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ABSTRACT

Unsupervised speech recognition (unsupervised ASR) aims to learn
the ASR system with non-parallel speech and text corpus only.
Wav2vec-U [1]] has shown promising results in unsupervised ASR
by self-supervised speech representations coupled with Genera-
tive Adversarial Network (GAN) training, but the robustness of
the unsupervised ASR framework is unknown. In this work, we
further analyze the training robustness of unsupervised ASR on
the domain mismatch scenarios in which the domains of unpaired
speech and text are different. Three domain mismatch scenarios
include: (1) using speech and text from different datasets, (2) uti-
lizing noisy/spontaneous speech, and (3) adjusting the amount of
speech and text data. We also quantify the degree of the domain
mismatch by calculating the JS-divergence of phoneme n-gram be-
tween the transcription of speech and text. This metric correlates
with the performance highly. Experimental results show that do-
main mismatch leads to inferior performance, but a self-supervised
model pre-trained on the targeted speech domain can extract better
representation to alleviate the performance drop.

Index Terms— Unsupervised ASR, Generative Adversarial
Network, Robustness

1. INTRODUCTION

Automatic speech recognition (ASR) is a long-standing research
area that predicts transcriptions given the input speech feature. The
performance of ASR has rapidly improved due to the deep learn-
ing method with an increasing amount of labeled data. However,
collecting hundreds or thousands of hours of paired speech and text
data is costly and even infeasible for the low-resource or endangered
languages.

On the other hand, unsupervised ASR aims only to leverage un-
paired speech and text data for training an ASR system. Unsuper-
vised ASR systems learn the cross-modal mapping between speech
and text [2, 13} 14} 5L |6]. In particular, [S] and [6] propose to learn
the mapping by Generative Adversarial Network (GAN) [7]. They
demonstrate encouraging results for completely unsupervised ASR
training, but the performance is still far from the supervised ASR
system. Notably, a recent work named Wav2vec-U [1]] has shown
remarkable performance breakthroughs in unsupervised ASR. The
performance is comparable with some supervised methods [819,[10].

This paper intends to investigate the robustness of Wav2vec-U
under three different domain mismatch scenarios, where the domain
of unpaired speech and text are different. Figurem shows the main
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Fig. 1. A brief illustration of our work.

concept of our work. The three scenarios are as below:
Content dissimilarity: One major experiment in Wav2vec-U is
trained with an unpaired speech from Librispeech [11] and text from
Librispeech language modeling corpus, which both come from the
audiobook but are collected in speech and text form, respectively.
The experimental setup is unrealistic in the unsupervised learning
scenario because no prior knowledge about speech transcription ex-
ists. The intrinsic properties of the selected text corpus and speech
data may be reasonably different. Therefore, we investigate the
robustness of Wav2vec-U by utilizing the speech and text that come
from different datasets to simulate dissimilarities in content.
Spontaneous speech: The audio data used in the training of
Wav2vec-U, even in low-resource experiments, are all read speech.
Read speech is clean and well-structured; on the other hand, real-
world speech data contains noises and disfluencies. Furthermore,
real-world speech lacks literary expressions and causes dissimi-
larity to text corpus in content. To investigate the robustness of
Wav2vec-U with real-world speech, we conduct further experiments
on spontaneous speech datasets such as conversational speech and
live talk, which is real-time generated with the casual styles.
Quantity limitation: The results of Wav2vec-U show that it is
possible to train an unsupervised ASR model by a minimal amount
of speech and text from the audiobook. However, in the domain-
mismatched conditions, whether we can still use a limited amount
of data to train an unsupervised ASR model is under-explored. The
more significant variance present in fewer data intensifies the de-
gree of domain mismatch. Hence, we restrict the amount of data in
domain mismatch conditions for testing the training robustness.
The main findings of our work are listed below:

* When the content of speech and text is dissimilar, using a
large amount of text retains the performance, but reducing to
the small amount of texts considerably degrades the results.

* We discover that 4-gram information distribution of phoneme
is critical for successfully training the GAN-based unsuper-
vised ASR model.

* Self-supervised pre-training on targeted speech domain en-
ables extracting better feature representation and significantly
improves the performance.



modeling data with the
Libri-Light removed [[14] !

Corpus LibriLM Wiki NewsCrawl ImageC

Domain Literature Encyclopedia News Image Caption
Size (word) 635M 82M 432M 33M
Description Librispeech language Extracted from Extracted article text Combination of COCO [12]

the set of verified
“Good” and “Featured”
articles on Wikipedia [[15]

from multiple online news
publications?

and Conceptual Caption [13]]
containing annotated and
web-scraped image captions.

Table 1. Descriptions of text corpora.

Name Domain Size (hr) Speech Characteristics
Librispeech train-960 [11] Read Literature 960 Read speech, speak clearly
SwitchBoard [16] Telephone conversation 300 Spontaneous, noisy, speak fast
TED-LIUM v3 [17] Live talk 452 Spontaneous, little noise, speak clearly

Table 2. Descriptions of speech dataset

2. GAN-BASED UNSUPERVISED ASR

Unsupervised ASR takes audio signals as input and outputs the
phoneme sequences without phoneme-labeled supervision. [ first
proposes to cluster the speech embedding into discrete tokens and
applies Generative Adversarial Network [7] to learn a mapping ma-
trix that aligns discrete acoustic sequences and phoneme sequences.
Although this pioneering work shows encouraging preliminary re-
sults, the method requires annotations of phoneme boundaries.
[6] propose to use unsupervised audio segmentation approaches
as the initial segmentation, then adopting Hidden Markov Model
(HMM)/GAN harmonization to refine the segmentation boundaries
iteratively. This method does not need any annotated phoneme
boundaries and can even improve performance.

Recently, Wav2vec-U [1] has shown promising results in un-
supervised speech recognition using self-supervised speech repre-
sentation coupled with GAN training and self-training. Specifically,
they extract acoustic representation by the self-supervised pre-
trained model, Wav2vec 2.0 [[18]], which consists of a convolutional
feature encoder to convert raw waveform into latent representa-
tion and a Transformer [19] for learning context representation by
the self-supervised objective. Next, they cluster the representa-
tions extracted by Wav2vec 2.0, apply PCA to reduce dimension,
and mean-pool the representations in the same cluster to generate
condensed segment representations. They apply GAN to map the
segment representation to phoneme prediction, and the preliminary
phoneme prediction has already outperformed previous work by a
large margin. Finally, to further refine the prediction, they adopt
self-training for HMM, which retrains HMMs by treating GAN out-
puts as pseudo labels or fine-tuning another Wav2vec 2.0 model by
pseudo labels. After subsequent self-training, the error rate is close
to the supervised ASR model. [][]

3. EXPERIMENTAL SETUP

The primary interest of this work is to examine the robustness of the
state-of-the-art unsupervised ASR method, Wav2vec-U. Our work
focuses on how domain mismatch affects cross-modal GAN training,
so we do not use tricks like HMM self-training and fine-tuning for
refinement. We measure the phoneme error rate (PER) of the Viterbi-
decoded generator output.

Lhttps://github.com/flashlight/wav2letter/tree/main/recipes/sota/2019
2http://www.statmt.org/wmt14/translation-task.html

3.1. Data preparation

We designed three main testing setups, and the data information is
in Table[Mland 2

Content dissimilarity: We test the GAN performance when the text
corpus represents different domains, including encyclopedia (Wiki),
News (NewsCrawl), and image captions (ImageC). The vocabulary
usages and narrative styles are pretty dissimilar among them. For in-
stance, the text in News is used to report current affairs, whereas the
ImageC text consists of descriptions of images. The sentence length
for ImageC is short, and adjectives and nouns consist of a larger pro-
portion.

Spontaneous speech: We regard spontaneous speech as the domain
mismatched speech because it is naturally generated and relatively
easy to collect. We choose the SwitchBoard dataset to represent
telephone/conversational speech and the TED-LIUM v3 dataset for
lectures/monologue. The quality of the TED talk speech is clean and
includes multiple types of oratory skills by the speakers. In contrast,
the speech in the SwitchBoard contains telephone channel noise, dis-
fluency, and various speaking styles.

Quantity limitation: [1] successfully trained Wav2vec-U with 9.6
hours of LibriSpeech and 3k text sentences in LibriLM. We are inter-
ested in how the low amount of speech and text data affects perfor-
mance when the content of speech and text are mismatched. There-
fore, we cap the speech data to 10 hours and the text data to 3k or
30k sentences and repeat experiments in the first two settings.

3.2. Implementation Details

We train unsupervised speech recognition using the official codeﬂ
All the English text corpora are transformed to phoneme by grapheme-
to-phoneme conversion [20] and pre-processed with 0.25 rate of
silence token insertion as [1]]. The speech pre-processing involves
silence removal by the unsupervised robust voice activity detection
(rVAD) [21]] and audio representation extracted by self-supervised
pre-training speech model. Specifically, we leverage two kinds of
pre-trained Wav2vec 2.0 Large model [18]. One is only pre-train on
reading speech from Libri-Light [22]] (w2v2), the other is pre-train
on heterogeneous sources, including Libri-Light, CommonVoice
[23]], Switchboard [16] and Fisher [24]][25]) from [26] (wZvZ-allﬂ
The training and evaluation are based on the standard training

3https://github.com/pytorch/fairseq/tree/main/examples/wav2vec
/unsupervised

4Both pre-trained models’ checkpoint are open-source and can be down-
loaded on https://github.com/pytorch/fairseq/tree/main/examples/wav2vec
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Speech Text
Corpus [ Hour | LibriLM [ Wiki [ NewsCrawl [ ImageC [ matched* [ unmatched*

Full amount of speech
Librispeech train 960 20.25 26.02 21.83 31.59 N/A N/A
TED-LIUM v3 452 31.62 35.21 32.05 41.87 28.13 N/A
SwitchBoard 300 92.10 93.08 95.25 80.15 35.80 N/A
SwitchBoard-w2v2-all | 300 44.38 94.12 43.44 72.10 32.34 N/A

Little amount of speech

Librispeech train 9.6 22.51 29.03 24.65 105.00 - -

TED-LIUM v3 10 36.01 88.26 33.52 85.92 29.13 32.44
SwitchBoard 10 95.86 - - - 95.13 93.48
SwitchBoard-w2v2-all 10 92.10 - - - 96.14 93.48

Table 3. Phoneme Error Rate (PER) of different speech-text corpus pairs. If not specified, we use w2v2 for feature extraction. We use the
entire text data of the text corpus in Table[Il A dashed line denotes that we do not experiment on that combination because experimental
results in the most feasible setting (speech/in-domain exact matched text) have already failed to converge (higher than 90% PER). Therefore,
we expect those speech and out-of-domain text combinations to fail with a PER around 90, and the exact numerical PER result is no longer
meaningful in that range. N/A denotes that the combination is non-applicable.

Speech Text
Name Hour | LibriLM | Wiki | NewsCrawl | ImageC | matched* | unmatched*
Librispeech train | 960 0.0058 | 0.1697 0.0785 0.2635 N/A N/A
Librispeech train | 9.6 0.0720 | 0.2228 0.1375 0.3003 - -
SwitchBoard 300 0.1357 | 0.2513 0.1499 0.3174 0 N/A
SwitchBoard 10 0.2248 | 0.3339 0.2407 0.3869 0 0.0866
TED-LIUM v3 452 0.0880 | 0.1825 0.0841 0.2678 0 N/A
TED-LIUM v3 10 0.1909 | 0.2855 0.1928 0.3452 0 0.1014

Table 4. 4-gram JS-Divergence of different speech-text corpus pairs. We use the entire text data of the text corpus in Table[I}] N/A denotes

that the combination is non-applicable

and validation split for Librispeech and TED-LIUM v3. There is no
standard split for Switchboard, so we create the training/validation
set by 80/20 random sampling ratio. The content of two settings:
“matched” and “unmatched” depends on the speech dataset; the
matched set is the transcription of the speech dataset, while the
unmatched setting is the transcription of the unused portion in the
speech dataset. If the entire audio dataset is used for training, such
as the Librispeech train-960 dataset, the “unmatched” set does not
exist. For hyperparameter settings, we set code penalty to 4, gradient
penalty to 2, and smoothness weight to 0.5. We train 150000 steps
with a batch size of 128. Following the unsupervised model selec-
tion metric in Wav2vec-U, we use the perplexity of the phoneme
language model to choose the best model. Each setup is trained with
three random seeds and reports the average PER.

3.3. Domain mismatch measurement

To quantify the content difference between speech and text, we use
the phoneme sequence of speech transcription and text to count the
n-grams, then converting counting into n-gram phoneme distribu-
tions. Finally, we measure the n-gram Jensen-Shannon Divergence
(JSD) between the two distributions to estimate the extent of domain
mismatch between speech and text content.

JSD is a smoothed symmetric version of the Kullback—Leibler
divergence (KLD), and the formula for JSD between two distribu-
tions P and Q is:

Q+P Q+P

JSD(PIIQ)**KLD(PH )+ 5 KLD(QH )

with
P(x)
Q(z)

KLD(P||Q) =Y _ P(x)

4. EXPERIMENTAL RESULTS

We conclude the experimental results with three critical questions
about Wav2vec-U training robustness.
4.1. How do different text influence the performance?

We apply JSD to measure the degree of content dissimilarity. Table
[ shows the 4-gram JSD of experimented speech-text corpora pairs.
For the matched setup, the JSD is always zero. As expected, the
JSD between Librispeech and LibriLM is very low. For spontaneous
speech such as TED-LIUM and SwitchBoard, pairing with both Lib-
riLM and NewsCrawl produce similar low scores. The 4-gram dis-
tribution is larger when the text corpus is the Wiki or ImageC, sug-
gesting their content is more dissimilar to spontaneous speech.

The results of PER under different settings are in Table[3] Pair-
ing the PER results in Table 3] the corresponding JSD in Table 4]
we observe a correlation between n-gram JSD and the performance,
so we plotted the n-gram JSD to PER for Librispeech-960 exper-
iments in Figure [2] where we analyze phoneme collocations from
length 1 to 4. Our experiments observe that the PER rises sharply
when 4-gram JSD increases to a certain degree. For 3-gram, the
boundary is not perfect but provides rough guidance, while such a
boundary is nonexistent in both 1-gram and 2-gram. We can there-
fore infer that the GAN training mainly relies on 3-gram and 4-gram
information. Since the 4-gram JSD is the most discriminant among
our experimented n-grams, we only focus on 4-grams in the follow-
ing sections, and we refer trainability threshold as the 4-gram JSD
value that corresponds to the large PER gap around 40 to 60.

4.2. Does spontaneous speech influence the performance?

In the upper part of Table |3|labeled with “Full amount of speech”,
the resulting PER shows that we can successfully train GAN with
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TED talk speech paired with all kinds of text corpora. As for the re-
sults of Switchboard, when the feature representations are extracted
from w2v2, only training with matched text is successful. The unde-
sirable performance may come from telephone noise, disfluency in
spoken conversation, and diversity of speaking styles, which degrade
the feature representation extracted from w2v2. The poor represen-
tations result in less accurate speech segmentation and further hinder
GAN training.

We leverage w2v2-all for feature extraction to extract better
feature representations, which is pre-trained on broad domains, in-
cluding Switchboard. Table [3]demonstrates encouraging results that
w2v2-all improve PER from 92.10 to 44.38 with LibirLM and 95.23
to 43.44 with NewsCrawl. This result indicates that the quality of
representation is crucial for training unsupervised ASR and self-
supervised pre-training on target-domain speech helps extract better
representations, significantly improving GAN performance.

In the 4-gram JSD-PER plot of different speech data (Figure
2), the trainability threshold changes depending on the speech qual-
ity and extracted representation. For the Librispeech and TED talk
speech data, the trainability threshold lies around 0.27. On the other
hand, for Switchboard data extracted by w2v2, only training with
matched text results in reasonable PER, so the trainability threshold
is close to 0. When we extract features by w2v2-all, the trainability
threshold increases to around 0.25. We conclude that since TED-

Text | Hour | LibriLM | Wiki | NewsCrawl | ImageC

30k | 960 23.46 22.56 22.40 34.05
3k 960 25.85 70.08 69.20 62.22
3k 9.6 33.03 - - -

Table 5. Phoneme Error Rate (PER) for Librispeech and the limited
amount of text, only 3k or 30k sentences. A dashed line in the Table
denotes that we do not experiment on that combination because the
same scenarios with more speech training data have already failed.

Text | Hour | LibriLM | Wiki | NewsCrawl | ImageC
30k | 960 0.0822 | 0.1332 0.1070 0.2213
3k 960 0.2478 | 0.3525 0.3420 0.3647
3k 9.6 0.2607 | 0.3583 0.3492 0.3716

Table 6. JSD for Librispeech and the limited amount of text, only
3k or 30k sentences for training.

LIUM is clean spontaneous speech, the content similarity is the pri-
mary factor, while for noisy speech such as SwitchBoard, a better
representation is required.

4.3. Does the amount of data matter when the domain is mis-
matched?

In the bottom part of Table [3] labeled with “Limited amount of
speech”, training with the limited amount of speech data produces
inferior results to full-speech data setups, especially on the Switch-
board dataset, where training fails across all text settings, including
training with the “matched” corpus with no divergence at all. Table
[6] shows that sub-sampling speech data increases JS-divergence and
content dissimilarity given the same text corpus.

The results of using the limited amount of text data are listed in
Table ] and [ We can observe that training with full Librispeech
(960 hours of speech data) and 3k text in domains other than Lib-
riLM fails. The poor performance can be explained by a signifi-
cant increase in JS-divergence value when the text dataset is lim-
ited to 3k sentences. When JSD exceeds its trainability threshold,
the performance drops sharply as a result. Overall, the experimen-
tal results demonstrate that when speech and text data are already
domain-mismatched, the amount of data plays an essential role in
GAN training.

5. CONCLUSION

In this paper, we comprehensively investigate the robustness of the
Wav2vec-U in different domain mismatch scenarios. The experi-
mental results indicate that content dissimilarity indeed degrades the
performance, which correlates with the 4-gram JSD metric. Besides,
spontaneous speech makes the GAN training more difficult, but pre-
training the self-supervised model on the target speech data dramati-
cally reduces the phoneme error rate. In addition, when non-parallel
speech and text are from different domains, more data is required to
make unsupervised ASR feasible. We conclude that unsupervised
ASR requires improvement in domain mismatch scenarios and hope
to incentivize future research on this kind of direction.
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