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Abstract

an easy comparison of test and reference utterances, thus leading to an understanding of how the test utterance differs from
equivalent utterances by reference (native, healthy) speakers.

In voice conversion, it is possible to transfer some characteristic components of a (target) speech utterance, such as the content, pitch, or speaker identity, from the corresponding component from another (source) utterance. This has recently been
achieved by characterizing these components through neuralbased vector embeddings which encode the specific information to be transferred. In the particular case of neural prosody
embeddings, to the best of our knowledge, no work has explored the informativeness of these embeddings for other purposes, such as prosody assessment or comparison of prosodic
patterns. In this work, we use an intonation data set and a
voice conversion corpus to explore how these neural prosody
embeddings group for utterances of different intonation, content, and speaker identity. We compare these neural prosody
embeddings to hand-crafted acoustic-prosodic features and to
content embeddings. We found that neural prosody embeddings
can achieve a geometrical separability index as high as 0.956 for
highly contrastive intonations, and 0.706 for different sentence
types.
Index Terms: neural prosody embeddings, prosody transfer,
prosody assessment

To the best of our knowledge, the use of neural-based embeddings beyond its initial purpose remains vastly unexplored.
Here, we extracted neural prosody embeddings using a voice
conversion module [11], and considered an intonation data set
and VCTK, a corpus for voice conversion [12]. We compared neural prosody embeddings, acoustic-prosodic features
and content embeddings by using utterances with the same intonation (from the intonation data set) and utterances of contrasting intonation categories (from VCTK). We search for trends of
separability, using clustering assessment metrics and visualizing the projections of the embeddings in a reduced dimensionality space.

2. Related Work
Much of the research on intonation for L2 is based on the direct
comparison with a reference production of an intonation. This
is the case of [13, 14, 15, 16, 17], where systems are trained
to assess how good a sentence is when compared to a given utterance. In parallel to this, other approaches focus on the classification of the intonation of segments, in which a segment is
classified according to a prosodic label, as in [18, 19]. Typically,
the data used in the aforementioned tasks have been annotated
by human experts.

1. Introduction
The full expressive potential of prosody is by now widely acknowledged, even if not exhaustively understood. In a quest for
naturalness in speech, Text-to-Speech (TTS) technology is now
investing in prosody production [1, 2]. Meanwhile, the technology for Computer Assisted Language Learning (CAPT) is now
strengthening its offer in terms of prosody teaching [3, 4].
Prosody encompasses much information that is crucial to
spoken communication. Limitations in its production are considerably detrimental to speakers, due to illnesses, as Parkinson’s [5, 6, 7], or to a limited command of the language, as in
second language speakers (v.g., [8, 9, 10]). For this reason, it
is very important to have good methods for the assessment of
prosody. In general, it is also desirable that these methods do
not exclusively rely on human annotation, as this may be expensive and cumbersome.
In this work, given the above mentioned limitations and
challenges, we test the hypothesis that neural prosody embeddings can be useful for prosody assessment, in particular,
prosody transfer embeddings. Prosody transfer tasks are currently possible due to the use of embeddings which encode
prosodic content. Because of this, these embeddings might be
directly and easily compared to each other. This could allow for

Lately, the speech synthesis field has devoted much attention to prosody in a quest for naturalness in the synthesized
speech. For example, in Tacotron [20], prosody evolved from
being implicitly learnt to being represented in dedicated embeddings, by adding a prosody-specific encoder to the model [1, 2].
Other works, instead of relying on implicit learning of prosody,
turn to explicit prosody annotation, while still using neuralbased models, as [21, 22]. According to the authors of [21],
most neural TTS methods fail to encode text-based prosodiclinguistic content, when compared to Statistical Parametric
Speech Synthesis (SPSS), where linguistic and prosodic features are extracted. To bridge this gap, the authors encode information about stressed syllable and pitch accent into a phoneme
embedding given at the input to the model. In [22], the model
is fed with ToBI [23] labels as well.
Speech decomposition denotes the separation of speaker
identity, spoken content, pitch and rhythm, for instance, or any
desired combination of these. These decompositions normally
rely on encoder-decoder architectures, which separately encode
the parts to differentiate. The resulting embeddings can then be
used as representations of the respective parts: for speaker identity [24, 25, 26]; for rhythm, content, pitch and speaker [11];
and to disentangle speaker from language [27].

This work was supported by national funds through Fundação para
a Ciência e a Tecnologia (FCT), with reference UIDB/50021/2020 and
PhD grant SFRH/BD/139473/2018.
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3. Methodology

joint decoder with CTC + transformer. This model was trained
with LibriSpeech (EN) [32] and attains a WER of 2.46 for testclean and 5.86 for test-other. As these embeddings have lengths
proportional to the size of the utterance, to directly compare
the content of utterances of different lengths, we computed the
time average of these embeddings for each utterance. We used
these embeddings to check whether the information encoded in
the NPE was actually not content instead of pitch. The resulting vectors, Content Embeddings (CE) have length 768. As all
sounds of the words in the intonation data set exist in English,
we used the same model to extract data for both datasets.

The methodology we follow consists of analysing data corresponding to different intonation types with different features:
neural prosody embeddings, acoustic-prosody features and content embeddings. We take as premise that a set of features is as
good to encode prosody as it is able to lead to well-separated
clusters of contrastive utterances. We analyse this by using specific metrics to assess clustering, as well as by inspecting the
utterances’ t-SNE projections [28], a method that permits visualization of data in a two-dimensional space.
3.1. Features

3.2. Clustering metrics

3.1.1. Neural Prosody Embeddings

3.2.1. Silhouette Coefficient

SpeechSplit [11] is a system for unsupervised decomposition
of speech into pitch, rhythm, content and speaker, with applications to voice conversion. The framework consists on an autoencoder with three encoders (for pitch, rhythm, and content –
speaker is only considered at the decoder) and one decoder. The
information of the components is corrupted in such a way that
the encoder of component X is the only encoder to have full
access to the uncorrupted information of X. Furthermore, the
model includes a mechanism of information bottleneck, which
aims at forcing the output of each encoder to keep no more than
the information of the corresponding component. We refer the
reader to the original work [11] for implementation details.
In order to obtain fixed-length embeddings, the SpeechSplit
model expects input sequences of 3 seconds, and shorter input
sequences are padded with zeros. Since we are interested in
extracting embeddings for sentences of arbitrary length, while
keeping original model architecture, we trained the model regularly and afterwards altered the encoders at inference time. In
the regular model, the last step of the encoders is the concatenation of the backward and forward outputs of an LSTM, after
being sampled at regular spaced intervals. We, instead, changed
this step so as to sample a fixed number of equally spaced points
(the same as before), but with variable distance. This way we
managed to keep a fixed length on the embeddings with a total
size of 1536 components. In this work, we only used the embeddings of the pitch encoder, given that rhythm embeddings performed considerably worse than the pitch ones in preliminary
experiments. Hereinafter, we refer to these pitch embeddings as
neural prosody embeddings (NPE).

The Silhouette Coefficient [33] measures how the samples in a
data set are similar to the ones of its own class when compared
to samples in other classes. It ranges from -1 to 1, where negative values mean assignments to the wrong cluster, 0 indicates
cluster overlap, and 1 indicates the best separation possible. For
each sample x, the Silhouette Score is
S=

b(x) − a(x)
,
max(a(x), b(x))

(1)

where a(x) is the mean intra-cluster distance and b(x) is mean
nearest-cluster distance. The Silhouette Coefficient is the mean
Silhouette Score of all samples.
3.2.2. Geometrical Separability Index
Thornton Index (TH) [34], also known as Geometrical Separability Index (GSI), corresponds to the fraction of a set of points
which have the same classification labels as their first neighbour. It can be described as
GSI =

1 n
Σi=1 f (xi , x′i ) ,
n

(2)

where x′i is the nearest neighbour of xi , n is the number of
points, f is a function that is 1 if xi and x′i belong to the same
class and zero otherwise. Therefore, GSI will tend to 1 if opposite labels exist in well-separated groups [35].

4. Experiments

3.1.2. Acoustic-Prosody Features

4.1. Corpora

The Geneva Minimalistic Acoustic Parameter Set [29] is a set of
functionals computed on top of low-level descriptors, designed
specifically to provide a common ground for research in various areas of automatic voice analysis, namely paralinguistics.
Here, we use the extended set (88 features). It has been widely
used in paralinguistic tasks. In particular, [30] used it to represent style (prosody). We use these features here as a means
to understand how much we gain from using pretrained models
to extract features (transfer learning). In this work, we use the
name acoustic-prosody features (APF) to refer to these features.
APF features were scaled for zero mean and unit variance.

4.1.1. Intonation Data Set

3.1.3. Content Embeddings

We used a small intonation data set, comprising 20 original
stimuli recorded by a native female speaker of Standard European Portuguese and reproductions of it by 17 different speakers. The 20 original stimuli correspond to the possible combinations of five words: Banana, Bolo, Gelado, Leite, and Ovo1 with
four different intonations: Declarative, Interrogative2 , Pleasure, and Displeasure (v. Figure 1). Each utterance corresponds
to one word uttered with one particular intonation. In total, there
are 340 imitation utterances, of which 320 are labelled as good,
which are the ones we considered here.
Although limited, the Intonation Data Set is the most reliable set we have in terms of prosody assessment, as it con-

To encode content information, we extracted the embeddings
from an ASR model at the end of the encoder for each utterance.
We used a pre-trained model provided by SpeechBrain [31],
with an acoustic model made of a transformer encoder and a

1 The translation of these words in English is, respectively, Banana,
Cake, Ice Cream, Milk, and Egg.
2 Although single-worded, the intonation of these interrogative utterances corresponds to typical yes-no question.
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4.3. Results
For the intonation experiments and the contrastive sentence experiments, results are in Table 1 and in Table 2, respectively.
The plots of the t-SNE projections are in Figure 2 and Figure 3
(only for NPE). The distributions on the t-SNE plots were verified to be constant throughout different seedings.
Table 1: Clustering metrics for the Intonation data set.
NPE
Figure 1: F0 contours of the stimuli for the word “banana”.

SC ↑
GSI ↑

tains different intonation patterns for the same word, which allows for a better control of what is actually varying (prosody or
phonemes).

all
0.086
0.762

APF

int/oth
0.214
0.956

all
0.019
0.406

int/oth
0.027
0.668

CE
all
0.006
0.682

int/oth
0.047
0.850

5. Discussion
5.1. Intonation Comparison

4.1.2. VCTK Data Set

In Table 1 values are always better when comparing interrogatives to other intonations. As well, values for NPE are always
better than their APF and CE counterparts. Since we know that
these intonation types are contrastive, we assert that NPE provide the best clustering. Differences between pleasure and displeasure are strongly encoded with rhythm and energy, which
do not seem to be sufficiently represented in these embeddings,
according to the plot in Figure 2. This is a good indicator
that these embeddings are actually encoding intonation and not
other prosodic components.
In the t-SNE projections of APF and CE (Figure 2, columns
2 and 3), there is also some tendency for points of the same
colour to be grouped together, corresponding to the values in
Table 1. This indicates that there is also prosodic encoding in
these embeddings. However, in none of these are the intonation
clusters as separate as they are in NPE (even when we consider
the four of them). The fact that male and female utterances are
mixed in the plots (Figure 2, column 1) seems to show that what
is being encoded is actually the variation of pitch (intonation)
and not the absolute values of pitch, which is desirable for the
purpose of assessment.
On the t-SNE plot of APF, not only there is little overlap between utterances of male and female speakers, but also there is
a small cluster of the darker points, corresponding to the same
(reference) speaker. This indicates that these features model
other speaker traits than gender more accurately than intonation. These features are functionals of low-level descriptors,
which leads to the loss of relevant local variations in the utterance, thus better modeling constant traces of the utterance (as
speaker identity). Indeed, intonation seems to be secondary for

We have also used the CSTR VCTK Corpus [12]. It comprises
110 English speakers of various accents, with approximately
400 utterances per speaker. These utterances correspond to the
rainbow passage, an accent elicitation paragraph (“Please call
Stella.”) – common to all speakers – , and a newspaper text,
different for each speaker. We use “sentence” to refer to a specific text, and “utterance” or “sample” to each realization of a
sentence.
4.2. Experimental Set Up
4.2.1. Model training
The SpeechSplit model was trained with the default parameters,
using 20 speakers from the VCTK [12] corpus during 400k iterations. Like in [11], we use 80% of the sentences from these
speakers for training the model. Note that all the data from these
20 speakers is removed for the following analysis experiments.
4.2.2. Intonation Comparison
We considered the four classes in the intonation data set as well
as the interrogative class against the other three. We took the
later split as we know that these sets bear contrasting intonation
patterns: whereas intonation has a final up pitch, the other three
have mostly a final down pitch (v. Figure 1).
4.2.3. Contrastive Sentence Comparison
Although it is known that syntax does not have a one-to-one
mapping with prosody, it is also known that there is some correspondence through the syntax-prosody interface [36]. For this
reason, we analysed contrastive sentence groups: simple vs.
complex (S/C), i.e. sentences with more than one main verb
vs sentences with only one verb; yes-no questions vs. declaratives (Y-N/D); and sentiment-contrastive sentences, i.e. positive
vs. negative (+/-). The sentences were selected and validated by
an expert linguist.
In some of these combinations, one class largely outnumbered the other. We therefore randomly chose samples from the
largest class, so as to equal the size of the smallest. The results correspond to the average results for five different random
selections.

Table 2: Clustering metrics for contrastive sentences of VCTK:
Simple vs Complex (S/C), Yes/No vs. Declaratives (Y-N/D) and
Positive vs negative (+/-).

S/C
Y-N/D
+/-
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SC ↑
GSI ↑
SC ↑
GSI ↑
SC ↑
GSI ↑

NPE

APF

CE

0.046
0.705
0.035
0.706
0.001
0.542

0.010
0.564
0.009
0.590
0.005
0.550

0.054
0.681
0.020
0.883
0.033
0.924

Figure 2: t-SNE projections of the Intonation data set. Left to right: NPE, PF, CE. Darker points correspond to stimuli. Squares: male
speakers, circles: female speakers.

Figure 3: t-SNE projections of NPE for contrastive sentences of VCTK. Left to right: Simple vs Complex; Yes-no questions vs Declarative; Positive vs Negative Sentiment. Squares: male speakers, circles: female speakers.
the clusterings of APF and CE, as gender and word tend to account for most of it (respectively).

and to flatter intonation in general. It is also important to keep
in mind that the neural prosody embeddings used in this work
have been designed for fixed length utterances of 3s maximum,
and afterwards adapted by us for variable length. Currently,
with this architecture, it is possible that prosodic cues are not
fully encompassed, as the relevance of the intonation is uniformly sampled throughout the utterance, which is not aligned
with normal prosodic production.

5.2. Contrastive Sentence Comparison
Regarding the NPE features, we find that SC and GSI metrics
are considerably higher for S/C and Y-N/D groups of sentences
than for +/-. This means that these features allow for some clustering in the cases of S/C and Y-N/D, but not for +/-, where results hardly surpass chance level. We consider these results acceptable, if we consider that there is not necessarily a contrast
intonation between positive and negative sentences, mainly in
the case of read speech. In the case of S/C and Y-N/D contrastive groups, the GSI scores close to 0.7 are considerably
above chance level. This means that the separability of these
classes is relevant. In the corresponding plots, we can find some
regions where there is a clear separation, although there is also
a considerable overlap between the two classes.
For the APF features, we notice that the SC score is always
small, while GSI is quite close to chance level, meaning that
there is no considerable tendency for sentences of the same class
to stay closer than further from the ones of a different class.
The CE features provide results which tend to be similar or
even better that NPE. This can be related to lexical cues that
allow to discriminate between sentence-types.

6. Conclusions
In this work, we have compared neural prosody embeddings trained for prosody transfer with paralinguistics handcrafted features and content embeddings, in order to understand
whether these embeddings could be useful for prosody assessment tasks, and how they compared to other features. We have
understood that they provide good separability for small utterances, as we saw in the intonation data set. We attained a
GSI of 0.956 when comparing interrogatives to other sentencetypes. For longer utterances, we have evidence that prosody is
being encoded, with a GSI as high as 0.706 for yes-no questions vs declaratives, where prosodic differences are evident.
Although promising, more research is needed to find reliable
ways to compare the prosody of long variable-length sentences.
This work has shown that NPE are informative, but it also raises
several questions since embbeddings are known to capture context, but intonation variance is still not well captured with this
method. Future work will tackle distinct processes to capture
pitch variance and its implications to L2 assessment and will
also tackle variable sentence length, areas which are still very
challenging in the literature.

5.3. Intonation vs. Contrastive Sentence Comparison
The data used in the two sets of experiments are very different
in what comes to prosodic content. The intonation data set is intentional and therefore prosodic cues are accentuated, whereas
VCTK is only read speech, which leads to less expressiveness,
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