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Abstract

Self-supervised learning (SSL) of speech representations has
received much attention over the last few years but most work
has focused on languages and domains with an abundance of
unlabeled data. However, for many languages there is a short-
age even in the unlabeled data which limits the effectiveness of
SSL. In this work, we focus on the problem of applying SSL
to domains with limited available data by leveraging data aug-
mentation for Wav2Vec 2.0 pretraining. Further, we propose
improvements to each component of the model which result in a
combined relative word error rate (WER) improvement of up to
13% compared to Wav2Vec 2.0 on Librispeech test-clean / other.
Index Terms: self-supervised learning, data augmentation, con-
trastive learning

1. Introduction

The use of self-supervised learning (SSL) for learning represen-
tations from unlabeled speech has received much attention over
the last few years [1,2,3,4,5]. However, much of this research
assumes that a large amount of unlabeled audio data is available,
which is not always the case for rare languages or for special-
ized domains. The performance of SSL for speech with limited
unlabeled data has been less studied.

Data augmentation has proven to be an effective strategy
for supervised learning [6,7] when the amount of labeled data
is limited. Kharitonov et al. [8] showed that data augmentation
benefits Contrastive Predictive Coding (CPC; [1]) when a limited
amount of unlabeled data is available. CPC is light-weight self-
supervised learning algorithm which uses past context to make
predictions about the future, and we show that data augmentation
also works well for stronger transformer based bi-directional
models such as Wav2Vec 2.0 [9, 10].

We also propose improvements to each component of the
Wav2Vec 2.0 model that are useful for both the small data set-
ting as well as the large data settings. First, we replace some
of the convolutional layers of the feature encoder in Wav2Vec
2.0 with improved layers based on light and dynamic convo-
lutions [11]. Second, we replace the transformer part of the
model with conformer layers, similar to [12, 13]. Finally, we
add MLP projections on top of the context and latent vectors of
Wav2Vec 2.0 inspired by self-supervised learning algorithms in
the computer vision literature [14, 15]. Together, these changes
improve the performance on downstream ASR task by up to 13%
(relative) WER compared to a Wav2Vec 2.0 baseline. We call
this model Wav2Vec-Aug.

2. Background

Our model is based on Wav2Vec 2.0 (W2V2; [9,10]) which maps
raw audio x € X to a latent feature representation c1, ..., Cr.
The Wav2Vec 2.0 model consists of a convolutional feature en-
coder f : X +— Z that first maps the input audio to a latent
speech representation z1, . .. z7. This latent representation is
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then input to a Transformer model g : Z +— C to output the
context representations ci, . . ., cr [16,17]. Each z; represents
about 25ms of audio strided by 20ms and the Transformer archi-
tecture follows the BERT model [18,19]. The model architecture
is shown in Figure 1.

In the pre-training phase, latent representations are dis-
cretized to qi, ..., qr with a quantization module Z — Q
to represent the targets in the objective. The quantization mod-
ule uses a Gumbel softmax [20] to choose entries from G' = 2
codebooks with V' = 320 entries each and the chosen entries
are concatenated to obtain q [16,21,22]. The model is trained
to identify the true quantized latent q; using c; for each masked
time-step within a set of K = 100 distractors Q; sampled from
other masked time steps.
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Figure 1: The Wav2Vec 2.0 model

3. Data Augmentation

Prior research has shown that data augmentation on input audio
can be helpful for supervised learning [6, 7], particularly in the
small data setting. This has been confirmed for self-supervised
learning using the CPC algorithm [8]. In this work, we ex-
periment with three different data augmentation methods for
self-supervised learning: additive augmentation, pitch shift and
reverberation. We have also experimented with speed perturba-
tion, but found that it does not improve accuracy.

Additive augmentation involves adding a noise signal x’ to
the input signal x. The noise signal can be chosen uniformly
at random from a large collection of audio signals. The chosen
noise signal is added at an SNR value of s ~ Uniform(so, s1),
for given hyperparameters s and s .

Pitch shift involves raising or lowering the pitch of the input
audio by some random factor f. In our model, we sample the
pitch shift factor from a gaussian distribution: f ~ N(0, 0}),
where o), is a hyperparameter. Reverberation involves simulating
far-field speech by convolving the input audio signal with a
randomly generated room impulse response (RIR). The room
size parameter r was chosen randomly by sampling a number
r’ ~ N(0, o), and then setting r = min(|r’|, 100).

During pre-training, for each data sample, we choose
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whether or not to apply each augmentation method indepen-
dently with a probability p. This ensures that every combination
of augmentations is applied to some training example.

We first duplicate the input audio x into source audio x®)
and target audio x® . We then use x® to generate the context
vectors, and x) to generate the target latent representations
q:. In our experiments, we found that it is beneficial to apply
different augmentations to the source and target audios.

We used the WavAugment toolkit' [8] to implement all
augmentation methods.

4. Architectural Improvements
4.1. Lightweight and Dynamic Convolution

The Wav2Vec 2.0 model uses a purely convolutional feature
encoder to extract features from the input audio signal. Wu
et al. [11] introduced lightweight and dynamic convolutional
layers that have been shown to outperform standard convolutions
for a range of tasks.? Lightweight convolutions are depth-wise
separable convolutions [23] that share weights across groups
of m-channels (m is treated as a hyper-parameter). Dynamic
convolutions build on lightweight convolutions by dynamically
computing the convolution kernels as a function of the input at a
given timestep.

These layers are computationally more efficient than trans-
former layers, making them suitable for the feature encoder,
which operates over many time steps. We replace the final k&
convolutional layers of the feature encoder with lightweight or
dynamic convolutions. We find that £k = 2 leads to improved
performance for both light and dynamic convolutions (Section
6).

4.2. Conformer

The transformer part of the Wav2Vec 2.0 model uses a se-
ries of multi-head self-attention blocks [18]. Recently, Con-
former models [12] have been shown to outperform the original
transformer architecture for both supervised and self-supervised
speech recognition [12, 13].

The Conformer architecture consists of a series of multi-
head self attentions, depth-wise convolution and feed-forward
layers. This combination helps the Conformer make effective
use of both global and local interactions which leads to improved
performance.

4.3. Context and Target MLPs

Our final improvement is to modify the computation of the loss
values by adding multi-layer perceptrons to the network [14, 15].
Specifically, we introduce two multi-layer perceptrons (MLPs),
dubbed ContextMLP and TargetMLP, which are applied to the
context ¢ and latent vectors q, respectively:

¢’ = CMLP(c)
o = TMLP(q)

The original Wav2Vec 2.0 model was trained to identify the
true g from c within a set of K distractors q using a contrastive
loss. The inputs to the contrastive loss are cosine similarities
between the context vector ¢ with q; and q. In our model,

Thttps://github.com/facebookresearch/WavAugment
2We refer to non-separable convolutions as standard convolutions.
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we apply the CMLP to ¢, and the TMLP to q; and q before
computing the cosine similarities. This allows the network to
learn more complex, non-linear similarity functions than a simple
cosine similarity. Concurrent to our work, Wu et al. [24] has also
incorporated the use of Context MLPs in a Wav2Vec 2.0 style
model.

5. Experimental Setup

We implement our changes on top of the Wav2Vec 2.0 Base
model architecture [9], by modifying its various components.
We use the same training setup as the Wav2Vec 2.0 Base model,
except that we reduce the effective batch size by training models
on 48 GPUs instead of the 64 GPUS used in [9]. We imple-
mented our model in the fairseq library [25] and use the Lib-
rispeech dataset [26] for all of our experiments. Pre-training
our model for 400K steps takes roughly 2.5 days with 64 V100
GPUs.

We test our model with varying amounts of pre-training and
fine-tuning data by creating subsets of the Librispeech dataset.
For pre-training, we consider a subset of 50 hours randomly
sampled from the clean-100h set, the clean-100h set and the
full set (960 hours). For fine-tuning, we use the 1 hour split of
Libri-light [27] (LS-Lab-1H) and clean-100h (LS-Lab-100H).
‘We pre-train models for 150K, 200K or 400K steps for the 50
hour, 100 hour and full datasets, respectively and follow the
same procedure for fine-tuning and beam search as [9].

After pre-training, we fine-tune each model on the labeled
datasets with Connectionist Temporal Classification [28]. After
fine-tuning, we decode the fine-tuned models using the word-
level 4-gram language model (LM) from [26] using the beam
search decoder from [29]. We use a Bayesian Optimization®
procedure to find the best decoding hyper-parameters over 128
trials with the following search space: LM weight ([0, 8]), word
score ([—5, 5]), and silence score ([—5, 5]). We use a beam size
of 500 for the hyperparameter search. After finding the optimal
hyperparameters, we increase the beam size to 1, 500 to obtain
the final results.

6. Results
6.1. Performance of Wav2Vec-Aug

We first compare the performance of Wav2Vec-Aug with all
of the proposed modifications (data augmentation during pre-
training, replacing the last two feature encoder layers with dy-
namic convolutions, context and target MLPs, and conformer
blocks) with Wav2Vec 2.0 on different amounts of pre-training
and fine-tuning data. Table 1 shows that our approach can ob-
tain up to a 13% relative WER improvement over the baseline
on test-clean/other depending on the amount of available data.
In the rest of this section, we examine each component of our
approach in more detail.

6.2. Data Augmentation

We measure the effect of data augmentation vs. no data augmen-
tation for different amounts of pre-training data when we use
one hour of labeled data. For additive augmentation, we used the
MUSAN dataset [30] to draw the noise samples. Table 2 shows
results for different settings of the data augmentation hyperpa-
rameters. Based on these ablations, we set the augmentation
parameters in our final model to so = 10, s; = 15 for additive
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Table 1: Comparison of our improvements to the original Wav2vec 2.0 model on the Librispeech benchmark for different amounts of
training pre-training and fine-tuning data. The Wav2Vec-Aug model obtains 9-13% improvement in WER compared to Wav2Vec 2.0 on

the test datasets.

. . WER
Pre-train data | Fine-tune data | Model dev-clean dev-other test-clean test-other
SOH H Wav2vec 2.0 15.73 30.23 16.14 31.96
Wav2Vec-Aug 13.37 25.57 14.04 28.03
H Wav2vec 2.0 10.50 20.66 10.82 21.52
100H Wav2Vec-Aug 9.17 18.15 9.81 19.45
100H Wav2vec 2.0 3.82 11.97 4.50 12.31
Wav2Vec-Aug 3.65 10.34 4.34 11.37
H Wav2vec 2.0 6.03 12.17 6.22 12.45
960H Wav2Vec-Aug 5.17 10.39 5.71 11.42
100H Wav2vec 2.0 2.86 8.17 3.46 8.27
Wav2Vec-Aug 2.53 7.14 3.04 7.21
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Figure 2: WER on dev-other for different augmentation proba-
bilities. All models were pre-trained on the 50 hour subset with
additive, pitch and reverb augmentations with so = 10,s1 =
15,0p = 50, and o, = 60. Note that these experiments use a
beam size of 5 and are not directly comparable to other results.

augmentation, o, = 50 as the standard deviation for pitch shift
augmentation, and o,- = 60 as the room size standard deviation
for reverberation. Figure 2 shows the WERs for different aug-
mentation probabilities when all three augmentation methods
are used with these parameters. We obtain the best results with
an augmentation probability of p = 0.5.

Figure 3 shows results of using data augmentation with
these hyperparameters with different amounts of pre-training
data using the same model architecture. It is clear that data
augmentation is most helpful in the low-data regime, improving
WER by almost 11% relative to the baseline model when only
50 hours of data is available for pre-training. These improve-
ments begin to taper off as the size of the pre-training dataset is
increased.

6.3. Lightweight and Dynamic Convolution

Table 3 shows the results of replacing either the last two or
the last four layers in the feature encoder with lightweight or
dynamic convolutional layers. The Wav2Vec 2.0 model uses
convolutional layers with 512 channels in the feature encoder.
To keep the number of parameters constant across experiments,
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Figure 3: Effect of data augmentation during pre-training for
different amounts of pre-training data. We show WER on the dev-
other. The blue line shows the baseline model with no augmenta-
tion, while the red line shows results with the best augmentation
probability p = 0.5. All models were fine-tuned on the 1 hour
labeled subset of Librispeech.

we increased the number of channels to 640 when the last two
layers are changed, and to 608 when the last four layers are
changed. We used 8 attention heads in the lightweight and
dynamic convolution layers, and a dropout rate of 0.1.
Replacing the last two layers yields a roughly 5% relative
improvement in WER on the dev-other validation set for both
lightweight and dynamic convolutions, when fine-tuned on the
100 hour subset of Librispeech. Replacing more layers ap-
pears to be detrimental to the performance, which indicates
that lightweight / dynamic convolutions are most useful in the
final layers where the number of timesteps is relatively small.

6.4. Conformer

Our next experiment replaces the multi-head attention layers
in the Transformer model with Conformer layers. Our model
contains 14 Conformer blocks with an embedding dimension of
512, and 8 attention heads. The resulting model has the same
number of parameters as the Wav2vec 2.0 model. Table 3 shows
that the Conformer block improves performance by 10% relative



Table 2: WER on dev-other for different data augmentation
hyper-parameters for pre-training. All models were pre-trained
on the 50 hour subset and then fine-tuned on the 1 hour labeled
set. Note that these experiments use a beam size of 5 and are not
directly comparable to other results.

Augmentation ‘ Aug. Params ‘ Aug. Prob WER
- ‘ - ‘ 0 36.69
Additive | so=10,s1 =15 | 0.5 33.37
op =20 0.5 33.72
Pitch op =50 0.5 33.56
op = 100 0.5 34.07
or =10 0.5 38.30
Reverb or =25 0.5 36.87
or = 60 0.5 36.02

Table 3: WER on the dev-other dataset showing the effects of
our proposed architectural improvements. All models were pre-
trained on the full Librispeech dataset and fine-tuned on the 1
hour or 100 hour labeled sets. Each architectural improvement
is applied independently to the Wav2vec 2.0-Base model.

. . Dev-other WER
Modification LS-Lab-1H  LS-Lab-100H
Wav2vec 2.0 ‘ 12.17 8.17
+ Light Conv (last 2) 11.73 7.80
+ Light Conv (last 4) 12.09 8.34
+ Dyn Conv (last 2) 11.64 7.79
+ Dyn Conv (last 4) 12.17 8.23
+ Conformer ‘ 11.34 7.32
+ CMLP (2 layers) 11.43 8.04
+ TMLP (2 layers) 11.50 8.12
+ CMLP + TMLP

2 layers 11.36 7.98
3 layers 10.76 7.82
4 layers 10.46 7.71

when fine-tuned on the 100 hour labeled subset.

6.5. Context and Target MLPs

Our final ablation experiments involve adding context and target
MLPs to the wav2vec 2.0 model. We experimented with adding
each MLP independently, and also the two MLPs together. For
the latter case, we also report experiments with different number
of MLP layers. These MLPs contain a batch normalization in
each layer, with ReLU activation functions.

The results shown in Table 3 indicate that adding either MLP
is helpful by itself, with the context MLP being more beneficial
than the target MLP. Including both MLPs is more beneficial than
adding either MLP by itself. Table 3 also shows that increasing
the number of hidden layers in the MLPs helps. Our best model
contains 4 hidden layers in each MLP and obtains a 15% lower
WER when fine-tuned on the 1 hour dataset, and 6% when fine-
tuned on the 100 hour dataset.
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7. Conclusion

In this work, we showed that data augmentation can be used
with Wav2Vec 2.0, a strong self-supervised algorithm for pre-
training on speech data. This extends a prior study that focused
on the simpler CPC algorithm [8]. We also presented a number
of architectural improvements to the Wav2Vec 2.0 model: we
replaced the Transformer blocks with Conformer blocks; we
added lightweight and dynamic convolutions to the feature en-
coder; and finally, we added MLPs on top of the latent speech
representations and context vectors to improve the SSL objective.
With all of these changes, our model obtains a combined 13%
lower WER compared to Wav2vec 2.0.

Prior work has shown that the Wav2Vec 2.0 model can be
extended to learn cross-lingual representations from multiple
languages [10]. We hypothesize that applying our proposed
model for cross-lingual representation learning in a similar man-
ner could significantly benefit languages with limited speech
data. We leave this exploration for future work.
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