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Abstract

Text-to-speech (TTS) software has improved dramatically in re-
cent years after the success of several machine learning innova-
tions resulting in the current Al surge. In spite of its popularity,
TTS still produces some infelicitous utterances in simple sen-
tence structures, such as questions. In Mainstream American
English, Wh- questions typically have falling pitch, while Yes-
No questions have rising pitch. We evaluate how well TTS pro-
duces these expected patterns on questions that occur in a short
story, and compare with a human orator audiobook. We test
two modern TTS systems, Kokoro and Fastspeech 2. We use
automated methods to label pitch rise or fall at the end of each
question. Kokoro, the better performing model, produced ris-
ing pitch for the Yes-No questions 66.7% of the time, compared
with 77.8% by the human orator, and rising pitch for the Wh-
questions 61.9% of the time, compared with 31.6%. These re-
sults demonstrate some mismatch between TTS and the human
orator, and indicate that further work is needed to synthesize
speech with naturalistic prosody.

Index Terms: text-to-speech, speech synthesis, question
prosody

1. Introduction

The task of Text-to-Speech (TTS)—also known as speech
synthesis—is the process of taking text as input and producing
naturalistic sounding speech using automated methods. TTS
software has improved dramatically in recent years after the
success of recent deep learning innovations such as the trans-
former architecture [1] (the basis of Large Language Models).
These modern TTS systems are typically evaluated with hu-
man qualitative evaluations, where participants listen to sam-
ples and provide Mean Opinion Scores (MOS) on the quality of
the speech. Modern systems such as Tacotron2 achieve MOS
as high as 4.5 on a 5 point scale [2]. However, less attention is
paid to the more fine-grained characteristics of the speech, such
as how felicitous (i.e., natural) the prosody is. In this work, we
specifically evaluate aspects of prosody in speech synthesized
with modern TTS software.

Some recent papers have introduced TTS systems that al-
low global control over certain prosodic features like duration
or spectral tilt [3, 4]. Most similar to our work, others have
developed automated pitch and phrase accent prediction [5],
and evaluated training a TTS system with the prosody-labeled
text [6]. However, this work used a Merlin-based TTS sys-
tem [7], which is now outdated in comparison to recent TTS
models. To our knowledge, no recent studies have evaluated
fine-grained prosody of synthesized speech from modern end-
to-end TTS systems.

Thus, our goal was to evaluate how well modern TTS sys-
tems produce appropriate and natural prosody in comparison to

sarah.levitan@hunter.cuny.edu

a human orator. We focus on a simple type of sentence with a
known prosodic pattern: guestions. In Mainstream American
English (MAE), there are two main question-types with distinct
prosodic characteristics: Wh- questions (i.e., questions starting
with who, what, when, where, and how), and Yes-No questions
(i.e., questions that elicit a response of yes or no).

It is generally reported that Wh- questions have declarative
intonation, including falling pitch at the end of the question.
Most commonly, the well-known Wh- question pitch contour is
a “high-fall” contour which has a ToBI (Tones and Break Index)
transcription of H¥*L-L% [8]. That is, the final nuclear contour
has a high tone pitch accent, and ends with a low phrase accent
and low boundary tone. This contour is represented in Figure
la. In a 2010 report from Hedberg et al. [9], they report that this
exact contour actually occurs for only 49% of Wh- contours in
their sample, followed by 25% of a similar contour, L+H*L-
L%. Both of these contours, however, share a falling pitch, and
thus 74% of Wh- questions contained falling pitch.

In contrast, Yes-No questions are commonly said to have an
interrogative contour, characterized by rising pitch at the end of
the question. The commonly cited Yes-No contour is the “low-
rise” contour with the ToBI transcription L¥H-H%, consisting
of a final nuclear contour with a low tone pitch accent, a high
phrase accent, and a high boundary tone. This contour is rep-
resented in Figure 1b. In a 2017 study by Hedberg et al. [10],
the authors found that Yes-No questions had this contour, or a
highly similar one, 79% of the time.

Since these two question types have fairly distinct prosodic
patterns, we decided to evaluate prosody in TTS software by
investigating whether questions in the synthesized speech fol-
lowed these same patterns. That is, we wanted to explore
whether most synthesized Wh- questions would have falling
pitch and most synthesized Yes-No questions have rising pitch.

Audiobooks are an area with significant need for TTS, es-
pecially for accessibility. Audiobooks improve accessibility of
books not only for people with vision impairment, but also peo-
ple with ADHD, aphasia, and anyone who struggles with read-
ing comprehension [11, 12]. However, people typically prefer
human voices over TTS because they are much more natural
and express the emotions that are necessary to capture the full
character of a story [13]. Therefore, TTS for audiobooks is an
area where improvement in prosody can be impactful.

Thus, in this work, we evaluate the performance of TTS
on a constrained set of sentences (Wh- and Yes-No questions),
drawn from an audiobook. We choose an audiobook for a short
story read by a human orator, so as to limit the scope and prevent
any impact of longer-term context in a long text. We generate
a parallel set of questions using two TTS systems to read aloud
the same audiobook, and evaluate prosody with an automated
approach for classifying prosodic pitch patterns. Our research
questions are as follows: 1) Can we automatically classify pitch
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Figure 1: Schematics of FO contours for two question types

rise and fall in a way that aligns with human annotators?, 2)
Using our automated approach, do we see similar pitch patterns
to those reported in the literature for the human orator’s question
prosody?, and 3) Does TTS software replicate these same pitch
patterns for questions in synthesized speech of the same text?

2. Methodology
2.1. Data

We use a short story and corresponding audiobook as our source
of question sentences for this work. For our short story we use
the fairytale The Fir Tree by Hans Christian Andersen from
the LibriSpeech corpus [14], a collection of text-audio pairs
read my amateur orators. It was read aloud by Taylor Burton-
Edward, a speaker of Mainstream American English. We chose
this text as our source of questions for two reasons: 1) the story
occurs in the test set from LibriSpeech, increasing the chances
for it not to be seen during training of TTS models, and 2) due
to being a standalone short story, there are no concerns about
longer-term context affecting the prosody of the orator.

We obtained the text for the story from a version of Lib-
riSpeech adapted for training TTS software, LibriTTS [15]. Im-
portantly, LibriTTS restores the punctuation to the text from
LibriSpeech, allowing us to automatically identify the ques-
tions that occur in the text. The text in LibriTTS is also split

at the sentence-level as opposed to paragraph-level, providing
start and end times for each sentence. However, this process
was done automatically and made several mistakes, and thus the
first author went through and re-segmented each question using
Praat software [16]. Specifically, each question was split not
at the full sentence-level, but at the actual question-level. For
instance, in the sentence “Where are they going to? asked the
Fir.”, the audio was segmented at “Where are they going to?”.

There were 33 total questions in the story. We labeled each
question as a Wh- question or a Yes-No question. Two sen-
tences did not quite fit in either category, leaving 31 questions.
There are 22 Wh- questions and 9 Yes-No questions.

2.2. Text-to-Speech Models

We tested two popular open-source TTS systems: Kokoro [17]
and Fastspeech 2 [18]. Both models take text as input and gener-
ate a Mel spectrogram which is then transformed to audio using
a vocoder. Each of these models generate speech efficiently and
are available on HuggingFace.!

Kokoro is a lightweight open-weight TTS model. It uses
StyleTTS 2 [19], an end-to-end system consisting of eight mod-
ules (such as a text encoder, prosody predictor, and pitch ex-
tractor) to transform input text into Mel spectrograms, followed
by iSTFTNet [20], a vocoder to transform to audio. The ex-
act dataset used for model training is not provided, but the au-
thors use only non-copyrighted audio data produced by humans.
Kokoro is one of the most frequently used TTS systems avail-
able on HuggingFace.?

Fastspeech 2 is a feed-forward transformer-based model in-
corporating a variance adapter for pitch, duration, and energy
determination. The implementation we used incorporates HiFi-
GAN for the vocoder to transform the generated Mel spectro-
grams to audio [21]. It was trained on LJSpeech, a corpus of
non-fiction read by a single speaker [22].

2.3. Evaluation

Our goal was to identify similarities and differences in prosody
for questions from human orators and TTS systems. In an
ideal world, we would evaluate the speech by transcribing the
prosody in ToBI. However, ToBI transcription is incredibly la-
bor intensive, and further it is not known how well it can be
annotated for synthesized speech. Instead, we used automated
tools to approximate some characteristics of prosody. We eval-
uated two specific characteristics of prosody for the questions:
1) proportion of questions with rising FO at the end of the ques-
tion, and 2) average FO range across questions. We calculated
each of these metrics separately for Wh- and Yes-No questions,
for both the human orator and two TTS systems. We also val-
idated our method for classifying rising FO, and conducted a
qualitative evaluation of question prosody.

2.3.1. Automatic Evaluation of Question Prosody

To evaluate rising versus falling FO, we first obtained FO con-
tours for each question audio clip using the pYIN algorithm, im-
plemented in the Librosa Python package [23, 24]. Then, for the
latter half of each question, we used least squares polynomial fit
to determine a Line-of-Best-Fit (LoBF) of the FO contour. We
chose to use only the second half of the audio since it is possi-
ble for there to be additional high and low tones throughout a
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question, and thus looking at the latter half made it more likely
to capture the appropriate final pattern. During LoBF determi-
nation, any unvoiced frames with undefined FO were removed
from the calculation. If the resulting slope for the LoBF was
negative, we classified the pitch for that question as rising. Oth-
erwise, we classified the pitch for that question as falling. We
then aggregated these results across audio source and question
type to obtain the proportion of questions with rising F0.

To calculate average pitch range, we obtained the maximum
and minimum FO for each question, calculated their difference,
and averaged across question types.

2.3.2. Validation of Automatic Prosody Identification

Capturing whether a LoBF for the FO has positive or negative
slope is an imperfect method to capture the true measure we
are after: whether the pitch rises or falls at the end of the ques-
tion, reflected in particular ToBI transcriptions of the nuclear
contour. Not only is pitch a subjective concept distinct from
FO itself, but also FO can be undefined when sounds are un-
voiced, or the slope of FO could be rising overall, but nonethe-
less have lower pitch at the very end. Thus, to verify the va-
lidity of this automated labeling approach, we compared its re-
sults with a selection of questions for which we hand-annotated
ToBI transcriptions for the nuclear contour. Two trained ToBI
transcribers annotated 20 questions (14 Wh-, 6 Yes-No) from
the human orator. The following transcriptions were marked as
rising: L¥H-H%, L*H-L%. These transcriptions were marked
as falling: H¥*L-L%, L+H*L-L%, L+H*L-H%, 'H*H-L%. The
resulting human labels were compared with the LoBF labels us-
ing Cohen’s kappa [25].

2.3.3. Qualitative Human Evaluation of Question Prosody

Finally, we conducted a preliminary qualitative evaluation of
the naturalness of the prosody for questions in the synthesized
speech. We randomly selected 11 questions from the story.
We recruited three human reviewers who were native speak-
ers of MAE, without specific expertise in prosody. We split
the reviews such that each question from each source (human,
Kokoro, Fastspeech 2) was rated by two reviewers. We asked
each reviewer to rate whether each question was natural using a
Likert Scale from Strongly Disagree to Strongly Agree, which
we then coded as 1-5. Before starting the survey, the review-
ers were told to pay particular attention to whether the prosody
sounded natural, and they were given an example of a both a
natural and infelicitous Wh- question and Yes-No question.

3. Results
3.1. Automatic Evaluation of Question Prosody

Examples of FO contours and their corresponding LoBF for a
Wh- question and a Yes-No question are shown in Figures 2a
and 2b. In each of these examples, our calculated LoBF slope
matched the pattern shown in the ToBI transcriptions.

Our automated pitch metric characteristics — proportion of
questions with rising FO, and average range of FO — are shown
in Table 1. We found that for the human orator, 31.6% of Wh-
questions had rising FO, and 77.8% of Yes-No questions had
rising FO, which aligns with expected patterns. The speech
synthesized with Fastspeech 2 saw around the same proportion
of rising FO for both Wh- and Yes-No questions — 42.9% and
44.4%, respectively. Kokoro actually used rising FO more often
than falling FO (61.9% of the time) for Wh- questions, and a
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Figure 2: Actual FO contours and corresponding Lines-of-Best-
Fit (LoBF) of two example questions from the human orator

slightly higher percentage for Yes-No questions (66.7% of the
time). Looking at average FO range, the human orator had the
highest range with 183.3 for Wh- questions and 396.8 for Yes-
No questions. Kokoro had ranges of 131.3 for Wh- and 120.2
for Yes-No. Fastspeech 2 had the lowest ranges of 87.3 for Wh-
questions and 99.8 for Yes-No questions.

Table 1: Prosody characteristics for human orator and TTS

Source Question  Prop.(%) Avg.

Type Rising FO  FO Range
Human orator Wh- 31.6% 183.3
TTS — Fastspeech 2~ Wh- 42.9% 87.3
TTS - Kokoro Wh- 61.9% 131.3
Human orator Yes-No 77.8% 396.8
TTS — Fastspeech 2~ Yes-No 44.4% 99.8
TTS — Kokoro Yes-No 66.7% 120.2

3.2. Validation of Automatic Prosody Identification

Our evaluation of agreement between LoBF pitch slope predic-
tion and human transcriber pitch rising determination is shown
in Table 2. This analysis includes the 16 out of 20 transcribed
questions which the two human transcribers agreed upon. 11
out of 16 were Wh- questions. For these questions, the human
transcribers and the LoBF analysis agreed on pitch rising sta-
tus for nine out of 11 questions or 81.8% of the time. Two
questions were labeled without rising pitch by the human tran-
scribers, which the LoBF analysis labeled as having rising pitch.
Only one question was labeled with rising pitch by the human
transcribers, but labeled as not having rising pitch using LoBF
slope. For Yes-No questions, we were left with a small sample
of just five questions. However, four out of five of these (80%)



saw agreement between the human transcriber and LoBF slope
analysis. Overall, the agreement between human transcribers
and LoBF FO slope for pitch rising label was 13 out of 16 or
81.3%. The Cohen’s kappa value was 0.589, which is typically
considered “moderate” agreement [26]. Though not perfect, we
took this level of agreement to indicate that the FO slope cap-
tured the appropriate nuclear contour characteristic sufficiently
well enough for our purposes.

LoBF
Human Transcriber  Pitch rising
Question Type Pitch rising Yes No
Wh- Yes 1 0
No 2 8
Yes-No Yes 3 1
No 0 1

Table 2: Confusion matrices between human transcription of
pitch rising and LoBF determination of pitch rising, for Wh-
and Yes-No questions.

3.3. Qualitative Human Evaluation of Question Prosody

Finally, results from our qualitative survey on question natural-
ness are shown in Table 3. As expected, the reviewers rated the
human orator’s questions as the most natural, with an average
of 4.227 on a scale of 1-5. Fastspeech 2 had the lowest rating,
and a large variability, with an average of 1.909 and a standard
deviation of 0.861. Kokoro achieved a fairly high naturalness
rating of 3.546, putting the reviewer’s ratings of whether it was
natural between “Neutral” and “Agree”.

Source Naturalness
Avg SD
Human orator 4227 0.607
TTS — Fastspeech 2 1.909  0.861
TTS - Kokoro 3.546 0.789

Table 3: Qualitative evaluation of question naturalness (range
1-5) across reviewers

4. Discussion

It has generally been understood that in Mainstream Amer-
ican English Wh- questions have falling pitch—declarative
intonation—while Yes-No questions have rising pitch. These
patterns were observed in our results, where the human orator
used rising FO 31.6% of the time for Wh- questions and 77.8%
of the time for Yes-No questions.

Kokoro TTS software did produce more Yes-No questions
with rising FO than falling FO (66.7%), similar to (though lower
than) the pattern seen for the human orator (77.8%). However,
Kokoro also produced rising pitch for 61.9% of Wh- questions,
which does not align with the human orator. We found that non-
expert human listeners showed weak agreement with the state-
ment that Kokoro produced natural-sounding questions. Addi-
tionally, Kokoro speech was also fairly variable in its FO range,
possibly indicating more expressive speech. Overall, this sys-
tem demonstrated learning some patterns of human question
prosody, but there was clearly room for improvement.

Fastspeech 2 produced rising FO 42.9% of the time for Wh-
questions and 44.4% of the time for Yes-No questions. Thus,
this system did not really distinguish between question types
at all. Fastspeech 2 also produced a much more limited FO

range than either the human orator or Kokoro for both ques-
tion types, indicating a lack of variability or expressiveness of
the speech. Moreover, the reported naturalness from the qualita-
tive survey showed low naturalness of 1.9—just below choosing
“Disagree” that the question is natural. Across each of these
metrics, it is clear that despite the overall quality of the pro-
duced speech, this system did not produce the expected prosody
patterns for questions in a short story.

For this work, we only considered open-source models due
to concerns about reproducibility. However, it is possible that
proprietary systems such as Elevenlabs or Naturalreader, which
are highly popular, could produce questions with prosodic pat-
terns that are more similar to humans. Thus, an area of future
work is to explore these commercial systems. Additionally, we
only tested two open-source models. We chose these models
due to their efficiency and popularity, but there are numerous
TTS systems to choose from, some of which could have had
higher performance. Notably, Fastspeech 2 was trained on non-
fiction, and thus may not be the ideal choice for reading aloud
a story that aims to be entertaining. In future work, additional
open-source TTS systems, including ones that are specifically
designed for reading aloud fiction, should be explored.

We chose the short story The Fir Tree due to its limited size,
American orator, and existence in the test set of LibriSpeech.
However, there are some idiosyncrasies of this story. While
the reader speaks MAE generally, there are points in the story
where he uses playful voices for characters that demonstrate
non-MAE characteristics. Additionally, he often uses a falsetto
voice for characters, which leads to more difficulty with ToBI
transcription. In future work, additional stories that do not have
these idiosyncrasies should be explored.

In this work, we avoided using terms such as “accuracy”
or “correctness” of the question prosody in TTS, since not only
is our main metric for capturing rising pitch imperfect (80%
agreement with human annotators), but also humans themselves
do not always produce questions with the expected prosody.
Yet, the differences between the TTS systems in comparison
to the human orator are pronounced. These comparisons indi-
cate that in spite of overall high MOS of TTS systems, there
is still quite a bit of room for improvement. The TTS systems
seem to have learned something about prosody, due to at least
Kokoro’s relatively high qualitative naturalness rating. But, it is
clear that these systems have not learned to consistently repli-
cate Wh- and Yes-No question patterns. These models learn
prosodic patterns in a data-driven manner and there is no direct
prosody-modeling in their training. While this data-driven ap-
proach clearly offers some success, the issues with fine-grained
prosodic characteristics indicate it may be helpful to incorporate
prosodic information into the training.

5. Conclusions

TTS systems have seen remarkable progress in recent years, but
our job is not done. While MOS scores are helpful for captur-
ing the overall quality of synthesized speech, it is important to
explore fine-grained performance as well. This work offers a
preliminary analysis in that direction by focusing on questions,
which have known prosodic patterns. Overall, we find that one
of our tested TTS systems—Kokoro—demonstrates some un-
derstanding of prosodic patterns in questions for MAE. How-
ever, more work is needed to achieve TTS performance that is
truly felicitous.
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