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Abstract

Data augmentation plays a significant role in making auto-
matic speech recognition (ASR) systems robust against unseen
test data. Most of the existing data augmentation techniques
are designed to work on the speech features. Augmentation of
speech embeddings, within the neural network, e.g., the inputs
to encoders, are relatively unexplored. We present a simple yet
effective augmentation scheme, Embed Aug, which works by re-
placing a set of randomly selected speech embeddings by either
zeros or Gaussian noise during training. EmbedAug does not
require additional data, works online during training and adds
very little to the overall computational cost. Using Librispeech
100h, Librispeech 960h and MUCS21 multilingual dataset, we
show that the proposed EmbedAug is very effective in improv-
ing the robustness of ASR systems. Moreover, EmbedAug can
be fine tuned on the development set with the help of just one
hyperparameter.

Index Terms: speech recognition, augmentation, robustness

1. Introduction

End-to-end automatic speech recognition (ASR) systems, such
as Conformer [1] based ASR systems, have set new benchmarks
for performance in the past few years. They perform very well
when there is abundance of training data. However, they do not
perform as well in low resource conditions [2]. Data augmen-
tation is a common strategy to increase the amount of training
data [3]. There have been numerous studies addressing the data
augmentation policies for ASR systems [4], most of them work-
ing either on raw audio data or on the feature vectors extracted
from the raw audio. Literature relating to augmentation in ASR
is vast and we review a part of it below.

Speed Perturbation proposed in [5], creates multiple in-
stances of the speech signal which differ in the speed. Speed
perturbation accounts for the variability in speaking rate, which
can occur in natural speech. Vocal Tract Length Perturbation
(VTLP) [3] transforms speech data by linearly warping the
spectrograms of input audio utterance by a random warp factor.
VTLP accounts for the speaker variability in speech. In [6], dif-
ferent versions of relatively clean data are created for different
room dimensions and different reverberation time. This way, it
accounts for speech spoken in different reverberant conditions.
For noise robust ASR, training speech signals are corrupted by
artificial noise in [7]. Recently, SpecAugment [8] has received a
lot of attention. It transforms the mel-spectrogram features of a
speech signal and has three components: time warp, time mask
and frequency mask and provides remarkable improvement in
ASR performance. A variation of it, SpecSwap, was proposed
in [9], but it slightly underperformed SpecAugment with time-
warp component deleted.

While data augmentation at feature level has become stan-
dard in many ASR systems, embedding augmentation has not
received much attention. Another short-coming of SpecAug-
ment is that it has 7 hyperparameters for fine tuning, which re-
quire many experiments to fix the optimal values. We try to
address these two issues in this paper. After summarizing the
related work in Section 2, the remainder of the paper is orga-
nized as follows. Section 3 introduces the proposed augmen-
tation scheme EmbedAug. Section 4 presents the experimen-
tal results and analysis, which show the efficacy of EmbedAug.
Section 5 concludes the paper and outlines some of the future
work.

2. Related Work

2.1. Dropout related works

Dropout [10] is a regularization scheme which works by ran-
domly dropping nodes/units along with their connections dur-
ing training. During inference, the weights are scaled to account
for the dropped units. A variation of this is DropConnect [11],
which sets a randomly selected subset of weights within the net-
work to zeros. While dropout and DropConnect drop or mask a
randomly selected subset of weights in the network, LayerDrop
[12] and stochastic depth [13] extend this to entire layers. The
idea behind these dropout variations is that the trained network
is rendered robust if a subset of the network weights/units are
ignored during training. InterAug [14] (not to be confused with
its homonym InterAug for image processing [15], which uses
the bounding box annotation effectively) implements SpecAug-
ment like time masking and frequency masking in the hidden
layer outputs. Therefore, it can be thought of as incorporating
some aspects of LayerDrop and DropConnect to improve low
resource ASR performance. However, InterAug does not aug-
ment the speech embeddings (inputs to encoders).

2.2. Embedding masking related works

Self-supervised and semi-supervised approaches for ASR such
as HuBERT [16] and Wav2Vec 2.0 [17] use a scheme for mask-
ing the output of the convolution layer during pre-training.
This forms the input to the transformer encoder, which learns
the speech representations. Both HuBERT and Wav2Vec 2.0
scheme randomly sample p% indices, without repetition, from
the set of embedding indices for each utterance. The sampled
indices form the start indices of masked blocks, where each
block consists of M indices. The loss function during pre-
training is computed as the weighted sum of loss computed over
the masked timesteps and the loss computed over unmasked
timesteps. Temporal Dropout scheme [18] uses a similar strat-
egy to drop a contiguous set of video frames, but does not ac-
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count for dropped frames in the loss function. The masking
scheme in BERT pretraining [19] advocates masking 15% of the
tokens at random. It should be noted that the masking scheme
proposed for BERT, HuBERT and Wav2Vec 2.0 are used during
pre-training and not in an end-to-end set-up.

2.3. Embedding Masking in End-to-end ASRs

To the best of our knowledge, augmentation of speech embed-
dings that form input to the encoder module has not been ex-
plored for end-to-end ASR training. Although HuBERT and
Wav2Vec 2.0 have implemented contiguous speech embedding
augmentation in pre-training, it does not follow that the same
scheme will work for end-to-end ASR training. In fact, we
show that the masking scheme used in HuBERT and Wav2Vec
2.0 does not work as well for end-to-end ASRs. Also, almost all
masking schemes in literature propose masking of consecutive
blocks of time-steps. However, no reason has been provided
as to why masking of a block of time-steps might be beneficial
as compared to masking random embeddings. We compare the
two approaches of masking in this paper.

We propose EmbedAug, in the next section, which differs
in two important ways. First, EmbedAug masks a certain per-
centage of randomly selected speech embeddings. Second, it
uses two different masking approaches, i.e., masking by zeros
and masking by Gaussian noise, G( = 0,02 = 1) with mean
zero and variance of one.

3. EmbedAug

The motivation for this scheme stems from the fact that speech
signal is hardly ever the same, even when the same speaker
speaks the same text on two different occasions within a short
span of time. This would imply that the exact sequence of
embeddings may not be very important. Therefore, the goal
of EmbedAug is to force the network to learn the prediction
without seeing the exact sequence of the embeddings by mask-
ing a randomly selected set of speech embeddings. However,
the key questions are whether masking of contiguous bands of
embeddings works for an end-to-end ASR, what percentage of
the speech embeddings should be masked, and what should the
mask value be? We experiment with the following variations to
answer these questions.

We randomly select p% of the embeddings, without repe-
tition, and mask them. This scheme simulates smaller chunks
of missing data at the embedding level. Contiguous bands can
still occur with this scheme when the selected embeddings are
adjacent to each other. Note that while the minimum band size
is M with masking of contiguous bands (e.g. Wav2Vec2.0 style
masking), the minimum band size with our scheme is 1. In other
words, masking of contiguous bands precludes masking of sin-
gle embeddings while this scheme does not preclude masking
of contiguous bands. Optimal performance can be arrived at by
varying just one parameter p.

Figure 1 illustrates our approach of speech embedding aug-
mentation. Now, we come to masking value. We experiment
with three variations. In one variation, masking value can be
zeros, i.e., the masked embeddings are set to a very small num-
ber (e.g. 107%). Zeros simulate missing features and therefore
they can simulate deletion errors of ASR systems. In another
variation, the masked embeddings are replaced with Gaussian
noise with zero mean and unit variance. Gaussian noise can
simulate noisy embeddings, which can make the network ro-
bust. In yet another variation, each utterance has a 50% chance
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Figure 1: Proposed Augmentation Policy for Speech Embed-
dings. B is the mini batch size, T1 is the number of frames, T2
is the number of the embeddings in an utterance and M is the
model dimension.

of being masked by zeros and 50% chance of being masked by
Gaussian noise. This way, the network sees both variations of
the embeddings. Seeing both variations can potentially make
the network robust against both missing and noisy features.

Suppose 7% is the number of embeddings for an utterance.
Let I = {ti,t2,...,tx} be the indices of randomly selected
embeddings to be masked, where k = floor(p/100) * T> and
r is randomly chosen to be 0 or 1 (r remains unchanged for an
utterance), then mathematically, EmbedAug can be described
as:

r=1

tel,Vm 1

r=20

e(t,m) = {O’

n,

In the above equation, e(t,m) stands for a speech embed-
ding, ¢ stands for the temporal index and m stands for model
dimension index and n ~ G(u = 0,0% = 1).

It can be seen that the proposed policy for EmbedAug can
be done online during training with negligible computational
overhead and it does not create any additional data. Therefore,
it shares all the computational advantages of SpecAugment. It
can also be seen how the proposed scheme is different from
LayerDrop and stochastic depth methods. While EmbedAug
proposes to mask p% of embeddings from an utterance, Layer-
Drop and stochastic depth drop an entire layer for the whole of
a mini batch. EmbedAug is performed only during the training
phase and for the encoder only. The sub-word embeddings for
the decoder are not augmented. Another thing to note is that
EmbedAug is used along with dropout.

4. Experiments

We have conducted experiments on the Librispeech database
[20] and MUCS-21 database [21]. We have implemented con-
former encoder and transformer decoder architecture for the
ASR tasks, using ESPNet toolkit [22] with ESPNet-1 recipes.
For Librispeech 100h and MUCS-21 subtask-1 training, the
model dimension was 256 with 4 attention heads. For Lib-
rispeech 960h training, the model dimension was 512 with 8



attention heads. A single Nvidia RTX 3090 GPU was used. All
experiments for each dataset were conducted on the same ma-
chine so that the performance comparisons are fair. A set of
300 sub-word tokens extracted from the training text served as
output units for Librispeech 100h and MUCS21 training, while
5000 subword tokens were used for Librispeech 960h training.
Features used for the model are log mel spectrograms with 80
dimensions along with the pitch (total 81, see Figure 1). Speed
Perturbation was not used for Librispeech 960h and MUCS-21
tasks in order to reduce training time. Batch size of 36 was used
for Lirbispeech 960h while 64 was used for Librispeech 100h
and MUCS-21 dataset so that GPU memory is optimally used.

4.1. Librispeech 100h

First set of experiments were conducted on the low-resource
Librispeech 100h training set. Table 1 summarizes the word
error rates (WERs) from different experiments. The baseline
system with SpecAugment performs well with WERs for test-
clean and test-other at 8.1% and 20.0% respectively, resulting
in an average WER of 14.0 % on the test sets (namely test-avg).

Next, we experiment with the contiguous embedding mask-
ing scheme described in Section 2.2. The recommended values
of pand M are 6.5 and 10 respectively according to [17]. When
we use these values, the system becomes erratic resulting in
test-avg WER of 168.5%. Although this masking scheme has
been shown to work for Wav2Vec 2.0 pre-training, it does not
seem to be working for end-to-end ASR. Only when we reduce
M to 2, do we see better performance with the best test-avg
WER obtained for p = 15 and M = 2 (14.9%), which is still
not close to SpecAugment.

Next we look at the EmbedAug scheme of masking ran-
domly selected embeddings, where p% of the speech embed-
dings were replaced with zeros. Mixed masking scheme, with
randomly selected 60% (p = 60) of embeddings masked with
either zeros or G(0, 1) noise with equal probability, performs
the best overall in dev sets as well as on the test sets. Using the
same masking scheme to mask log-mel-spectrum of the speech
does not work as well as using it on the speech embeddings
(Results are listed in Table 1 with the heading of SpecMask).
Using joint CTC-Attention multi-task learning with CTC loss
weight 0.3 [23], EmbedAug(Mix, p = 60) significantly outper-
forms SpecAugment reducing the test-avg WER from 13.7%
to 12.8%. In this set of experiments, no shallow fusion with a
Language Model (LM) was done since ESPNet-1 recipe does
not call for it.

4.2. Librispeech 960h

The above set of experiments show that EmbedAug(Mix, p =
60) results in best performance. The next set of experiments
were done on Librispeech 960h training set. Here joint CTC-
attention multi-task learning is used (with CTC loss weight
= 0.3), since the above experiments show its advantage. We
can see from Table 2 that EmbedAug reduces the WER on
the test-avg by an absolute 0.5% (relative 9.2%) as compared
to SpecAugment. When a transformer based language model
(downloaded from from [24]) was used for shallow fusion, Em-
bedAug reduced the WER on test-avg by absolute 0.3% (rela-
tive 7.6%) compared to SpecAugment. It should be noted that
the results for Librispeech 960h reported here are better than the
ESPNet reported results on Librispeech for ESPNet-1 recipes
without Speed Perturbation'.

4.3. MUCS-21

The next set of experiments were conducted on the MUCS-
21 [21] multilingual dataset. A single model was trained us-
ing training data from all languages. For this dataset, we in-
vestigated various values of p on the test set and the best per-
forming p was used on the blind set. The results of the ex-
periments are summarized in Table 3. From the results, it is
clear that EmbedAug(Mix, p = 20) performs the best in both
test and blind set. In blind set results, we have not reported
the results for Marathi language, since the difference in chan-
nel compression for Marathi data between train and blind set
leads to spurious results with multilingual end-to-end ASRs
[21]. Shallow fusion with a transformer LM, trained on mul-
tilingual text, resulted in an EmbedAug WER of 27.7% as com-
pared to SpecAugment WER of 28.0%. (WER for blind set
Marathi data with SpecAugment was 100.8%, while the same
for EmbedAug(Mix, p = 20) was 75.4%.)

4.4. Discussion

We posited that masking scheme and the mask value are key to
obtaining good performance. The experimental results support
this too. Figure 2 plots the histograms for masked span of em-
beddings for Wav2Vec(p = 30, M = 2) and EmbedAug(zeros,
p = 60) for 10 utterances. Both schemes mask same propor-
tion of embeddings, i.e., 60%. The difference lies in number
of contiguous embeddings being masked. As we have stated
in Section 3, the contiguous scheme of masking precludes indi-
vidual embeddings being masked. Number of consecutive em-
beddings getting masked is also smaller for EmbedAug. That
seems to bring about the vast difference in the performance of
the ASR systems.
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Figure 2: Mask span distribution for 10 utterances. (a)
Contiguous(p=30,M =2), (b) EmbedAug(zeros,p=60).

5. Conclusion

In this paper, we presented a simple but effective technique
for speech embedding augmentation which improves perfor-
mance of end-to-end ASR systems. The proposed augmenta-
tion technique outperforms SpecAugment on Librispeech 100h,
Librispeech 960h, and MUCS-21 datasets. The gain in perfor-
mance was achieved without much computational cost. There is
only one parameter in the EmbedAug scheme, p, which can be
varied to obtain the best performance. The optimal value of this
parameter can be arrived at with the help of development data.
This work shows that embedding masking is a worthwhile topic
for exploration and that the scheme of masking and the choice
of mask values are of critical importance. In future, We propose
to experiment with other probabilities for zeros and Gaussian

noise.
Uhttps://github.com/espnet/espnet/blob/master/egs/librispeech/asr1/RESULTS.md
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Table 1: WERs (in %) for various schemes on Librispeech 100h. “dev-avg”: average over dev-clean and dev-other. “test-avg”:

average over test-clean and test-other
Masking Scheme dev-clean dev-other dev-avg test-clean test-other test-avg
SpecAugment 1.5 19.5 135 8.1 20.0 14.0
Wav2Vec 2.0 (p = 6.5, M = 10) 160.4 174.5 167.4 161.2 175.9 168.5
Wav2Vec2.0(p =6.5,M =5) 183.7 200.4 192.0 183.8 201.8 192.8
Wav2Vec 2.0(p = 6.5, M = 2) 8.0 23.1 15.5 8.7 24.0 16.3
Wav2Vec 2.0 (p = 10, M = 2) 8.9 23.9 16.4 9.2 24.5 16.8
Wav2Vec 2.0 (p = 15, M = 2) 7.8 21.7 14.7 8.0 21.9 14.9
Wav2Vec 2.0 (p = 20, M = 2) 9.4 24.2 16.8 10.0 24.8 17.4
Wav2Vec 2.0 (p = 30, M = 2) 160.9 174.6 167.7 161.1 176.4 168.7
EmbedAug (zeros, p = 50) 8.7 23.1 15.9 9.4 23.8 16.6
EmbedAug (zeros, p = 60) 7.1 20.2 13.6 7.3 20.1 13.7
EmbedAug (zeros, p = 65) 7.5 20.0 13.7 7.9 20.4 14.1
EmbedAug (G(0, 1), p = 50) 7.6 20.5 14.0 7.7 20.9 14.3
EmbedAug (G(0, 1), p = 60) 7.7 20.1 13.9 8.0 20.2 14.1
EmbedAug (G(0,1), p = 65) 7.4 20.7 14.0 7.8 21.1 14.4
EmbedAug (Mix, p = 60) 7.3 19.4 13.3 7.7 19.8 13.7
SpecMask (Mix, p = 40) 8.7 21.5 15.1 9.2 21.6 15.4
SpecMask (Mix, p = 60) 8.6 21.0 14.8 8.8 20.9 14.8
SpecMask (Mix, p = 80) 9.5 21.4 15.4 9.7 22.0 15.8
SpecAugment+CTC-Att 7.4 19.2 13.3 7.7 19.7 13.7
EmbedAug (Mix, p = 60) + CTC-Att 6.8 19.3 13.0 6.9 18.8 12.8

Table 2: WERs (in %) for various schemes on Librispeech 960h. “dev-avg”: average over dev-clean and dev-other. “test-avg”:

average over test-clean and test-other. “LM”: shallow fusion with language model

Masking Scheme dev-clean  dev-other dev-avg test-clean test-other test-avg
SpecAugment 29 7.6 52 32 7.6 54
EmbedAug (Mix, p = 60) 2.7 6.8 4.7 3.0 6.8 4.9
SpecAugment+LM 22 53 3.7 24 5.5 39
EmbedAug (Mix, p = 60)+LM 2.1 49 3.5 22 5.0 3.6

Table 3: WERs (in %) for various schemes on MUCS-21 dataset. WERs reported on test and blind sets. “LM”: shallow fusion with

language model, “Avg” : average over all languages

Masking Scheme [decode set] Gujarati Hindi Marathi Odia Tamil Telugu Avg
SpecAugment [test] 23.8 259 19.3 394 28.5 30.4 27.9
EmbedAug (Mix, p = 10) [test] 24.8 26.4 17.6 36.8 30.5 31.0 27.8
EmbedAug (Mix, p = 20) [test] 24.3 25.2 17.8 362 293 30.0 27.1
EmbedAug (Mix, p = 30) [test] 24.1 26.1 18.8 377 29.0 29.9 27.6
SpecAugment [blind] 35.2 23.1 - 412 327 36.4 33.7
EmbedAug (Mix, p = 20) [blind] 374 21.5 - 363 333 36.2 329
SpecAugment+LM [blind] 28.6 19.7 - 38.3 26.2 27.4 28.0
EmbedAug (Mix, p = 20)+LM [blind] 30.7 18.6 - 335 275 28.0 27.7
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