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Abstract
We propose an on-the-fly data augmentation method for au-
tomatic speech recognition (ASR) that uses alignment infor-
mation to generate effective training samples. Our method,
called Aligned Data Augmentation (ADA) for ASR, replaces
transcribed tokens and the speech representations in an aligned
manner to generate previously unseen training pairs. The
speech representations are sampled from an audio dictionary
that has been extracted from the training corpus and inject
speaker variations into the training examples. The transcribed
tokens are either predicted by a language model such that the
augmented data pairs are semantically close to the original data,
or randomly sampled. Both strategies result in training pairs
that improve robustness in ASR training. Our experiments on a
Seq-to-Seq architecture show that ADA can be applied on top
of SpecAugment, and achieves about 9–23% and 4–15% rela-
tive improvements in WER over SpecAugment alone on Lib-
riSpeech 100h and LibriSpeech 960h test datasets, respectively.
Index Terms: speech recognition, data augmentation, seq2seq

1. Introduction
Data augmentation is a common technique used in training ma-
chine learning models. It improves model performance by in-
creasing the amount of training data and by reducing over-
fitting at the same time. In computer vision, common ap-
proaches apply geometric transformations or add noise to im-
ages to make the models more robust [1, 2]. In machine transla-
tion, a straightforward idea is to replace tokens on both source
and target texts [3, 4], or, more complex, apply back-translation
[5]. In automatic speech recognition (ASR), data augmenta-
tion methods range from simple perturbations on the audio in-
puts, e.g. changing speed [6] or dynamic time stretching [7],
or masking out sections [8], to more complex techniques such
as pseudo labelling [9], sampling noisy counterparts to exam-
ples [10], utilizing multi-modal information [11], or combin-
ing a Text-To-Speech (TTS) engine with a speech synthesizer
[12, 13, 14] to generate training data from transcriptions. Com-
putationally simpler methods usually augment data on-the-fly,
while more complex methods cannot be applied in this manner.

In this work, we propose a novel data augmentation method
which is able to apply variations on both source audio and tar-
get text to generate new training examples in a computationally
efficient manner. The central component of our approach is an
audio dictionary that allows us to apply our strategies to data
augmentation on-the-fly, thus increasing variability in contrast
to offline augmentation, and improving efficiency by avoiding
the necessity to store and load augmented data.

On the target text, we either use a masked language model
to replace tokens with semantically close variations, or we re-
place tokens following a random token strategy. In the former
case, the augmented text differs not too much from the orig-

inal text, while in the latter case, the possibly ungrammatical
examples force the model to put more focus on the audio in-
put and less focus on the inherent language model. Both ap-
proaches successfully increase robustness, i.e. performance on
previously unseen examples [15].

On the source audio, sections are replaced by entries sam-
pled from an audio dictionary. Our audio dictionary is extracted
from the training corpus and its functionality is comparable
to the aforementioned TTS+speech synthesizer method, Vocal
Tract Length Perturbation [16], or Stochastic Feature Mapping
[17], however, it requires much less computing power and the
audio representation replacements are from real human speech.
The resulting audio sequence is thus a combination of the orig-
inal audio representations and replacements, which is similar to
data augmentation techniques for images such as CutMix [18].

The novelty of our method, called Aligned Data Augmenta-
tion (ADA) for ASR, is to use alignment information to produce
new parallel data by replacing parts of target text and source
audio in a synchronized manner to generate previously unseen
data. The additional training examples created by our method
improve over one-sided replacements, even in combination with
existing data augmentation techniques like SpecAugment [8].

Recently, other works showed the utility of alignment in-
formation for training of speech-to-text systems. [19] im-
prove end-to-end speech translation by using phoneme-level
alignments. However, they use this information to compress
phoneme representations and they do not increase the amount
of training data. [7] propose to create subsequences by truncat-
ing source audio and target transcriptions in an aligned manner.
In contrast to this, we generate complete previously unseen ex-
amples by partial replacements of source audio and target text.

One crucial difference between ADA and other semi-
supervised learning methods such as [9, 12, 13] is that ADA
uses the original dataset, while the other three include additional
in-domain unlabelled audio or text to generate augmented data
pairs. Furthermore, the on-the-fly data augmentation done in
ADA differentiates our technique from complex techniques that
require offline preprocessing, e.g. speed perturbations [6].

A recent, very sophisticated online augmentation method,
Sample-Adaptive Policy for Augmentation [20], showed huge
gains on the LibriSpeech datasets. They learn a policy that com-
bines augmentation methods based on the training loss of data
examples. We combine different augmentation methods and we
employ a simple static mixture schedule. Despite the simplicity
of our method, we achieve improvements comparable to theirs.

2. Aligned Data Augmentation
Figure 1 illustrates the ADA process of creating an augmented
data pair from an original data pair. Starting with the target
side of the original pair, we randomly select tokens for replace-
ment (printed in green). These tokens are then replaced on the
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Original

Augmented

mister quilter is the apostle of the middle classes and we are glad to welcome his gospel

mister lay is the president of the middle classes and we are glad to welcome his gospel

Figure 1: Example from the LibriSpeech dataset illustrating
aligned data augmentation: In the original audio-text pair, cer-
tain tokens (green) are replaced following certain strategies
(blue). An audio dictionary created on the training data is then
queried to replace the aligned audio representations of the pre-
dicted tokens, resulting in an augmented audio-text pair.

augmented target side by candidate tokens (printed in blue) fol-
lowing two alternative strategies: (1) language model guided
strategy which we call ADA-LM, and (2) random token strategy
which we call ADA-RT. Finally, an audio dictionary is queried
for audio representations corresponding to the replaced tokens,
resulting in a new augmented data pair. In case the replacement
token suggested by the language model has no corresponding
entry in the audio dictionary which happens in less than 5% of
the replacements, ADA-LM masks out the aligned audio rep-
resentation. Data pairs augmented in that manner look very
similar to the ones generated by SpecAugment, however, we
inject additional aligned target side variations. The candidates
suggested by the language model are in general semantically
close, such as the replacement of “apostle” with “president”.
By exchanging the names “quilter” and “lay”, as suggested by
the language model, ADA-LM receives out-of-domain knowl-
edge, increasing model robustness. The second strategy, ADA-
RT, samples a random token and then replaces the correspond-
ing audio representation. This mostly results in ungrammatical
sentences, however, it forces the model to adjust the influence
of the inherent language model.

For each token, our audio dictionary usually keeps multi-
ple audio representations available that differ in tone, speed, or
speaker. Such an audio dictionary introduces several aspects
useful for ASR training. First, it leads to clean augmented data
pairs containing real human speech. Then, it introduces vari-
ations of prosody and gender in the audio representations. Fi-
nally, it is computationally simple and can be applied on-the-fly.

2.1. Language Model Only

In a separate experiment, we evaluate the impact of utilizing
only a language model to generate new data pairs. In this sce-
nario, we do not mask out the corresponding audio segments
and only apply SpecAugment to the audio representations. This
effectively creates variations in the transcriptions that do not
perfectly match with the audio representations.

2.2. Audio Dictionary Only

The audio dictionary can also be applied without text token re-
placement. Here, the source audio representation of a word that
is not changed on the target side is replaced by a sample of the
same token from the dictionary. Since ASR is a many-to-one
problem, audio-text pairs modified in this manner increase the
recognition performance. This happens for the word “mister” in
Figure 1 where the audio representation in the augmented pair
is replaced by an entry from the dictionary. In our experiments

in Section 4, we use this source-side-only replacement to evalu-
ate the contribution of the audio dictionary. A source-side-only
replacement can also occur rarely in the aligned case if the lan-
guage model predicts the same token as the original one, e.g.
when function words or parts of common named entities are to
be replaced by the language model.

3. Model Architecture
3.1. Automatic Speech Recognition

We use the implementation of the Speech-to-Text Transformer
by [21] from the FAIRSEQ website and add a Connectionist
Temporal Classification (CTC) component and the data aug-
mentation code. The model has two convolution layers of stride
2 to down-sample the audio representations by a factor of 4 be-
fore the self-attention blocks. There are 12 self-attention layers
in the encoder which is followed by 6 layers in the decoder.
The embedding dimension is 512, and we set the dimension
of feed forward networks to 2,048. In order to achieve faster
and more stable convergence, we add another output layer after
the encoder so that its parameters are shared between the Cross-
Entropy loss LXENT with label smoothing of 0.1 and CTC loss
LCTC [22]. The final loss is a linear combination of both loss
components, L = αLXENT +(1−α)LCTC , where we follow
[23] and set α to 0.7. Our implementation is publicly available.1

3.2. ADA Components

To obtain token-level alignment information between source au-
dio representation and target text, we use the Montreal Forced
Aligner [24]. The alignment information is initially used to con-
struct the audio dictionary as follows. For each training example
in the corpus, the construction process iterates over the tokens
and adds the aligned audio representations to a key-value store
where the key is the token and the value is a pool of aligned
audio representations. This audio dictionary can be further en-
riched with pre-calculated speed and frequency perturbations,
effectively integrating offline methods in online augmentation.

To get the target token predictions during training under
the ADA-LM configuration, we query roberta.base, a pre-
trained RoBERTa [25] language model downloaded from the
FAIRSEQ [26] examples repository.2 We chose the 125M pa-
rameter model to trade-off speed and memory consumption.
Under the ADA-RT configuration, tokens are directly sampled
from the keys in the audio dictionary in a random manner.

4. Experiments
We use LibriSpeech3 [27] in our experiments since there ex-
ist many baselines in well-defined small to medium and large
scale scenarios. For our small to medium scale experiments,
we use the split train-clean-100 and extract subword
units of size 5,000 using SentencePiece [28]. For the large
scale experiments, we combine splits train-clean-100,
train-clean-360 and train-other-500 to form the
960h data and extract 10,000 subword units. We use log Mel-
filter banks of 80 dimensions as our acoustic features. We filter
data instances which have more than 3,000 frames or are longer
than 80 subword units in the training sets. This results in the re-
moval of 50 samples and 78 samples in train-clean-100

1www.github.com/StatNLP/ada4asr
2www.github.com/pytorch/fairseq/tree/master/

examples/roberta (accessed 03/25/2021)
3www.openslr.org/12 (accessed 03/25/2021)
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Table 1: Averaged results in WER on the LibriSpeech 100h dataset over 3 runs with standard deviations (±). SpecAugment with
RoBERTa on the target side only (LanguageModel) and with the audio dictionary on the source audio only (AudioDict) already gives
consistent relative improvements of 2.7% to 5.4% and 5.8% to 7.0% respectively across all datasets. The language model guided ADA
method (ADA-LM) combines RoBERTa and the audio dictionary in an aligned manner and delivers relative improvements of 11.9%
to 12.0% on the clean datasets, and of 7.1% to 8.9% on the other datasets over the baseline. The random token strategy for ADA
(ADA-RT) improves even more and gives relative improvements of 18.7% to 23.5% on the clean datasets, and of 7.9% to 9.3% on the
other datasets. Prepended numbers denote statistically significant difference to the model numbered in column “#” at the 1% level.

# model type dev-clean dev-other test-clean test-other time

1 SpecAugment (baseline) – 10.51 ± 0.04 22.92 ± 0.17 11.50 ± 0.10 23.50 ± 0.11 1.0
2 LanguageModel target only 19.98 ± 0.13 122.31 ± 0.19 110.88 ± 0.15 122.80 ± 0.15 2.0
3 AudioDict source only 19.90 ± 0.05 1,221.50 ± 0.10 110.70 ± 0.04 1,222.12 ± 0.09 1.2
4 ADA-LM aligned 1,2,39.26 ± 0.07 1,221.30 ± 0.11 1,2,310.12 ± 0.06 1,2,321.41 ± 0.08 2.4
5 ADA-RT aligned 1,2,3,48.54 ± 0.03 1,221.11 ± 0.09 1,2,3,48.80 ± 0.09 1,2,321.32 ± 0.07 1.3

and train-960, respectively. In both scenarios, the same au-
dio dictionary extracted from train-clean-100 is used.

In training, we use Adam optimizer with a peak learn-
ing rate of 2e-3 and warmup of 12,500 steps. We accumulate
the gradients for 8 mini-batches before updating with at most
40,000 frames per mini-batch. The learning rate is adjusted ac-
cording to the inverse square root learning rate schedule. We
also use a static mixture schedule for the type of replacement
such that a significant amount of transcriptions remains un-
changed. The static mixture schedule of ADA was tuned on
the respective LibriSpeech dev sets.

Table 2: Details of the static mixture schedule of ADA we used
in the experiments on LibriSpeech 100h and 960h datasets.

data Aligned Augm. AudioDict ADA
set sentences tokens sentences tokens sentences

100h 50% 20% 15% 20% 65%

960h 30% 20% 21% 15% 51%

Details of our static mixture schedule are listed in Table 2.
In each mini-batch, there is a fraction of sentences augmented
using our aligned method and fraction of sentences augmented
using the AudioDict only. The “tokens” columns indicate the
amount of token-level replacements applied to these sentences.
The final column lists the total of augmented sentences. In all
configurations, we apply SpecAugment at the end with a fre-
quency mask parameter of 30 and a time mask parameter of 40,
both with 2 masks along their respective dimension.

4.1. Results on train-clean-100

On this dataset, our ASR models are trained for 200 epochs
and checkpoints are averaged over the last 75 epochs for each
setting. We report mean and standard deviation of micro word
error rate (WER) calculated over 3 runs on the standard data
splits, i.e. dev-clean, dev-other, test-clean and
test-other. We also perform an ablation study to investi-
gate the effect of each proposed augmentation. Table 1 sum-
marizes the results. Our main baseline uses only SpecAugment
for data augmentation. Other SpecAugment baselines that were
trained on the same data split report comparable results, e.g.
baselines in [30] and [9] are worse than ours while the base-
lines in [12] are very close to ours.

Both non-aligned source side only (AudioDict) and non-
aligned target side only (LanguageModel) augmentations show
consistent reductions in WER of about 0.5–0.8 points on the
clean datasets. On the other datasets, however, the source
side only AudioDict augmentation gives improvements of about
1.4 points in WER while the target side only LanguageModel

augmentation gives lower improvements of 0.6–0.7. In both
non-aligned experiments, we applied augmentations to 50% of
the sentences and 20% of their tokens.

In comparison to the plain SpecAugment baseline, the lan-
guage model guided ADA-LM reduces WER by 1.25 and 1.38
points on the clean datasets, and by 1.62 and 2.09 points on
the other datasets. Switching to the random token replace-
ment strategy of ADA-RT gives even larger reductions in WER
by 1.97 and 2.70 points on the clean datasets (relative im-
provement 18.7% to 23.5%), and by 1.81 and 2.18 points on
the other datasets (relative improvement 7.9% to 9.3%). This
result is surprising at first as the augmented examples mostly
represent ungrammatical sentences. On second thought, such
examples effectively force the model to rely less on the inherent
language model of the ASR system, and put more weight on
the plain audio recognition component as conditioning factor,
resulting in increased model performance on unseen examples.
This result is confirmed by a side experiment where randomly
replacing tokens on the target side only did not in general im-
prove results over the baseline.

4.2. Results on train-960

On this large dataset, we train our ASR model for 150 epochs
and average checkpoints of the last 20 epochs for evaluation.
Mean and standard deviation of WER are calculated over 2 runs.
Table 3 summarizes our results. In comparison to the SpecAug-
ment baseline, we observe consistent improvements for the
ADA-based methods on all datasets. For the language model
guided ADA-LM method, WER is reduced by 0.22 points on
the other datasets corresponding to a relative improvement of
2.6% and 2.7%, and WER is reduced by 0.26 points and by 0.23
points on the clean datasets corresponding to a relative im-
provement of 4.1% and 5.2% on dev and test, respectively.

Switching to the random token strategy implemented in
ADA-RT gives further improvements. WER is reduced by 0.33
points and by 0.32 points on the other datasets which corre-
sponds to a relative improvement of 3.9%, and WER is reduced
by 0.44 points and by 0.70 points on the clean datasets which
corresponds to a relative improvement of 11.2% and 15.7% on
dev and test, respectively.

For the large 960h dataset, comparable numbers to our
baselines can be found in [20]. They use a transformer archi-
tecture implemented in ESPnet [31] and report SpecAugment
baseline WER scores that are very close to ours.

4.3. Training Speed and Model Complementarity

We report average per-instance training time normalized by the
baseline model’s training time in the last column of Tables 1

1301



Table 3: Averaged results in WER on the LibriSpeech 960h dataset over two runs with standard deviations (±). Our language model
guided aligned ADA method (ADA-LM) is about twice as slow as SpecAugment. ADA-LM gains relative improvements of 4.1% to 5.2%
on the clean datasets, and of 2.6% to 2.7% on the other datasets. ADA-RT gains relative improvements of 11.2% to 15.7% on
the clean datasets, and of 3.9% on the other datasets. Prepended numbers denote statistically significant difference to the model
numbered in column “#” at the 5% level determined following [29].

# model dev-clean dev-other test-clean test-other time

1 SpecAugment (baseline) 3.94 ± 0.10 8.47 ± 0.13 4.45 ± 0.10 8.29 ± 0.06 1.0
2 ADA-LM 3.78 ± 0.02 8.25 ± 0.00 14.22 ± 0.07 18.07 ± 0.01 1.8
3 ADA-RT 1,23.50 ± 0.03 18.14 ± 0.05 1,23.75 ± 0.01 17.97 ± 0.04 1.3

and 3. Adding the audio dictionary for augmentation increases
training time by a factor of 1.2 compared to SpecAugment
alone. Notably, the largest increase in computational effort is
introduced by querying the language model. The target side
only LanguageModel experiment increases training time by a
factor of 2.0, and our language model guided ADA-LM imple-
mentation increases training time by a factor of 2.4 for 100h,
and 1.8 for 960h. The random token strategy of ADA-RT is
thus significantly faster than its language model guided coun-
terpart, resulting in a training time increase factor of only 1.3.
This shows that both ADA variants are well-suited for on-the-
fly training, where the latter, ADA-RT, is remarkably efficient.

Table 4: Numbers in “()” are the differences in WER to the top-
most model which was trained w/o any augmentation method.
They illustrate that ADA-RT is complementary to SpecAugment.

model test-clean test-other

w/o Augmentation 13.74 31.91
SpecAugment (SA) only 11.50 (−2.24) 23.50 (−8.41)
ADA-RT w/o SA 10.95 (−2.79) 30.03 (−1.88)
ADA-RT with SA 8.80 (−4.94) 21.32 (−10.59)

In a side experiment, we evaluated the complementarity be-
tween ADA and SpecAugment and report results in Table 4.
The numbers in parenthesis nicely illustrate that the contribu-
tions of ADA-RT w/o SA and SpecAugment directly add up.

4.4. Significance Testing

Significance testing across different runs is not straightforward.
Pairwise tests [32] across different runs of models are problem-
atic as the rejection of the null hypothesis might be based on
different initializations and not only on architectural model dif-
ferences. Bootstrap tests [33] might be problematic because of
the assumption that the test set is representative of the popula-
tion distribution, something which is not satisfied if train and
test data are from different domains. A non-parametric signifi-
cance test that only relies on the strategy of stratified shuffling
is the permutation test, a.k.a. (approximate) randomization test,
dating back to [34]. For large samples, this test has been shown
to be as powerful as related parametric tests [35], and it pro-
duces fewer Type-I and Type-II errors than the bootstrap [36].

Thus, to compare our systems we conduct significance tests
as follows. For each transcription reference, we compress the
score results of each system’s runs to a single average, effec-
tively reducing score variance per example. This is valid for
WER values case because the reference length is constant. We
then determine p-values to decide whether our proposed sys-
tems are significantly different to their SpecAugment baseline
models and we also compare systems against each other. For
Librispeech 100h, we conduct in total 10 pairwise comparisons
of models, thus we apply a Bonferroni correction to the 1% level
and set α to 0.001 (0.01/10). For Librispeech 960h, we conduct

3 pairwise comparisons, thus we set α to 0.0166 (0.05/3) for the
5% level. Statistical significance of model differences is then
determined using an approximate randomization test: we set the
number of randomly shuffled runs to 1000, and in each run, we
exchange the transcriptions’ scores of two models with a prob-
ability of 0.5 for each example and calculate the test statistic.

On Librispeech 100h, both ADA models as well as the
LanguageModel and AudioDict models are significantly differ-
ent to their SpecAugment baseline models on all four datasets.
On the clean datasets, the ADA models are also significantly
different to all models that don’t use alignment information,
with the best performing ADA-RT model being significantly
different to ADA-LM. On Librispeech 960h, significant differ-
ences of ADA-LM to their SpecAugment baseline models were
identified on test-clean and test-other. The ADA-RT
method, however, is significantly different to its SpecAugment
baseline models on all datasets, and turns out to be also signifi-
cantly different to ADA-LM on the clean datasets.

5. Conclusion
We proposed a data augmentation method that makes use of
alignment information to create effective training examples. An
audio dictionary that is extracted from the training set can be
queried with low computational overhead and is used to con-
struct previously unseen utterances and speaker combinations.
By combining textual token replacements with the audio dic-
tionary in an aligned manner, our model is able to construct
unseen examples on-the-fly with acceptable impact on training
speed if we use predictions from a language model. In case we
employ a random strategy for token replacements, we see even
larger improvements with very little impact on training speed.
Our aligned methods show significant improvements in WER
over methods that don’t use alignment information on small to
medium and large LibriSpeech datasets.

In future work, we would like to further strengthen the idea
of aligned augmentation. For example, one could replace n-
grams building semantically meaningful phrases, or apply fil-
ters on stopwords or frequency of words. The audio dictionary
could be enriched with audio representations extracted on speed
perturbed raw audio waveforms, and entries could be stretched
temporally. We also plan to investigate methods for combin-
ing existing data augmentation techniques such as learning a
sample-adaptive policy, or to combine our approach with self-
training given source audio data, and we plan to evaluate our
methods on noisier datasets and other languages.
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