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Abstract
Recently, there has been growing interest in the synthesis of
conversational speech prosody. Conversational prosody is vari-
able and carries many pragmatic functions. As speech synthesis
research moves to using large amounts of untranscribed data, it
is crucial that we understand the subtle pragmatic differences
prosody can make. This study focuses on discourse markers,
which are linguistic elements that perform various communica-
tive functions, with their specific roles often linked to their
prosodic realisation. In this paper, we explore the prosodic re-
alisation of well using an unlabelled corpus of conversational
speech. We use clustering to explore the variation in its prosodic
realisation and identify common patterns in a data-driven man-
ner. We synthesise the cluster centroids using controllable
speech synthesis. Finally, we evaluate how the prosodic real-
isation of well affects the meaning of an utterance.
Index Terms: conversational speech synthesis, pragmatics,
prosody

1. Introduction
Since the improvement in the synthesis of read speech in Text-
to-Speech synthesis (TTS), there has been growing interest in
synthesising conversational speech, in particular in synthesis-
ing expressive conversational prosody. Conversational prosody
is highly variable and context-dependent, and it has many func-
tions in conversation, such as signalling salient information,
managing turn-taking, and expressing stance/attitude. To model
natural conversational prosody, recent approaches in TTS re-
search are beginning to use large amounts of unlabelled found
data [1, 2], which have not been created for the purpose of
building TTS models [3].

One of the benefits of using found data is that we can use
larger amounts of data to capture a broader range of prosodic
variation and spontaneous/conversational speech phenomena
such as backchannels [4], filled pauses [5, 6] and discourse
markers [7, 8]. However, this approach also presents a signifi-
cant challenge, namely accounting for the variation in the data.
Without accounting for variation in the data, we risk synthe-
sising average prosody [9] or an inappropriate realisation given
the dialogue context. Synthesising a realisation unsuitable for
its pragmatic function could have negative effects on spoken in-
teractions. So, our goal is to identify prosodic patterns in found
data, and to explore the pragmatic functions of prosody in order
to aid the synthesis of pragmatically felicitous prosody.

In this work, we explore how we can begin to understand
the variation in an unlabelled dataset of conversational speech.
Here, we focus on discourse markers (DMs), which have re-
ceived relatively little attention in speech synthesis research,
but which make up a significant subset of the top twenty most

frequent words in conversational English due to their multi-
functionality in conversation [8]. From a prosody perspective,
DMs are an interesting case of the pragmatics-prosody interface
as their function can be related to their prosodic realisation [10].
In this study, we explore the variation in prosodic renditions of
well, one of the most studied discourse markers in English [11].

The use of well carries many functions including signalling
a topic shift [12, 13], expressing stance [13], signalling that an
answer is insufficient or dispreferred [13], or hedging a dis-
agreement [14, 11]. The prosodic realisation has also been
found to differ for well depending on its function, for example
based on the presence of pauses [15], duration [16] and pitch
realisation [10]. Most studies on the DM well rely on human-
annotated labels, however our proposed method explores prag-
matic meaning in an entirely data-driven manner using unla-
belled found data. In this study we:

1. develop a method for extracting a representative corpus of
discourse markers from realistic speech data, for the example
of well.

2. explore the prosodic realisation of well in a data-driven man-
ner using clustering.

3. synthesise prosodic variation on the discourse marker well
based on the cluster centroids using controllable TTS.

4. evaluate the effect of the prosodic realisation of well on the
level of agreement/disagreement perceived by a listener.

2. Method
2.1. Curating a Discourse Marker Corpus

2.1.1. Conversational Data

We use the CANDOR corpus [17] of 1656 2-channel open-
domain conversations of 25min recorded on a video call be-
tween two strangers. This corpus has been automatically tran-
scribed using Amazon Web Services (AWS) Automatic Speech
Recognition (ASR) and therefore contains no ground-truth tran-
scription or additional annotations. The corpus contains a wide
range of recording conditions, background noise, and occa-
sional channel leakage if speakers were not using headphones.

2.1.2. Data Filtering

We split the CANDOR corpus into interpausal-units (IPUs)
based on a silence threshold of 180ms. Common one word
backchannels were removed and the IPUs were classified fol-
lowing the communicative state classification in [18]. We then
extracted each IPU if the IPU-initial unigram was the token
well. We classified all IPUs depending on their position in a
turn and kept IPUs which were turn-initial, turn-medial, or an
overlap initiated by the speaker.

Interspeech 2024
1-5 September 2024, Kos, Greece

4084 10.21437/Interspeech.2024-2122



Due to the varying audio and transcription quality, we ran a
number of filtering steps to improve the quality of the dataset.
We first used the ASR model Parakeet1 to transcribe each IPU
in the dataset. We then compared the new transcription with
the original ASR transcript and kept IPUs if both agreed on
the presence of the initial well token. To estimate the speech-
to-noise ratio (SNR) of each recording, we used the Brouhaha
model [19] and removed IPUs with an SNR ratio of 25 or lower.

Each IPU was then aligned using the Montreal Forced
Aligner (MFA) [20] and IPUs where forced alignment failed
were removed. Due to the nature of the data and the fact that
alignments for spontaneous speech may contain more errors
than read speech [21], we spliced out the word of interest well
and ran the spliced audio through Parakeet ASR in a second
pass to verify that the spliced word was correct and didn’t con-
tain additional words. Finally, we used the presence of silence
after the well token as a proxy for a prosodic boundary, as in
this study we are interested in tokens which occur in their own
prosodic phrase. Details of IPUs remaining after each filtering
step and final data quantities can be found in Table 1. While a
significant amount of the potential data is lost, a trade-off has to
be considered between quantity and quality when using found
data and we chose a conservative approach. In total, there are
484 speakers in the well dataset.

Table 1: Remaining IPU quantity after each filtering step

Filter Number of IPUs

Raw 8095

Parakeet Errors 8067
Parakeet match to ASR 5780
SNR 5319
MFA Errors 5262
Parakeet on spliced well 1883
Post-well silence 942

2.1.3. Acoustic Information

To explore the prosodic realisation of the discourse marker well,
we extracted a number of features relating to the F0 contour, as
well as the duration of each realisation. Global F0 information
was first extracted to normalise the word-level F0 features. To
do this, we extracted the F0 per speaker across every conversa-
tion that they took part in using Parselmouth [22] with the Praat
autocorrelation F0 extraction function [23].

After splicing the well-tokens from each IPU, word-level
F0 was extracted using the Praat filtered autocorrelation func-
tion in a two-step manner following [24], with octave jump re-
moval and interpolation over missing F0 values. F0 was con-
verted to semitones using the global speaker median. F0 values
were then z-score normalised using the global speaker mean
and standard deviation in semitones. We chose to normalise
by global features to capture where the well realisation fell in
a speaker’s global range, which may be pragmatically mean-
ingful, and normalising the F0 on the utterance-level would not
capture this.

To describe the F0 characteristics of each instance of well,
we used a third-order Legendre polynomial to model each F0

1https://huggingface.co/nvidia/
parakeet-tdt-1.1b

contour. Legendre polynomials are a series of orthogonal poly-
nomials and have been used in linguistic research to mathemat-
ically describe F0 contours e.g. [25]. The first three coeffi-
cients characterise the F0 height (LC0), slope (LC1) and cur-
vature (LC2) respectively. To extract the polynomials we time-
normalised the F0 contour between -1 and 1 and fit a third-order
Legendre polynomial and extracted the first three coefficients.
Finally we extracted the duration of each well-token according
to the forced alignment. We further removed tokens if their du-
ration fell below the first percentile or above the 99th percentile
(15 removed) and one token failed during F0 tracking.

2.1.4. Clustering Prosodic Features

In this study, we are interested in the variation in the realisation
of well in our dataset in terms of the F0 contour and duration. To
explore this variation, we used k-means clustering. Clustering
has been used in previous research for finding new patterns in
data in prosodic research [26, 27]. By partitioning the acoustic
space into clusters of similar prosodic features, we can then use
the cluster centroid, or average of each cluster, to control a TTS
model. For our clustering we used four features: the duration
of each token in seconds, F0 height (LC0), slope (LC1), and
curvature (LC2). This led to a feature vector of four dimensions
for each of our 926 well samples.

To cluster the data, we used the k-means algorithm from the
Python package sklearn [28]. We scaled each dimension using
sklearn RobustScaler which scales the data based on percentiles
and is robust to outliers. This allowed us to retain values at
the tails of our distribution in the clustering. We chose to split
the feature space into 20 clusters to cover enough variation in
the acoustic space for stimuli creation for our experiment. We
do not however assume stringent categories of prosodic realisa-
tions, but use this as a tool to partition groups of closely related
features.

Results of the clustering are visualised using tSNE in Figure
2 and the distribution of each prosodic feature per cluster can
be seen in Figure 1. The tSNE visualization reveals that while
some clusters, especially those at the center of the feature space,
overlap, peripheral clusters are smaller and more distinct. Such
overlap is expected given the dataset’s diversity. Nonetheless,
informal auditory evaluation of the samples closest to the cluster
centroids revealed a perceptual similarity among them.2

2.2. TTS

2.2.1. TTS Model

In this work we use FastPitch [29], which is a non-
autoregressive end-to-end speech synthesis model based on the
transformer architecture which predicts a sequence of mel-
spectrogram frames from the input phone sequence. The model
uses three variance adapters to condition each phone on F0, in-
tensity and duration. During training, the model is conditioned
on the ground-truth values while a predictive model per feature
is trained. During inference, the predicted values can be used
to condition the model, or specific values can be passed to the
model to control the prosody. We provide additional condition-
ing parameters to our model following [30]. Here phrase-level
slope and word-level Legendre polynomial coefficients can be
used to condition the model hierarchically to specify the shape
of the F0 contour. Therefore at synthesis time, the user can
specify a word-level accent shape by changing the coefficients

2Samples page https://johannahom.github.io/
IS-2024/
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Figure 1: Boxplots of the features used in k-means for each of the 20 clusters

Figure 2: tSNE plot showing clusters found in k-means.

of the input data. Specifically, for our purposes, this method en-
ables the utilisation of the Legendre coefficients from the cen-
troids of each cluster along with their durations to generate spe-
cific prosodic renditions of well.

2.2.2. Corpora and training

For TTS training, we use a mix of spontaneous and read speech.
Using read speech helps to create a stable speech synthesis
voice, while the addition of spontaneous data exposes the model
to conversational prosodic patterns. For our read speech, we
used the LJSpeech corpus [31] consisting of 13100 utterances
of audiobook data read by a female US English speaker.

For our spontaneous speech, we use the AptSpeech corpus,
a publicly available multimodal, multi-party corpus of sponta-
neous conversational speech [32]. It consists of 15 interactions
between a moderator and two varying participants playing a col-
laborative game. The recordings of the moderator have been an-
notated and segmented into breath groups following [1]. Next
to the moderator’s spontaneous speech, the moderator recorded
additional prompts in read speech style. A summary of the exact
data used in training is found in Table 2.

Table 2: Data used for TTS model building

Dataset Train Val Test

Male Speaker (Read) 2165 4 27
Male Speaker (Conversational) 5194 21 49
Female Speaker (Read) 12693 25 278

Total 20052 50 354

We trained a multi-speaker TTS model using the corpora
described in section 2.2.2. The specific data distribution can be

found in Table 2. Our model was trained on a single GPU with a
batch size of 16 for 500 epochs. We used the pre-trained NeMo
Hifi-GAN vocoder3 to generate all audio using the LJSpeech
speaker label.

3. Evaluation
3.1. Objective

As mentioned in section 1, the use of well serves multiple func-
tions in dialogue including hedging, signalling dispreferred an-
swers and agreement/disagreement. In this study we focus on
well and its use to signal agreement/disagreement. Here we in-
vestigate how much weight the prosody of the discourse marker
has when the context it precedes remains constant. We present
a perceptual study on the use of well in signalling agreement or
disagreement when followed by the words yes (positive polar-
ity) and no (negative polarity). Here we ask: Does the level of
agreement expressed by the speaker change as a function of the
prosody of well? To test this, we use the centroids of the clusters
found in section 2.1.4 to generate 20 stimuli per polarity type.

3.2. Stimuli Creation

We use the Switchboard NXT corpus [33] consisting of 1126
conversations labelled for Dialogue Act (DA) information. All
utterances were extracted which began with well. We limited
the DA categories to answers, no, hedge, agree, yes, reject, af-
firm, neg, ans-dispreferred and maybe and only chose utterances
whose exact textual content appeared two or more times (144
utterances). From these utterances, we removed items which
were unintelligible, contained laughter, background noise and
truncated words. This yielded 72 candidates. Finally, we se-
lected stimuli in which the well was followed by a pause leav-
ing a set of 18 utterances. For the experimental stimuli, we
chose two carrier phrases from the set which signals agreement
or disagreement lexically: Well no (negative polarity) and Well
yes (positive polarity). We additionally used Well I don’t know
as a filler item to represent an utterance lexically signalling nei-
ther agreement nor disagreement (neutral polarity). We used the
remaining 18 utterances synthesised with the features from the
NXT speakers as additional filler items in the experiment.

As mentioned, various prosodic features, such as duration
and F0 can be controlled in FastPitch. To create stimuli, we
extracted the prosodic features (LC0-LC2 and duration) of our
carrier utterances and used these features to synthesise each
text. To create prosodic variation, we used the prosodic features
from the closest sample to the cluster centroid in Section 2.1.4.
We adapted the duration of the silence between each well and
its following context to be approximately 13 frames long. The

3https://github.com/NVIDIA/NeMo
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experimental stimuli therefore consisted of 20 positive-polarity,
20 negative-polarity utterances which were generated using 20
wells, one from each cluster centroids. The fillers consisted of
20 neutral polarity utterances generated using 20 wells and 18
utterances from NXT with differing textual content.

3.3. Participants and Task

Participants were recruited through Prolific4 and were selected
to reside in the US, have English as a first language with no
hearing impairments. We recruited 46 participants in total. Par-
ticipants were presented with 78 stimuli, in a random order. On
each trial, the audio of one stimulus and a rating scale were
presented. As each stimulus was presented, participants were
asked What degree of agreement/disagreement is the speaker
expressing? The instructions stated that a rating of 1 represents
complete disagreement, 99 represents complete agreement and
50 represents neither agreement nor disagreement.

3.4. Statistical Testing

We treated the positive-polarity and negative-polarity utterances
as separate datasets for statistical testing. We used linear mixed-
effects models using the lme4 package [34] in R to test the effect
of the four prosodic features from the cluster centroids on the
rating of agreement or disagreement. We use the maximum ran-
dom effects structure of the design which consists of a random-
effect for participant. Our dependent variable is the rating of
agreement between 1-99 which we treat as continuous. Our
fixed effects consist of the acoustic features which were used
to cluster the well dataset (see section 2.1.4), however because
the coefficients are used to condition the model, and will show
differences in output depending on neighbouring words, we ex-
tracted the acoustic features again from the synthesised stimuli.
agreement-rating ∼ Legendre 0 + Legendre
1 + Legendre 2 + duration + (1|listener)

4. Results
Two participants were removed, one for having issues with
playing the audio and one for indicating in the post-question that
they only focused on the lexical content of the stimuli. The re-
sults for the positive-polarity carrier utterances are found in Ta-
ble 3. The mean rating for these stimuli was 75.50 (SD=14.58).
We found that duration was a significant predictor of agreement
and had a negative relationship on the agreement rating. As
duration increases by one unit, the level of agreement expressed
decreases. This might signal hesitation to the listener and seems
to decrease the positive polarity of yes. We observe that when
F0 height (LC0) increases by one unit, the agreement increases
by 0.62 and when the LC2 increases by one unit, the agreement
rating also increases by 0.61. This suggests that these values
positively strengthen the assertion.

The results for the negative-polarity carrier utterances are
found in Table 3. The mean rating for the negative-polarity
stimuli was 18.03 (SD=14.71). Similar to the results for
positive-polarity, duration is a significant predictor of agree-
ment, but has a positive relationship on agreement. As dura-
tion increases by one unit, the level of agreement expressed in-
creases. This again suggests that an increase in duration shifts
the polarity of the utterance. Again, we observe that both the
LC0 and LC2 exhibit a positive relationship on the level of
agreement. Altogether this suggests that these features weaken

4https://www.prolific.com

Table 3: Experimental Results per Polarity Type

Fixed Effect β St. Err CI p-value

Po
si

tiv
e LC0 0.62 0.25 0.13 - 1.11 < 0.05

LC1 -0.04 0.14 -0.31 - 0.24 > 0.05
LC2 0.61 0.24 0.14 - 1.09 < 0.05

Duration -7.13 2.79 -12.59 - 1.67 < 0.05

N
eg

at
iv

e LC0 0.75 0.35 0.06 - 1.44 < 0.05
LC1 -0.09 0.17 -0.43 - 0.24 > 0.05
LC2 0.72 0.35 0.04 - 1.40 < 0.05

Duration 14.35 2.79 8.89 - 19.81 < 0.01

the negative polarity of this carrier utterance. It should be noted
that during statistical analysis, we observed heavy tails in the
residual distributions. Though these models have been found to
be robust to violations of the normality of residuals, the results
warrant careful interpretation [35].

5. Discussion and Conclusions

In this study, we presented a data-driven method for exploring
prosodic patterns on the discourse marker well by clustering in-
formation about the duration and F0 contour of unlabelled data.
We used the centroids of the clusters to create synthetic stim-
uli for a listening test which tested the effect of the prosodic
realisation of well on the degree of agreement expressed by
the speaker. We found a consistent pattern regarding the ef-
fect of duration on both positive and negative short utterances.
When well is realised with a longer duration, the rating tends
away from disagreement for negative utterances, and away from
agreement for positive utterances. This suggests a form of hedg-
ing for negative utterances and reluctant agreement (p 207 [36])
in the case of the positive utterance. Future work will aim to ex-
pand this study, by including more versions of the carrier utter-
ances, to investigate whether this effect is consistent across dif-
ferent realisations of the context. Further, we used the prosodic
features of the sample closest to the centroid of each cluster, but
future work will sample more realisations from each cluster, to
generate more variation and to validate our clustering.

We presented an example perceptual study to demonstrate
how we can start to uncover pragmatic patterns in messy data,
but this method could be applied to any other discourse marker.
This method can be used by linguists, who want to create stim-
uli for experiments to test pragmatic theories, and by speech
synthesis practitioners, who would like to explore the variation
in their data. Using found data and automatic tools to filter
and label the data does not have perfect accuracy, but we hope
nonetheless that such corpora can be used by speech technolo-
gists to do data exploration in the hope of finding new insights,
and to generate new hypotheses. Exploring the data in this way
is not meant to be strictly confirmatory of linguistic theory, and
as such this work was largely exploratory in nature, and theory
neutral. As dialogue systems move towards expressivity at a
faster pace than our knowledge about pragmatics and conversa-
tional speech phenomena, it is important that we develop meth-
ods which can uncover these important patterns. In conclusion,
we propose a methodology that enables discerning knowledge
and hypotheses about pragmatic functions from large amounts
of found data, and validate them with perceptual experiments.
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