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Abstract

A lot of work has been done to build text-
based language models for performing differ-
ent NLP tasks, but not much research has been
done in the case of audio-based language mod-
els. This paper proposes a Convolutional Au-
toencoder based neural architecture to model
syntactically and semantically adequate con-
textualized representations of varying length
spoken words. The use of such representa-
tions can not only lead to great advances in
the audio-based NLP tasks but can also curtail
the loss of information like tone, expression,
accent, etc while converting speech to text to
perform these tasks. The performance of the
proposed model is validated by (1) examining
the generated vector space, and (2) evaluating
its performance on three benchmark datasets
for measuring word similarities, against ex-
isting widely used text-based language mod-
els that are trained on the transcriptions. The
proposed model was able to demonstrate its
robustness when compared to the other two
language-based models.

1 Introduction

There are several methods in which humans and
computers can converse, like speaking (audio)
and writing (text). At present, research in the
field of NLP has advanced a lot to attain a good
understanding of textual data but there are still
some ways to go to properly contemplate the au-
dio/speech data.

Word embeddings are extensively used in NLP
applications since they have proven to be an ex-
tremely informative representation of the textual
data. Language models like GloVe (Penning-
ton et al., 2014) and Word2Vec (Mikolov et al.,
2013) successfully transform textual words from
its raw form to semantically and syntactically cor-
rect, fixed dimensional vectors. These type of
word representations for the spoken words can
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be widely used to process speech/audio data for
tasks like Automatic Summarization (Kégebick
et al., 2014), Machine Translation (Jansen, 2017),
Named Entity Recognition (Wen et al., 2020),
Sentiment Analysis (Liu, 2017), Information Re-
trieval (Rekabsaz et al., 2017), Speech Recogni-
tion (Palaskar et al., 2019), Question-Answering
(Tapaswi et al., 2016) etc.

Compared to text, not much research has been
done in the field of audio-based modeling primar-
ily due to the lack of large, reliable, clean, and
publicly available datasets on which the spoken
word language models can be trained. Also, spo-
ken words unlike textual words have a different
meaning when they are spoken in a different tone,
expression, accent, etc, and incorporating them
exponentially increases the difficulty of building
such language models. Such models also face dif-
ficulties such as different people can have differ-
ent pronunciations, tones, and pauses for the exact
same words.

The proposed model, aims at generating syn-
tactically and semantically adequate contextual-
ized vector representation of the variable length
audio files (instead of using fixed length audio files
with multiple word utterances), where each file
corresponds to a single spoken word in a speech
and further validates the vector representations by
evaluating it on three benchmark word similarity
datasets (SimVerb, WS-SIM, WS-REL). To fur-
ther increase the interpretability, this paper also
provides illustrations of the vector space generated
by the proposed model.

2 Related Work

A lot of work has been done in the field of
NLP to give textual words sound representations.
Word2Vec (Mikolov et al.,, 2013) has demon-
strated huge improvements in embedding sub-



linear relationships into the vector space of the
words but at the same time, they were unable to
handle out of vocabulary words. Another compa-
rable word representation model is GloVe (Pen-
nington et al., 2014). GloVe works to fit a giant
word co-occurrence matrix built from the matrix.
GloVe helps in taking into account the semantics
and also gives relatively smaller dimension vec-
tors.

Recent advances have enabled it to apply
deep learning to transform spoken word segments
into fixed dimensional vectors. (Chung et al.,
2016), uses fixed-length audio files and passes
them through a Sequence-to-Sequence Autoen-
coder (SA) and Denoising SA (DSA) to gener-
ate word embeddings. They demonstrated that the
phonetically similar words had close spatial rep-
resentations in the vector space but they failed to
meet the result standards similar to those by GloVe
trained on Wikipedia. Following the above work,
(Chung and Glass) used 500 hours of speeches
from multiple speakers divided into fixed audio
segments. They compare the results also with
GloVe based on 13 different comparison mea-
sures. Both, (Chung et al., 2016) & (Chung and
Glass) failed to capture the spoken words prop-
erly due to the use of fixed length audio segments.
Tagliasacchi et al. (2020), proposed an audio2vec
model which was built on top of the Word2Vec
models (Skip-gram & CBOW) to reconstruct spec-
trogram slices using the contextual slices and tem-
poral gaps. They were able to show that Au-
dio2Vec performed better than the other existing
fully-supervised models.

3 Model

The proposed model uses sequential utterances of
words from a speech to learn their correspond-
ing contextualized representations. These learned
contextualized representations capture the seman-
tic and syntactic properties of these spoken words.
The input to the model is a speech S. This speech
is split into individual spoken word utterances (in-
dependent variable-length audio files). The pro-
posed model used audio spectrograms for repre-
senting the audio files of these spoken word utter-
ances. An audio spectrogram is a visual represen-
tation of sound. So to get spectral representations,
all the spoken word utterances are converted to
their corresponding spectrograms (which depicts
the spectral density of a sound w.rt time (in our

case an utterance)). The spoken word utterance
spectrograms are represented by W; as shown in
equation 1.

S = [Wl,WQ,...,Wn],TLER (D)

In the above equation n represents the total num-
ber of spoken words present in a sentence of the
speech and W; € RU!2 represents a spectrogram,
where, [; is for the frequency (pitch/tone) dimen-
sion, [9 represents time. Values in the spectrogram
represents amplitude (energy/loudness) at a partic-
ular time of a particular frequency.

Words have different meanings when they are
spoken in different contexts. To capture the con-
text corresponding to spoken words, the proposed
model uses a context window of size m. So the
representation of a spoken word (target word) is
learned based on m spoken words after and be-
fore it. This context window of size m slides over
the whole speech having a target spoken word W,
(where 1 < ¢ < n) at the middle and m context
spoken words before and after it (a total of 2m con-
text words). These context spoken words are rep-
resented by Wy, ; where —m < j <m & j # 0.

Next, the model passes all the pairs of the tar-
get spoken word spectrograms W, with its corre-
sponding context spoken word spectrograms Wy ;
into a convolutional autoencoder individually to
learn the contextual representation of the target
spoken word corresponding to W;. The convolu-
tional autoencoder is composed of two indepen-
dent neural networks namely, an encoder network
and a decoder network. The encoder network is
represented by fy4 and the decoder network is rep-
resented by gg, where ¢ and 6 are the learnable
parameters corresponding to both the networks.
Both f4 & gy are used to extract the spatial fea-
tures of the input spectrogram w.r.t to the output
spectrogram. The target spoken word spectrogram
Wy is given as input to the encoder network, which
outputs a latent representation h. This latent rep-
resentation is then given as input to the decoder
network, i.e.

h = foe(Wy) = o(W, x ¢) 2
Wit; = go(h) = o(hx0) 3)
Witj = go(fo(Wr)) ]

In the equations 2 & 3, (x) represents the con-
volution operator, o is the LeakyReLu activation
function. The encoder network f¢, consist of two
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Figure 1: Proposed Model Architecture

convolutional layers on top of the input spectro-
gram. These convolutional layers are used for ex-
tracting hierarchical location invariant spatial fea-
tures. The output of the last convolutional layer in
fo 1s then flattened and passed to a d-dimensional
dense layer (h). This dense layer (h) is the embed-
ding layer which learns the contextual represen-
tation of the spoken word corresponding to input
W; (contextualized on the context spoken word
spectrograms). The decoder network takes the
embedding layer (h) as input and generates a re-
construction W, by passing (h) through a dense
layer and two transpose convolutional layers. The
d-dimensional embedding layer (h) learns an ef-
ficient contextualized representation of the word
corresponding to WW; by minimizing the loss func-
tion L (shown in equation 5). In the equation be-
low, IV represents the batch size and m represents
the size of the context window.

m

Los = Zim >

Jj=—m;j#0

(Awtth+j)) &)

where,

Aw, wops = l190(fo(We)) — Wigsl13 (6)

The lost function defined above helps the la-
tent embedding to learn the contextual relation-
ship between the target spoken word spectrograms
and it’s the corresponding context by calculat-
ing a reconstruction loss between the reconstruc-
tion W/ and the corresponding contextual spec-
trograms Wy ;. Since a word spoken in different
tones has different spectrograms, the model also
captures the tone in which the words are uttered
in its contextual embedding. So in summary the
proposed model can not only incorporate context

in the spoken word representations but can also in-
corporate its tone.

4 Evaluation Setup

4.1 Dataset

The proposed model uses Trump’s speeches (Au-
dio and word transcription)! dataset for training
and testing. This dataset was chosen because it
comprises of audio files and their corresponding
word split JSON files. Another reason for choos-
ing this dataset was that it contains speeches of a
single person (which will eliminate the problem of
having different pronunciations of the same word).
These JSON files contain a direct mapping be-
tween each word spoken and the duration in which
it was spoken. These mappings were used to split
the full audio file into multiple audio files for each
word spoken. This context mapping was used to
create input-output pairs for the proposed model.
The statistics about the dataset is shown in Table
1.

Table 1: Dataset Statistics

# Words ‘ # Sentences ‘ # Context Mappings ‘ # Seconds
181k | 1K ] 72.6K | 129K

4.2 Training Details

The proposed model was evaluated on 10% of the
data, and the rest was used for training. From the
training set, 10% data was used as the validation
set. It was trained for 50 epochs having a mini-
batch size of 5. For optimization, Adam optimizer

"https://www.kaggle.com/etaifour/trump-speeches-
audio-and-word-transcription



was used to have an initial learning rate of 0.01.
A context window size of 2 was used for all the
experiments (due to computational resource lim-
itations). Early stopping with the patience of 5
epochs and dropout with a dropout rate of 0.7 was
used to avoid over-fitting. The size of the latent
representation d was set to 16. The size of the fil-
ters in the convolutional and de-convolutional lay-
ers was set to (4x4).

4.3 Results

The performance of the proposed model was val-
idated by (1) inspecting the vector space and (2)
evaluating its performance on three benchmark
datasets for measuring word similarities, and com-
paring the proposed model with text-based lan-
guage models (trained on the textual transcripts).

Principal Component 2

Principal Component 1

Figure 2: Vector space generated by the proposed model

To visualize the performance of the proposed
model, the dimensionality of the audio vec-
tors (16-dimensional) was reduced using princi-
pal component analysis (PCA) (Hotelling, 1933),
to plot the spoken word representations in a (2-
dimensional) vectors space. Figure 2 illustrates
the vector space generated by the proposed model.
On closeup, it can be easily seen that similar
spoken words were grouped together in the vec-
tor space. For example, spoken words like big,
biggest, and much fall in vicinity to each other. It
can also be seen in figure 2 that the same spoken
words (big & biggest), uttered in different tones
were also in close proximity but were slightly
distant from each other. This demonstrates the
capability of the model to capturing semantical
and syntactical similarities between different spo-
ken words (or the same spoken word in different
tones).

Table 2: Results Table

Dataset # Word | Spearmans rank correlation coefficient p
Pairs | Our Model | Word2Vec | GloVe
SimVerb 275 0.31 0.32 0.28
WS-SIM 33 0.51 0.49 0.47
WS-REL 53 0.23 0.25 0.25

The spoken word representations generated by
the proposed model were evaluated on three dif-
ferent benchmark datasets (SimVerb (Gerz et al.,
2016), WS-SIM and WS-REL (Agirre et al.,
2009)) that are widely used for computing word
similarities/relatedness between words. The com-
parison of the proposed model is done with the
text-based language models Word2Vec (Mikolov
et al., 2013) and GloVe (Pennington et al., 2014).
In the case of the proposed model, word similari-
ties were obtained by measuring the cosine simi-
larities between the spoken vector representations
of the corresponding words, and in the case of
Word2Vec & GloVe, similarities were computed
between the corresponding word (textual) vector
representations. Table 2 reports Spearmans rank
correlation coefficient p between the human rank-
ing (Myers et al., 2010) and the ones generated
by each model. The proposed model was trained
on a small dataset (small vocabulary). So the pro-
posed model was not able to generate represen-
tations for some of the word pairs present in the
above mentioned three benchmark datasets (Num-
ber of word pairs used is also shown in the ta-
ble above). Despite spoken words having differ-
ent tones/expressing/pause for the same words de-
pending on the context (in contrast to text), the
proposed model was able perform comparably to
the existing text-based language models.

5 Conclusion

This paper introduces an unsupervised model that
not only was able to successfully generate seman-
tically and syntactically accurate contextualized
representations of varying length spoken words
but was also able to perform adequately on three
benchmark datasets for measuring word similar-
ities. The proposed model also demonstrated its
capabilities to capture tones and expressions of
the spoken words. To the best of our knowledge,
this is the first work that tries to model variable-
length spoken words using convolutional autoen-
coders. In the future, we plan to extend the capa-
bilities of the model to handle different pronunci-



ations/accent by different speakers.
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