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Wav2vec behind the Scenes: How end2end Models learn Phonetics

Teena tom Dieck', Paula-Andrea Pérez-Toro™2, Tomds Arias—Vergaral’

2,3

1

Elmar Néth', Philipp Klumpp*

Pattern Recognition Lab, Friedrich-Alexander-Universitit, Erlangen-Niirnberg, Germany
2GITA Lab, Facultad de Ingenieria. Universidad de Antioquia, Medellin, Colombia
3Department of Otorhinolaryngology, Head & Neck Surgery, University Hospital Erlangen
{teena.tom.dieck;philipp.klumpp}@fau.de

Abstract

End2end models became extremely popular in recent years.
Whilst they excel at tasks like acoustic modelling or full-fledged
speech recognition, the decision making process can be quite
complex to retrace due to their black-box character.

As end2end models learn high-level feature extraction on-the-
fly, outputs from hidden layers from within the network had
been used as feature vectors in various studies to perform trans-
fer learning. It is therefore crucial to understand how extracted
hidden activations transport information collected from the sig-
nal. Furthermore, is the traditional categorization into feature
extractor and temporal analysis still applicable on the sub-parts
of end2end models?

By the example of Wav2vec 2.0, we show how an acoustic
model learns to perform a frequency analysis on a speech wave-
form. Our experiments also show that phonetic information
about speech production is preserved in extracted feature vec-
tors. Ultimately, our findings highlight how different parts of
an end2end model encode information on an entirely different
level. Whilst the influence of gender is quite large on early fea-
ture vectors, it vanished after temporal contextualization. At the
same time, hidden activations which included context informa-
tion were superimposed by language-related patterns.

Index Terms: Acoustic Modelling, Feature Extraction, Pho-
netic Analysis

1. Introduction

Over the course of the past years, end2end models for acoustic
modelling and automatic speech recognition (ASR) experi-
enced a significant increase in both popularity and power.
Any sequence understanding task can be broken down into
two major steps. At first, features are extracted, traditionally
over a window of fixed size. This window can be shifted
over the sequence of arbitrary length to compute feature
vectors (FV) at different time steps. The second part of a
sequence understanding problem then encompasses the actual
analysis of temporal patterns. Instead of using only the FV of
one particular time step, a model should be able to evaluate
local information against the background of its temporal
context. Modern end2end architectures solve the task of feature
extraction and temporal contextualization in one framework,
allowing each component to learn from the respective other.

Among the most popular end2end architectures were
Wav2vec [1] as well as its successor Wav2vec 2.0 [2]. Un-
supervised (prediction of next time step) and self-supervised
(prediction of masked time steps) pretraining strategies were
used to learn a feature extraction which was not biased
towards the final task, for example phoneme recognition.
This pretraining is computationally very expensive, but the

Copyright (C) 2022 ISCA

following adaptation to a particular domain, often referred to as
fine-tuning, only requires the addition of a linear classification
layer to train the model on a specific task. All preceding layers
had already been ‘warmed up’, in other words, they already
performed a high-quality feature extraction and temporal
analysis, and during the process of fine-tuning, only little
adaptations are required (compared to a randomly initialized
‘cold start’) to push the parameters in the right direction.

While learning both feature extraction as well as temporal
analysis in one large model does have advantages, it also
comes at the risk of having a black-box solution which lacks
interpretability. Along with the growth of deep architectures,
methods to understand what happens inside of a neural network
during the process of decision-making became increasingly im-
portant. Initially designed for the domain of image-processing,
Grad-CAM [3] provided a technique to visualize which parts
of an input signal contributed strongly to the final decision by
exploiting gradient information during back-propagation. An-
other relevant approach is activation maximization [4]. Here,
after a successful training, the process of back-propagation
is flipped to find the input that maximizes the output of a
certain node (a node represents a class). Looking at the inputs
or outputs is not the only way to collect information about
a deep model, its latent dimensions also hold information
which describe the input signal. This property is used in
representation learning (RL) approaches, e.g. auto-encoders, to
learn lower-dimensional representations of data that preserves
as much information as possible. RL is generally referred
to as an unsupervised learning method, but representations
can also be extracted from any model trained in a supervised
manner. The idea of analyzing hidden layer activations has
been employed in the domains of image [5, 6] and speech pro-
cessing [7, 8, 9, 10]. A study [11] similar to the one presented
here evaluated how hidden layers of a multi-layer perceptron
trained with mel frequency ceptral coefficients (MFCCs) as
inputs encoded phonetic clusters and vowel characteristics. For
end2end models, such an approach is particularly interesting. It
could shed light on how information is transformed throughout
different stages of the neural network. Is Wav2vec 2.0 simply
a powerful acoustic model, or can it still be broken down
into a feature extractor and a temporal context analysis?
Furthermore, if Wav2vec 2.0 was trained as an acoustic model
to predict phonetic symbols, is it possible to derive information
related to fundamental phonetic concepts? This work aims
to answer these questions by fine-tuning a Wav2vec 2.0 base
architecture on a multi-lingual phone recognition task to
visualize intermediate network activations. Our experiments
show that end2end models are capable of encoding information
about vowel phonation, place and manner of articulation of
consonants, and that hidden activations from different parts of
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the model can yield very different results.

2. Materials & Methods
2.1. The Common Phone Dataset

To fine-tune our Wav2vec 2.0 model, we used the multilingual
Common Phone [12] (CP) corpus. It comprises 116 hours of
speech samples collected from more than 11.000 speakers in
English, French, German, Italian, Russian and Spanish. The
dataset is gender-balanced and provides phonetic annotation
with a total of 101 different symbols from the International Pho-
netic Alphabet [13] (IPA). Training of the acoustic model as
well as all experiments described throughout this work made
use of the .wav audio files which had been converted to the
standard format of 16 kHz sampling rate, 16 bits per sample
and single-channel configuration. We used the CP training split
to train the acoustic model. The test split was used afterwards
to evaluate the overall performance with respect to phone error
rate (PER) and to compute all hidden layer activations used in
the scope of presented experiments.

2.2. The Acoustic Model

We used the base Wav2vec 2.0 model [2] which had been pre-
trained on Librispeech [14], a corpus comprising 960 hours of
read English speech. A final linear layer was appended to the
model to map the outputs of the transformer [15] to 102 target
nodes. The additional output node besides the 101 phone targets
represented the blank token required for connectionist temporal
classification [16] (CTC). Parameters were tuned with Adam
optimizer [17]. The learning rate was initially set to 3 - 107°
and increased linearly to 3 - 107" in the first ten epochs. It was
then kept constant for 30 epochs, and would ultimately decay
exponentially by a factor of 0.96 for the final 120 epochs. In-
stead of showing the model the entire training data once in every
epoch, it was instead only given a subset of 5,000 randomly se-
lected samples from the training split.

When the final model was used for inference, the most probable
phone sequence was estimated through a beam search (beam
width = 10) and CTC decoding. As we did not want to in-
duce any language-related bias in phone transition probabili-
ties, no language model was utilized during decoding. The final
model achieved a global PER of 17.8 % on the development
and 18.1 % on the test set. Detailed results for the individual
languages can be found in [12].

2.3. Hidden Layer Activations

All hidden layer activations that were used in presented experi-
ments were extracted from predictions on the test set of CP. The
end2end model was not trained in a frame-wise fashion but with
CTC, thus many of the output frames were ultimately mapped
to the blank token. To get activations at the correct time frame,
we chose to always extract them if the final classification layer
emitted a phone symbol. The motivation is quite straightfor-
ward: CTC can be understood as a state machine, which would
output a blank token whenever the system should remain in the
current (previously emitted non-blank) state. If the system was
convinced that the state had actually changed, a new symbol
would be emitted. At this exact point in time, where the model
is strongly convinced of the new symbol being present, we ex-
tracted hidden layer activations.

Two layers had been considered for activation extraction. The
first one was the 768-dimensional output of the final transformer
layer. It was chosen not only because temporal analysis had
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been completed at this stage, but also because it served as the
input to the final classification layer, which from this vector had
come to the decision to output a non-blank symbol. The second
hidden activation output was collected from the last convolu-
tional layer at the same time step. It is quite common to refer to
the convolutional neural network (CNN) part of Wav2vec as the
feature extraction unit. We therefore wanted to access this 512-
dimensional vector to evaluate how it would be altered during
temporal contextualization in the following transformer layers.
Ultimately, for a single audio sample, the presented approach
yielded 3 sequences of equal length. The first sequence de-
scribed the recognized phone symbols, the second and third the
respective hidden activations from the transformer and CNN for
each of the emitted symbols.

2.4. Experiments

To visualize how FVs were distributed in the high-dimensional
space, they were decomposed via a 2-dimensional principal
component analysis (PCA). Depending on the individual exper-
imental setup, different sets of FVs were chosen to estimate the
decomposition. We chose PCA over other methods of dimen-
sionality reduction because it A) does not take any ground truth
information into account (e.g. like linear discriminant analysis)
and B) only determines the directions of maximum variance in
the high-dimensional space, hence resulting in a function that
can be used to transform unseen data into the 2 principal com-
ponents. Other techniques, particularly those from the domain
of manifold learning, only project data to a lower dimension,
without the ability to later transform unseen data points.

The goal of the first experiment was to find out if an end2end
model would be capable to reproduce the findings from [11],
stating that the arrangement of FVs closely resembled the vowel
triangle. The triangle reflects the tongue configuration during
phonation with respect to the position (from front to back) as
well as the elevation towards the palate (from open to close). It
is spanned by the open front vowel [a], the close front vowel [i]
as well as the close back vowel [u] [13]. This pattern could be
preserved by models that perform any kind of frequency anal-
ysis, because position and elevation are directly linked to for-
mant frequencies F'1 (more front, higher F'1) and F'2 (more
open, higher F'2), respectively [18]. To achieve more sta-
ble results, the elongated variants of the triangle vowels were
used to compute the PCA. Previous work had already shown
that formant patterns are more pronounced in elongated vow-
els [19], likely because the speaker had more time to precisely
position the tongue. Furthermore, we used an equal number
of samples per vowel to prevent any bias, and used the FVs
from the transformer layer, because it would summarize the en-
tire vowel, without onset or offset effects. The estimated PCA
would then allow transformation of any vowel sample into the
2-dimensional plane. We did this for the triangle vowels, and
additionally for the vowels [e] and [o0] to visualize how they
would arrange in the PCA that had never seen any of these vow-
els. Lastly, the plosive [p] was included to show what would
happen to a phone that is unrelated to the vowel triangle.

To find out whether the first experiment would also support the
assumption of short vowels being less accurately pronounced,
the same PCA was used to visualize the mean values of all vow-
els from the first analysis in their long and short variations. The
theory states that all short vowels should be located closer to the
center of the triangle [19].

To investigate to what extent Wav2vec would be able to preserve
information about place and manner of consonant articulation,
transformer FVs were collected from all fricative and plosive
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Figure 1: Scatter plot of vowel productions estimated over [a:],
[i:] and [u:]. [e:] and [o:] are correctly reflected inside the
vowel triangle. Productions of plosive [p] are closely scattered
around the origin.

phones. Productions of elongated or palatalized variants were
neglected, because they would heavily bias the PCA result. The
decomposition was then estimated over an equal number of ran-
dom samples drawn from each group. In the resulting plot, only
the mean values of the PCA decomposition of every phone were
visualized. For each plosive, an arrow was drawn from its mean
value to the mean value of the fricative with equal or (if no equal
could be found) very similar place and manner of articulation to
highlight their relationship.

The aim of the last experiment was to demonstrate how the last
CNN and the last transformer layer would encode information
in very unique ways. In the first part, we selected the same three
elongated vowels [a:], [i:] and [u:] as in the vowel triangle ex-
periment. Two PCA decompositions were estimated, one for
the CNN and one for the transformer FVs, by selecting an equal
number of FVs per phone and per gender (to avoid a biased re-
sult). The resulting PCA mean values of both genders would
shape a triangle, with one phone in each corner. The question at
hand is whether there are differences between female and male
speakers in FVs from the CNN or the transformer. Secondly,
we performed a similar experiment only with the phone [a], the
vowel that was found to be produced frequently among all six
languages. Instead of balancing with respect to gender, FVs
were balanced with respect to language, and afterwards visual-
ized. The question remained the same: Are there differences
between the results for the CNN and the transformer?

3. Results

Figure 1 illustrates realizations of vowels, projected into the 2-
dimensional plane with a PCA estimated from [a:], [i:] and [u:].
To recreate the triangle often shown in the literature, the first
principal component had to be plotted on the y-axis, the sec-
ond on the x-axis. Additionally, both values had to be multi-
plied by —1, which effectively inverted the direction of the axis.
While these operations may appear artificial, it was surprising
to find that they exactly match with the properties of the orig-
inal F'1-F2 plane. F'1 is found on the y-axis of the triangle,
and both F'1 and F'2 values are descending for increasing x and
y values. The close-mid front vowel [e:] was correctly located
below the fully closed [i:], the slight shift to the right indicated
the lower F'2 frequency. The same was observed for the [o:],
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Figure 2: Mean PCA values of short and long vowel produc-
tions. The origin is marked with ‘x’.

which was found below the [u:] and a little further towards the
left (increasing F'2).

Figure 2 depicts the mean values of all elongated vowels and
their short counterparts. As described in the literature, short
variants tend to be located closer to the center of the triangle
than the elongated ones.

Realizations of plosives and fricatives are shown in Figure 3.
Several of the plosives, like [t], [k] or glottal stop [?] were lo-
cated very close to fricatives with equal or similar place and
manner of articulation. For others, the distance was larger, but
the path of the arrow depicting the correspondence was never
interrupted by another phone class. Note that fricative [B] is
also a valid correspondence of plosive [b], however, we did not
include a second arrow because [B] and [v] are already very
similar. Lastly, the fricatives that did not have any articulatory
counterpart in the class of plosives were found mostly on the
left side.

In the last experiment, FVs extracted from the CNN and trans-
former had been compared. In the first part, differences between
female and male speakers were to be identified. The result is
shown in Figure 4. Vowel productions from both groups ap-
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Figure 3: Mean PCA values of plosive and fricative realiza-
tions. The arrows from a plosive to a fricative phone indicate
correspondences of equal or very similar place and manner of
articulation.
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Figure 4: Mean PCA values of vowel realizations [a:], [i:] and
[u:] from female and male speakers. Left side shows the results
from CNN feature vectors, right side those from the transformer.

pear to show no difference with respect to the first two principal
components of FVs from the transformer. At the same time, all
FVs that were extracted at the same time steps, but from the last
convolutional layer, seem to encode large amounts of gender in-
formation. This clearly shows that the dominance of a speaker’s
gender in the high-dimensional point cloud from the CNN FVs
was reduced greatly by the following transformer layers.

If the transformer was able to reduce the importance of gen-
der information, does it, at the same time, increase the impact
of other parameters? Figure 5 shows the same arrangement
of principal components computed for realizations of the open
front vowel [a], clustered according to the respective language
it was observed in. This time, the PCA result from CNN FVs
of the different languages are very similar, and their mean val-
ues were all close to the origin. For the same realizations of [a],
the transformer FVs encode plenty of language-related informa-
tion, up to the extent that one could determine a linear decision
boundary between certain languages.

4. Discussion

Rediscovering the pattern of a vowel triangle from the first two
principal components of vowel FVs was a clear indicator that
the end2end model had learned to perform a frequency analysis
on the raw waveform, and that formant information was found
to be of significant help for successful vowel classification. The
PCA even recovered the original (inverted) orientation of F'1
and F'2 on their respective axes. Furthermore, the transition
of short vowels towards the center of the triangle, which had
been covered in previous studies [19, 20], was preserved. Most
consonants, as demonstrated with the plosive [p], would scatter
very closely to the origin, as they did not contain much informa-
tion along the directions of the first two principal components
in the high-dimensional space. Small deviations from the origin
were only observed for consonants which also included some
voicing.

Along with formant information, knowledge about place and
manner of consonant articulation was preserved decently in hid-
den layer activations from the transformer. The major difference
between a plosive and a fricative that share place and manner of
articulation lies in stream of air, which is constant in the latter,
but interrupted and then released in the former. Such finding
could be utilized in a medical setup, for example in dysarthria
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Figure 5: Realizations of vowel [a] in all of the six languages.
Left side shows the results from CNN feature vectors, right side
those from the transformer.

assessment, to evaluate articulation of patients. A model that
learns the articulatory relationships between plosives and frica-
tives from healthy speech would not be restricted to the limited
amount of pathological data.

The last experiment clearly showed that FVs extracted from the
last CNN and the last transformer layer can encode information
on an entirely different level. The recovery of gender informa-
tion from the transformer output was basically impossible. This
may be caused by the fact that gender information does not play
any role in phone classification, hence, the transformer tries to
diminish its influence as much as possible. The CNN result was
strongly affected by gender information, which confirmed the
assumption of the convolutional layers serving as a feature ex-
tractor. This theory received more support in the second part of
the experiment. Putting it very simple, an [a] is an [a], no matter
what language it was produced in. There may be slight differ-
ences, but, from a phonetic perspective, the realizations of the
same phone (not phoneme!) in different languages should be
very similar. This is exactly what was observed for the hidden
outputs of the CNN feature extractor. According to this logic,
temporal context was included in the transformer layers, and
suddenly, the German [a] is very much different to the Spanish
one. This is very likely caused not by the vowel [a] itself, but
by the surrounding phones which ultimately shape phonotactic
information. Thus, the PCA of hidden activations from the last
transformer layer not only provide an acoustic model, but also
comprise language model information.

5. Conclusion

End2end models do not only yield state of the art results on
acoustic modelling and ASR problems, but they also learn
phonetic concepts such as a vowel triangle and the associated
F'1-F2 plane. Details about place and manner of articulation
are also well preserved. These findings are particularly impor-
tant because one does not have to explicitly search for the pho-
netic information, but it greatly affects the distribution of data in
the high-dimensional space. If hidden activations are extracted
from an end2end model, it is crucial to carefully select the cor-
rect layer. As our experiments have shown, feature extraction
and temporal contextualization transform the entire information
depending on the task that the model was optimized for.
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