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Abstract

Evaluation of text-to-speech (TTS) models is currently domi-
nated by Mean-Opinion-Score (MOS) listening test, but MOS
has been increasingly questioned for its validity. MOS tests
place listeners in a passive setup, in which they do not actively
interact with the TTS and usually evaluate isolated utterances
without context. Thus it gives no indication for how well a TTS
model suits an interactive application like spoken dialogue sys-
tem, in which the capability of generating appropriate speech
in the dialogue context is paramount. We aim to take a first
step towards addressing this shortcoming by evaluating several
state-of-the-art neural TTS models, including one that adapts
to dialogue context, in a custom-built spoken dialogue system.
We present system design, experiment setup, and results. Our
work is the first to evaluate TTS in contextual dialogue system
interactions. We also discuss the shortcomings and future op-
portunities of the proposed evaluation paradigm.

Index Terms: text-to-speech, spoken dialogue system, evalua-
tion methodology, human-computer interaction

1. Introduction

Text-to-Speech (TTS) technology has advanced drastically af-
ter the introduction of deep learning methods [1]. State-of-the-
art neural TTS models have achieved human-level naturalness
and prosody variation, albeit only in read-speech utterances, or
with limited contextual input. At the same time, the amount of
spoken dialogue applications built with large language models
(LLMs) as the text backend is increasing quickly [2]. These
systems demand TTS to be capable of synthesizing human-like
conversational speech in context, however such capability is a
major shortcoming of current TTS models. A limiting factor
in developing better contextual conversational TTS systems is
the lack of contextual and interactive evaluation methods [3].
Current TTS evaluation is dominated by Mean-Opinion-Score
(MOS) listening test on isolated utterances, which is neither
contextual nor interactive. There have been some efforts to in-
fuse contextual information to conventional MOS tests [4, 5, 6],
or using longer contexts in evaluation of TTS for long read texts
[7, 8]. Another work evaluated TTS in human-controlled (WoZ)
dialogue systems as alternative to traditional, non-interactive
MOS tests [9], but it lacks evaluation in an autonomous dia-
logue system and contextual appropriateness evaluation.

In our study, we aim to establish an experiment setup
where participants engage with a singular Al entity, but through
different TTS models acting as the speech synthesizer as
seen in Figure 1. Participants are agnostic to the fact that
only TTS models are different between systems. The mod-
els are trained on the same speech corpus thus there is min-
imal speaker timbre difference between them. Moreover, we

also examine whether user perceptions vary when the dia-
logue system manipulates prosodic aspects of the speech syn-
thesis according to the context of interaction. We measure and
evaluate interactions at three levels: 1) questionnaires (God-
speed [10] and MOSx [11]), 2) behavioral metrics (measur-
ing prosody, turn-taking times, and no of words in the user
input), and 3) overall preference (through post-experiment in-
terviews). We provide discussions of pros and cons the pro-
posed evaluation paradigm at the end. Conversational TTS
samples are found here: https://www.speech.kth.se/
tts—demos/interspeech2024-contextual.
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Figure 1: Dialogue system for TTS evaluation.

2. Related work

In the TTS community, there is an established consensus on
the necessity of evolving beyond conventional sentence-level
listening tests, such as Mean Opinion Score (MOS) and Mul-
tiple Stimuli with Hidden Reference and Anchor (MUSHRA)
scores [3]. For evaluation of read speech synthesis, there have
been innovations such as evaluating in longer reading contexts
that more accurately reflect real-world use [12], evaluating with
more comprehensive criteria including personality, narrative
distinction, and extended listenability [13], as well as adher-
ence to an additional prompt input when it is available to the
system [14]. Moreover, evaluations are beginning to assess sys-
tems’ capacities for generating nuanced, emotionally resonant
character dialogue, albeit still with listening tests [15, 16].

The accelerated development of conversational TTS has led
to models being trained using actor-read chatbot transcripts and
role-play dialogues to deliver natural and context-appropriate
speech [17, 18, 19, 20]. It has also led to increased effort
to innovate conversational TTS evaluation. Mitsu et al., cre-
ated a conversational TTS from dialogues between two actors,
and evaluated the resulting model by re-synthesizing part of
the training dialogues and asked listeners to rate naturalness
and appropriateness [21]. A similar study [22] used both tra-
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ditional objective metrics (e.g. duration, mel-cepstral distortion
and mel-spectral distortion) and more novel subjective metrics
like emotional expression accuracy and conversational fluidity.
Broadening the evaluation criteria beyond conventional MOS
metrics, recent studies have also delved into the proficiency of
TTS systems in supporting fluid turn-taking scenarios [23, 24].

Evaluations involving real dialogue system interactions are
scarce. One particular study involved 15 participants and two
tourist guide robots, one with a charismatic speaking style fea-
turing higher pitch and faster rate, found a strong preference
for the charismatic robot, perceived as more enthusiastic and
charming [25]. Similarly, an experiment with the Amazon
Alexa Prize socialbot Gunrock tested the effect of using in-
terjections and fillers in responses. Engaging 5,000 users with
four system variants, the study found that versions incorporat-
ing these verbal cues were rated highest [26]. A study more sim-
ilar to ours is [9], but the conversational system in that study was
not autonomous, thus the TTS prompts were pre-synthesized.

In this study, our objective is to examine TTS models in
a real interaction setting in a smart home lab. We developed a
fully autonomous dialogue system within the context of playing
a guessing game. Participants played four sessions with each
TTS model as the speech synthesizer in the dialogue system, al-
lowing for comprehensive exposure and robust evaluation. Ad-
ditionally, our analysis combines objective measures of user ut-
terances and subjective measures in the form of questionnaires
and post-interviews.

3. System
3.1. Corpus and TTS models
3.1.1. Corpus of spontaneous conversations

Developers of conversational systems should use TTS voices
trained on ecologically valid data [27]. Our goal is to build
effective conversational systems, concequently we trained our
models on our AptSpeech corpus, a multimodal, multi-party in-
teraction dataset [28]. This corpus includes 15 one-hour ses-
sions where a male American moderator guides two participants
in decorating an apartment. The moderator engage in a range of
spontaneous speaking styles like small talk, instructions, advice
and self-directed speech [6]. The moderator’s speech was used
for TTS training data. The moderator also recorded a set of read
speech utterances in a separate session. We used both the con-
versational and read speech corpora to build a 2-speaker TTS
where the “speakers” are the two speaking styles. By control-
ling the mix of these speakers we get explicit style control from
read to conversational.

3.1.2. Tacotron2 and context adaptation

The first TTS model we trained and evaluated is the popular
neural TTS model Tacotron2 [29]. Tacotron2 is representa-
tive of neural acoustic models that have significantly increased
naturalness compared to prior modeling paradigms. We also
trained a modified model that is capable of controlling the out-
put prosody and synthesizing from multi-style corpus intro-
duced and made publicly available in [30]. We connect the
prosody and speaking style controls with the dialogue system
output to adapt synthesis output to the dialogue context. We call
this model Tacotron2-context-adapted. Both Tactoron2 models
have 28.2M parameters, are each trained on a single NVIDIA
1080 until convergence. Utterance inference time is 0.5-1.0s.
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3.1.3. Matcha-TTS

The second model we evaluated is Matcha-TTS [31], a recently
proposed non-autoregressive neural TTS engine applying latest
development in flow-matching diffusion to achieve state-of-the-
art naturalness while enabling fast inference. A multi-speaker
architecture using different speaker embeddings for the read
and spontaneous speech parts of the corpus similar to that in
Tacotron2 has been applied. We use a HifiGAN vocoder in all
TTS systems [32]. The model has 18.2M parameters, is trained
on a single NVIDIA 3090 GPU until convergence. Its inference
time per utterance is 0.5-1.0s.

3.2. Dialogue system

To evaluate different TTS systems in a conversational context,
we designed a dialogue system that combines the strong gen-
erative capabilities of a large language model (GPT-4) with a
structured interaction context to ensure both robustness and ex-
pressivity. We chose the ”20 Questions” guessing game as the
context, elaborated in Section 4.1. The architecture of our di-
alogue system, depicted in Figure 1, features the Interaction
Manager as the core component. This manager handles turn-
taking, task progression, and the flow of information between:
speech recognition (Google ASR), dialogue management (GPT-
4 [33]), and speech synthesis (the evaluated TTS models). The
system operates in two modes, corresponding to the roles in the
guessing game: system-as-answerer and system-as-questioner,
that share a persona prompt for GPT-4. This prompt outlines an
expressive chatbot characterized by fillers and emotional reac-
tions such as self-reproach and humorous remarks. To optimize
response times, the Interaction Manager generates filler phrases
while awaiting GPT-4’s next response, reducing the average re-
sponse time from 3 seconds to 1 second and enhancing turn-
taking dynamics. These feedback tokens are chosen based on
the difficulty of the user’s question or the response to a ques-
tion posed by the system in the previous turn. The latter are
generated by GPT-4 together with the question.

The Interaction Manager begins by synthesizing instruc-
tions and submitting prompts and instructions to the GPT-4
server. It then sends the chatbot response to the local TTS
server and activates the microphone, streaming audio to Google
ASR for voice activity detection and speech recognition. Subse-
quently, it combines the ASR results with the current dialogue
context and sends them to GPT-4 for processing. During this
period, it generates suitable turn-taking feedback utterances.
The Interaction Manager also controls the speaking style and
prosodic features of the Tacotron2-context-adapted TTS model
to adapt its output to the dialogue context. It achieves this in
a rule-based manner. It monitors the progress of the game,
and when it encounters a series of correct guesses, the system
gradually adopts an enthusiastic, rapid, and high-pitched tone.
Conversely, for incorrect guesses, the system gradually reduces
these levels slightly, to diversify the prosody and align it more
closely with the content’s emotional tone and the game’s evolv-
ing context. All queries, replies, and comments are delivered in
a conversational, but clear speaking style, whereas turn-taking
fillers have fast speaking rate and low pitch. This distinction
signals that the filler speech is self-directed, serving as a place-
holder while the system prepares its response. In contrast, the
systems using Matcha and base Tacotron TTS lack prosody con-
trol, making them less aligned to the game progression. Their
speaking styles are closer to read than conversational. This way
they are optimized for intelligibility, but with a conversational
tone that exceeds systems trained solely on read speech.
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Figure 2: Proposed experiment protocol: spoken dialogue interaction in guessing game context for TTS evaluation.

4. Experiment
4.1. Interaction context: ‘20 questions” guessing game

We ground the interaction in a shared context. The domain we
have chosen in this study is guessing games, where the partic-
ipants play the classic guessing game “20 questions” with the
system. In this game, there are two players, the questioner
and the answerer. The answerer thinks about an object, and
the questioner must guess the object by asking up to 20 yes-no
questions to the answerer. In our setup, the questioner can ask
up to 10 questions and only animals are guessed. Furthermore,
since the speaker roles during a “20 questions” game are differ-
ent: the questioner produces more speech while the answerer
can simply answer “yes” or “no” without saying much else; we
configured the system to play both roles to thoroughly assess
capability of the TTS to generate speech in different contexts.

4.2. Experiment setup

As seen in Figure 2, the main experiment consists of 3 sessions.
A selected TTS is used in the dialogue system for each session.
During pilot studies, we observed that the user’s interaction pat-
tern shifts over the course of the experiment potentially due to
that the user adapts to interacting with the system. Thus, we
randomize ordering of the 3 TTS models to counter this adap-
tation bias in the evaluation process. Each session consists of
4 games with the system as the questioner in round 1, 3 and
the user as questioner in round 2, 4. We also installed a pre-
experiment where the user play one game with the system to
further decrease adaptation bias in the main experiment and to
check for equipment malfunction.

4.3. Multi-dimensional interaction data collection

We want to evaluate the user’s experience holistically. This ne-
cessitates multi-dimensional data collection shown in Table 1.
Firstly, we collect audio and video of the entire experiment pro-

data type |  level | perspective from user
audio, video | utterance | third-person
questionnaire ‘ session ‘ self-reported
overall preference | experiment self-reported

and comments

Table 1: Multi-dimensional interaction data collection.
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cess for analysis of the interaction itself, including aspects such
as prosody of the user’s utterances, emotional state of the user
at various points, and turn-taking delay. Secondly, we ask the
user to rate their interaction with the system after each session.
We chose the Godspeed questionnaire [10] commonly used in
human-robot interaction studies. We eliminated 2 scales related
to the embodiment and movement of the robot from the origi-
nal questionnaire. Additionally, we added 3 questions to assess
aspects specific to the voice inspired by MOS-X questionnaire
[11] , a) Overall naturalness, b) Intelligibility, c¢) Prosody ap-
propriateness. Both Godspeed and voice questionnaire items
are rated on a discrete 5-point scale. Lastly, to understand the
user’s preference over different systems, we conduct a loosely
structured interview at the end of the experiment, where we ask
the following questions: 1. Do you think the three systems are
same or different? 2. If you can choose one of the systems to
play more games with, which one would you choose?. We also
ask the reasons behind their choices as well as any comments.

5. Results

5.1. User preference

We recruited 21 self-reported English speakers for this study.
The dialogue system worked reasonable well, where about
a fifth of the interactions contained a few problems due to
bad ASR, turntaking or GPT-4 responses. Overall, the users
guessed the animal correctly half of the time, while the sys-
tem did it every fourth. User-reported overall preference for
the TTS systems is shown in Figure 3. A clear preference to-
wards Tacotron2-context-adapted model is shown. After that,
no preference is chosen by second most participants, while base
Tacotron2 and Matcha-TTS received lowest preference counts.
The majority of users who preferred Tacotron2-context-adapted
reported that they did not perceive differences between the other
two TTS systems, i.e. Tacotron2 and Matcha-TTS. This, added
to the fact that both models received low preference, shows that
the model architecture is not a determining factor for user pref-
erence. Without being prompted, participants used the follow-
ing words to describe Tacotron2-context-adapted, “human-like”
(n=5), “interactive” (n=2), “less robotic” (n=2).

5.2. Questionnaire

‘We hypothesized that both TTS and session are significant vari-
ables for questionnaire items. Both are proven wrong. Nei-
ther are significant factors in any of the questionnaire items by



Godspeed questionnaire Voice questionnaire User utterances
anthropo-fanimacyllikeability| perceived [perceivednaturalnessiintelligibilityprosody| pitch | pitch |[speechfturntaking num
morphism intelligence’P safety F mean | var | rate | delay |words

C(TTS) 0.285 | 0.870 | 0.146 0.024 0.843 0.308 0.972 0.407 | 0.030 | 0.703 | 0.218 | 0.067 |0.266
C(session) 0.424 | 0.985 | 0.939 0.344 0.334 0.728 0.418 0.346 | 0.465 | 0.011 | 0.370 | 0.028 | 0.869
C(user) 0.000 | 0.006 | 0.000 0.000 0.044 0.019 0.038 0.005 | 0.000 | 0.000 | 0.656 | 0.000 | 0.000
C(role) - - - - - - - - 10.675|0.682|0.149 | 0.000 |0.000

Table 2: ANOVA analysis (Type 1) p-values of the questionnaire and user utterance metrics. Significant p-values < 0.05 are highlighted.

ANOVA analysis (Type II) with p=0.05 on fitted ordinary linear
squares as seen in Table 2, except for TTS in Godspeed ques-
tionnaire’s “perceived intelligence” category. In that category,
the fitted linear model indicates that Tacotron2 is 0.78 higher
than Matcha-TTS with p=0.007 and Tacotron2-context-adapted
is higher for 0.629 with p=0.026. On the other hand, the user
factor is significant in all questionnaire items, indicating that
users rate differently. This shows that questionnaire may not be
an effective measurement instrument in our evaluation setup.

5.3. User utterance analysis

We analyzed the following features in user utterances: pitch
mean, pitch variance, speech rate, turn-taking delay, and num-
ber of words spoken. As shown in Figure 2, ANOVA analy-
sis (Type II) with p=0.05 reveals that TTS is only a significant
factor in pitch mean of user utterances, with Tacotron2 12.14
Hz lower than others with p=0.010 while other differences are
insignificant. This shows that TTS did not significantly alter
interaction style of the users, thus it is difficult to effectively
evaluate TTS from user utterance analysis in this experiment
design. Moreover, session is a significant factor for 2 features,
pitch mean and turn-taking delay, consistent with our hypothe-
sis that users interact differently over the course of experiment,
potentially due to that they become more accustomed at inter-
acting with the system. User is again a highly significant factor
while speaker role is also a moderately significant factor. Ses-
sion and speaker role are part of experiment design. The fact
that they significantly altered user utterance features shows the
importance of experiment design when evaluating TTS in inter-
action.

Number of user prefer
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Tacotron2- (no Tacotron2 Matcha-TTS
context- preference)
adapted

TTS model

Figure 3: Overall user preference for the same dialogue system
with different TTS models.
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6. Discussion

Evaluating TTS within dialogue system interactions presents
multiple challenges. One concern is the potential interference
from non-TTS factors that can influence user impressions: do-
main, user preferences, understanding and reasoning capabili-
ties of the system, and response times, etc. We observed that
ASR and turn-taking failures significantly impacted interaction
quality. Several users mentioned these issues as key factors in-
fluencing their ratings of the systems. However, we can mini-
mize these noise factors by increasing dialogue system robust-
ness through iterative development and testing, while incorpo-
rating latest advancement in spoken dialogue system technol-
ogy, such as better turn-taking predictors [34]. Another po-
tential limitation is scalability, primarily because these studies
are conducted in-person with participants individually, in con-
trast to MOS listening tests which can be conducted in parallel
through online crowdsourcing platforms. However, we contend
that the quality of both the participant engagement and the data
collected is substantially higher in the context of in-person in-
teraction studies. The rich interaction recording in both audio
and video can be further rated and analyzed by third-person ob-
servers to provide detailed understanding of the impact of dif-
ferent TTS models. Moreover, our analysis of user utterances
indicates that speaker role within the guessing game context
(questioner vs. answerer) significantly influenced the results,
becoming yet another non-TTS noise factor. Future research
could explore different interaction contexts, including shorter
interactions and more balanced speaker roles. Another future
direction is to analyse the prosody of the user, and increase the
engagement and trust through prosodic entrainment [35].

7. Conclusion

We advocate for contextual and interactive evaluation of TTS
models in dialogue system interaction. To this end, we built a
fully autonomous dialogue system for the context of a “20 ques-
tions” guessing game and proposed a novel user study setup.
The dialogue system is novel in that its interaction manager is
able to control the TTS speaking style (from read to sponta-
neous) and prosodic realisation, given the content of its output
(turn-taking filler, question/answers and entertaining remarks),
and the current progression of the game. Three TTS models,
Tacotron2, Matcha-TTS, and Tacotron2-context-adapted, were
evaluated as part of the dialogue system. We collected multi-
dimensional user data at utterance-, session- and experiment-
level. Results show that Tacotron2-context-adapted is signifi-
cantly preferred overall by users. However, there is little signif-
icance found in session-level questionnaire and user utterance-
level prosody features, suggesting that these two measuring in-
struments are less effective in our evaluation setup. Future stud-
ies could explore other interaction contexts as well as other
measuring instruments to increase evaluation efficacy.
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