d, the
output X2,mlp

ebf is derived as follows:

Z = GeLU(LayerNorm(X1
ebf)U) 2 RT⇥dmlp , (11)

A,B = Split(Z) 2 RT⇥ 1
2 dmlp , (12)

Z̃ = A� DwConv(LayerNorm(B)) 2 RT⇥ 1
2 dmlp , (13)

X2,mlp
ebf = Dropout(Z̃V) 2 RT⇥d, (14)

where U 2 Rd⇥dmlp and V 2 R 1
2 dmlp⇥d are two linear projec-

tions. � denotes element-wise product.

Layer Norm

Linear

Split

Layer Norm

Depthwise Conv

GeLU

Linear

Dropout

Figure 2: Architecture of cgMLP [29].

3. Speech recognition experiments
3.1. Setups

Data. A total of 15 public ASR datasets are utilized, covering
various languages (English, Chinese, Spanish, Japanese, Italian,
or even multilingual with 102 languages), recording environ-
ments (clean, noisy, far-field), speech types (spontaneous, read),
and sizes (10 to 10k hours). Disordered speech from Aphasia-
Bank [30] is also evaluated. The evaluation metric is character
error rate (CER) or word error rate (WER). The total model
size and encoder’s multiply-accumulate operations (MACs) for
a 10-second audio are also reported.
Models. We mainly use the attention-based encoder-decoder
(AED) with joint CTC training and decoding [31, 32]. The en-
coder is either Conformer or E-Branchformer, while the de-
coder is a 6-layer Transformer. Log Mel filterbanks are ex-
tracted by default, except that FLEURS uses an SSL frontend
as in [33]. FLEURS also exploits intermediate CTC [34] and
self-condition CTC [35] in the encoder. We also conduct experi-
ments using pure CTC or RNN-T models in a subset of datasets.
Training. We follow the ESPnet2 recipes2 for data preparation,
model training and decoding. Most recipes perform speed per-
turbation with ratios {0.9, 1.0, 1.1} and SpecAugment [36]. A
medium-sized model with hidden size d = 256 is employed
by default. For FLEURS, GigaSpeech and LibriSpeech 960h, a
larger model with d = 512 is trained instead. The Adam opti-
mizer [37] with warmup learning rate schedule [7] is employed.
Training hyperparameters such as the learning rate, weight de-
cay and warmup steps are from existing baselines. We will re-
lease our detailed setups to ensure reproducibility.

3.2. Results

Table 1 summarizes the ASR results of AED models with joint
CTC, which is the most widely used setup in ESPnet. Compared
to those well-established Conformer baselines, E-Branchformer
achieves comparable or superior results with a similar model
size and computational complexity in almost all benchmarks.
We have only observed a slight degradation in one set among
39 evaluation sets across 15 corpora. The improvements
are especially remarkable in AphasiaBank, CHiME4, Fisher-
Callhome, FLEURS, JSUT, MuST-C and TEDLIUM2, indicat-
ing that E-Branchformer has strong modeling capacities for var-
ious speech types.

Conformer configurations can vary across different
datasets, with some datasets benefiting from deeper networks
while others may benefit from wider networks. Table 2 com-
pares E-Branchformer with two Conformer baselines in four

2https://github.com/espnet/espnet/tree/
master/egs2
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