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As the global aging trend intensifies, the demand for long-term care systems will continue to
rise, necessitating solutions to the problems of a shortage of manpower and excessive burdens on
traditional human care. Among all care systems using Al techniques, the chatting system that
can create a tight interaction between the aged and the system has inevitably become a necessary
Al tool. However, for the aged, including those in Taiwan society, text-typing-based Al chatting
systems with the interaction model of text-in—text-out are highly complicated and difficult to
use. To tackle this issue, we will develop a Mandarin spoken dialogue system where chatting
interactions will be in a simple and straight speech-to-speech mode. In addition, to provide
emotion-connected voice interactions with psychological comfort and social companionship, the
designed dialogue system will specifically contain the functionality of dialogist-aware system-
speaking-style switching; in accordance with the system dialogist identity, the responding
synthetic speech of the system will be in the style of a target speaker that is matched to the
dialogist. The developed Mandarin spoken dialogue system in this study typically includes three
computing modules, automatic speech recognition (ASR), semantics understanding of a large
language model (LLM), and text-to-speech (TTS) speech synthesis. For the first two modules,
the open source Google ASR and Google Gemma LLM are effectively employed and suitably
integrated into the dialogue system. For TTS, to additionally perform system-speaking-style
switching, the well-known Tacotron2 speech synthesis approach is adopted in this work. The
Tacotron2 approach presented by Google is famous for its effectiveness in the deep learning of
the speech database available. In this study, an initial Tacotron2 TTS model is first established
using the Mandarin speech database ‘Biaobei,” following which, a model fine-tuning procedure
that uses small amounts of speech data from the specific target speaker to adjust the initial
model parameters is designed. Aimed at the dialogist recognition of the dialogue system, You
Only Look Once (YOLO)-based face detection is performed to classify the dialogist identity.
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With the recognized dialogist, the fine-tuned adaptation Tacotron2 model matched to this
dialogist will then be used to perform speech synthesis. To evaluate the naturalness of the
synthetic speech, various signal analysis evaluation metrics, including Mel-cepstral distortion
(MCD), linear prediction code distortion (LPCD), and peak signal-to-noise ratio (PSNR), are
also carried out in this work to investigate the effectiveness and compare the accuracy by the
human-decision mean opinion score (MOS) approach.

1. Introduction

Intelligent accompany agents with the function of interactive chatting are an emerging
technology in the current society of a large aging population. For the aged group, communicating
with the system using the typical text-to-text mode will not be suitable because of the complexity
and difficulty of utilizing computing devices. Chatting Al agents for care purposes are usually
designed for more natural spoken interactions. Through speech-to-speech interactions with
system inputs of natural speech from the dialogist and system outputs of synthetic speech
responses created by the system, the spoken dialogue system can provide psychological comfort
and social companionship to perform care of the aged. Early developed intelligent speech
assistant systems, such as Apple Siri and Amazon Alexa, are mainly used for voice-command
services and are based on limited-domain natural language processing and regular dialogue
management.() However, such assistant systems have only limited interactive flexibility and
have difficulty in understanding complex sentences. With the current rapid development of large
language model (LLM) deep learning technology, dialogue systems will be able to understand
more complex sentence structures, infer contextual relationships, and generate natural and
semantically coherent responses, which will significantly enhance the practical help of spoken
dialogue in elderly care.>¥

Currently, common LLMs include the Microsoft GPT series (such as GPT-3 and GPT-4)
launched by OpenAl® the LLaMA series published by Meta,©® and the Gemini model of
Google DeepMind.(”) Generally, in order to meet the needs of specific tasks, the fine-tuning
technology of LLM has also been developed rapidly. The Gemma LLM, which belongs to the
lightweight type compared with Gemini, is employed in developments of the spoken dialogue
system in this work since such LLM may be suitable for smaller tasks such as chatting agent
applications in this study. Furthermore, an additional consideration in integrating Gemma LLM
into the spoken dialogue system is that improvements of the interpretability and performance of
the model by the well-known low-rank adaptation (LoRA) fine-tuning approach have been
successfully achieved in related applications.®)

In this work, a Mandarin spoken dialogue system is developed for care of the elderly in
Taiwan society. As mentioned, the open source Gemma LLM is adopted for semantic
understanding, and for speech recognition for translating the speech of the dialogist into text,
another open source Google automatic speech recognition (ASR) is utilized. For speech synthesis
to generate semantic responses to the dialogist, the constructed spoken dialogue system in this
work employs the Tacotron2-based approach. Although the early developed parametric synthesis
approach (based on the characteristics of acoustic models, such as the statistical parametric
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synthesis) is a simple way without the need for exhausting model training,®) such a method will
inevitably encounter a serious problem of poor naturalness of the synthesized speech. With the
rise of deep neural networks, end-to-end architectures have gradually become the mainstream
technique in the development of speech synthesis owing to significant improvements of the
naturalness and fluency of the synthesized speech. The core concept of such end-to-end speech
synthesis is to convert text directly into acoustic features through the sequence-to-sequence
model. The Tacotron2-based approach incorporated in the developed dialogue system is also
categorized into such a type of end-to-end speech synthesis.1%!) Following the fundamental
end-to-end structure of Tacotron2, some Tacotron2-variant speech synthesis approaches are
presented, such as the Transformer text-to-speech (Transformer—TTS) method in Ref. 12 that
uses a self-attention mechanism to replace the traditional long short-term memoery (LSTM)
architecture in Tacotron?2 to improve the efficiency and stability of modeling long sequences and
the FastSpeech-series method in Refs. 13 and 14 that further enhances Transformer-TTS by
promoting typical autoregressive to non-autoregressive spectrogram generation using a duration
predictor and position alignments for achieving fast speech synthesis. Although those Tacotron2-
variant speech synthesis approaches are helpful in improving the data quality or inferring the
speed of synthesis speech, difficulty will be encountered when further system development is
required to adapt the TTS model to match speaking styles of the specific target speaker or to
transfer emotion to the synthetic speech to form emotional synthesized speech.(!>-17) To provide
an emotion-connected voice interaction with psychological comfort and social companionship,
speech synthesis with dialogist-aware system-speaking-style switching will be developed on the
basis of the fundamental structure of Tacotron2 and properly incorporated into the Mandarin
spoken dialogue system in this work. A You Only Look Once (YOLO)-based face detection
scheme for classifying dialogist identity is constructed,'® and then, in accordance with the
recognized dialogist, the fine-tuned Tacotron2 model that has the speaking style of the target
speaker and is matched to this dialogist will then be used to perform speech synthesis. Various
signal analysis metrics will also be investigated to evaluate the naturalness of the synthetic
speech. The fundamentals of Tacotron2 speech synthesis and related system development issues
of the presented Mandarin spoken dialogue system with a target-speaker-adaptive Tacotron2
TTS for the identified system dialogist will be described in detail in the following sections.

2. Tacotron2 Speech Synthesis

As mentioned, the Tacotron2 framework is used for speech synthesis in the constructed
Mandarin spoken dialogue system to generate voice responses to the utterances of the dialogist.
Figure 1 depicts the overall structure of the Tacotron2 speech synthesis scheme, including
mainly four computation parts: an encoder, a location-sensitive attention component, a decoder,
and a vocoder integrated at the final output.(!%!") Tacotron2 is essentially a type of spectrogram
deep learning model with the word token analysis of the corresponding text. In the training
phase of Tacotron? (i.e., model establishment), a database containing two separate sets, a set of a
series of natural speech utterances and a set of a series of related text contents, will be necessary
for model deep learning. Each of the text contents behaves as continuous word tokens and
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Fig. 1. (Color online) Framework of the Tacotron2 model for performing natural text-to-speech (the natural speech
uttered in Mandarin in this work) translation.

corresponds to a certain speech utterance. When using Tacotron2 in the inference phase, only
the text content desired to predict its spectrogram form is required.

As shown in Fig. 1, the encoder part of Tacotron2 mainly encodes the input text content and
contains three operation modules: character embedding, three-layered convolution, and the
bidirectional LSTM (BiLSTM) procedure. The main mission of the Tacotron2 decoder is to
synthesize the spectrogram that corresponds to the input text content. In the training phase of
Tacotron2 model establishments, both the input text content and its corresponding spectrogram
are necessary; in the inference phase for online speech synthesis, only the input text content
(obtained after speech recognition in this work) is required for decoding (inferring) its
representative spectrogram. Because no input spectrogram is available in online inference [see
Fig. (1)], zero vector is required as the initial input to guide the Pre-Net model of the decoder to
start decoding. After feature extraction by the Pre-Net model, the extracted vector is
concatenated with the context vector calculated by the location-sensitive attention mechanism.
The concatenated vector is then passed to the LSTM to obtain the spectrogram hidden vector of
the current frame. Such an LSTM-derived vector is sent to the linear projection layer to project
the spectrum information of the current frame. In addition, the vector is simultaneously also sent
to the Post-Net model with five convolution layers to compute the residual data, which will
undergo an addition operation with the projected spectrum information of the current frame to
further enhance the details of the current spectrum data. The current linearly projected
spectrogram data will also be sent back to the Pre-Net model as input to derive the spectrogram
information of the next frame. The spectrogram derivation will be repeated in a frame-by-frame
manner until the appearance of the final “Stop token.” This stop token indicates that the
spectrogram decoding of the text content has been completed, that is, the final end of the text
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represented by a sequence of word tokens has been found. Note that the location-sensitive
attention mechanism adopted by Tacotron2 can mitigate the undesired disadvantages of the
traditional attention mechanism,!%!") particularly the frequent appearances of errors such as
repeated reading and word skipping owing to the lack of historical information memorized. To
solve this problem, the location-sensitive attention mechanism additionally introduces the
attention distribution of the previous time step (timestamp), which is shown as

;= ConV1D(a,), (1)

where @, ; denotes the attention distribution in the previous step, ConV1D is a series of
convolution filters with one dimension, and the final f, derived from Eq. (1) represents
convolutional location characteristics of the attention distribution in timestamp ¢. Equation (2)
defines the attention score at each timestamp, e, ;, which is also known as the alignment score:

¢, =V tanh (W,s,_, +Vh +Uf,; +b), 2

where s,_; denotes the hidden state of the decoder at timestamp ¢—1; 4; represents the i-th feature
vector in the output sequence of the decoder; f;; is the position feature obtained by the one-
dimensional convolution of a, |; W, V, and U are the linear transformation matrices of s, i,
h;, and f, ;, respectively; b indicates the bias value; and VT denotes the attention score vector. On
the basis of such a Tacotron2 deep learning framework, a Mandarin speech synthesis scheme
with the ability to fine-tune the specific speaking style of the target speaker is constructed and
properly incorporated into the Mandarin spoken dialogue system in this work. This will be
described in detail in the following section.

3. Mandarin Spoken Dialogue System with Tacotron2 TTS of Tunable Target
Speakers for Different System Dialogists

In this section, we will explain the designed Mandarin spoken dialogue system using
Tacotron2-based speech synthesis with dialogist-aware system-speaking-style switching. Below
we will introduce the Mandarin spoken dialogue system framework, the fine-tuning of the
Tacotron2 TTS model for the speech synthesis of the target speaker, YOLO-based face
recognition for dialogist awareness, and finally, the strategy adopted for naturalness evaluations
of the synthesized speech in this work.

3.1 Designed framework of the Mandarin spoken dialogue system

As depicted in Fig. 2, the Mandarin spoken dialogue system designed in this work contains
mainly three computation modules, ASR, LLM, and TTS. For the ASR module, the well-known
cloud speech-to-text application program interface (API) released by Google is properly adopted
and integrated in this study. The popular Google ASR is one of the web services of Google Al
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Fig. 2. Classical spoken dialogue system with speech-to-speech interaction (generally only one speaking style in
the synthetic speech output).

(i.e., a connection between the constructed dialogue system and the web of Google cloud over
the IP networks required) and provides pretrained ASR models and related libraries for the
spoken dialogue system (being one client of the connection-type web-client) to complete system
integrations. As shown in Fig. 2, the system input of speech is first sent to ASR for translating
the uttered speech from the dialogist to the correct text content, following which, the translated
text content is then sent to the LLM module again to gain further text semantic understanding.
Note that, besides using the open source of Google ASR, the LLM integrated in this dialogue
system is also an open generation Al model, the Google Gemma LLM. Gemma was adopted for
the reasoning of the speech-translated text content in this work because such a type of LLM is
lightweight and capable of fine-tuning, which will therefore be appropriate in this work for
rapidly inferring trustable semantics of the dialogist-spoken input.

For the TTS module interpolated at the end of the spoken dialogue system, as mentioned
above, the Tacotron2 speech synthesis deep learning framework is used in this work (see Sect.
2). Note also that for the Tacotron2 system synthesis of Mandarin speech, the pre-processing of
the Mandarin text will be required before the character embedding operation of the Tacotron2
encoder. The pre-processing of input text contents includes the phrase (or word) segmentation of
the input text and “Hanyu Pinyin” of each separated word. Table 1 shows the text pre-processing
performed on an input Mandarin word sequence. After text pre-processing, the character
embedding of the Tacotron2 encoder can be performed to establish the embedded vector for each
character. As can be seen in Table 1, the embedding vector of the Mandarin character ‘E’ is
denoted as “bao2”. Note that the number in the embedded vector represents the tone (there is a
total of four basic tones, 1, 2, 3, and 4, in Mandarin). Mandarin characters with four different
tones will be viewed as four separate character embedding vectors in speech synthesis. For all
these constructed character embedding vectors, a symbol index table (see Table 2) to assign an
index number to each different vector will be established so that the embedding vector of each
Mandarin character can then be easily found during the text encoding procedure. Note that in
Table 2, the symbol © ’ denotes a ‘space’, which is used for the purpose of ‘padding’ to align each
input word sequence (i.e., padding token); the symbol ‘~* is the “Stop token” that represents the
end of the input text, notifying the encoder to stop text encoding in the training phase or
reminding the decoder to stop spectrogram decoding in the inference phase, as previously
described.

The Tacotron2-based TTS model for the Mandarin speech synthesis herein is first trained to
be an initial TTS model using the database ‘Biaobei’, which contains 12 h of recordings of a total
of 10000 Mandarin utterances. The initial Biaobei-derived TTS model can then be further fine-



Sensors and Materials, Vol. 38, No. 3 (2026) 1453

Table 1

Example of pre-processing operations of the input text content by Mandarin Tacotron2 TTS.

Input word sequence (Mandarin) HIHA PR, ERMESE.

Word segmentations IS | EoE | BRERER | | SR | B ESE L
. bao2 ma3 |pei4 guad| bo3 luo2 anl|, |diaol chan2| yuan4

Hanyu Pinyin zhen3 |dong3 wengl ta4|, |

Table 2

Symbol index table established for making the dictionary of all character embedding vectors.

Hanyu Pinyin bao2 ma3 |pei4 gua4| bo3 luo2 anl|, |diaol chan2| yuan4 zhen3 |dong3 wengl ta4|, |
¢ :0,5~1,“ba02:2,“ma3”:3, “peid "4, “guad’:5,“b03:6,“luo3™:7, “an1’8, “diaol™:9,
“chan2”:10, “yuan4™:11, “zhen3:12, “dong3™:13, “wengl™:14, “tad™:15, *, 16, <, ":17

Index sequence [2,3,4,5,6,7,8,16,9,10,11,12,13,14,15,17,0,0,...,1]

Symbol index

tuned as speaker-dependent TTS models. Each speaker-dependent TTS model corresponds to a
specific target speaker with a distinctive speaking style, as will be explained in the following
section.

3.2 Fast establishment of various target speakers with different speaking styles by tuning
the initial Tacotron2 TTS model

The task of fine-tuning the initial Tacotron2 TTS model into a specific TTS model for the
i-th speaker (i.e., Speaker-i) with an identical speaking style includes three main procedures: (1)
the construction of the initial TTS model by Tacotron2, (2) the collection and pre-processing of
small numbers of Mandarin utterances from a specific speaker, Speaker-i (i.e., datasets of
Speaker-i for fine-tuning the initial TTS speech synthesis model), and (3) the establishment of
the adaptive TTS model using speech datasets of a new target speaker (i.e., Speaker-i). Figure 3
shows the operation schematic of the Tacotron2 TTS model fine-tuning. As mentioned, in the
first procedure, the large Biaobei database containing 10000 Mandarin utterances is employed
for training the initial TTS model. Note that in this procedure, both text encoding (encoder) and
spectrogram decoding (decoder) are performed. For the second procedure, various speakers
were requested to be target speakers in this study, and only small numbers of speech data were
recorded by each target speaker, 250 utterances from each target speaker. As shown in Fig. 3,
three different adaptation datasets from three separate target speakers, Speaker-A, Speaker-B,
and Speaker-C, will be used to tune the original Biaobei-derived TTS model to have identical
model parameters to obtain three corresponding adaptive TTS models. Note also that for pre-
processing the Mandarin text contents of the newly collected speech utterances of the target
speaker, a similar task as the Biaobei database process mentioned in the previous section will
also be carried out herein. As for model fine-tuning in the final procedure, different from the
training of the initial TTS model, only model parameters of the decoder module are adjusted,
and the entire encoder module is kept invariant (i.e., all the model parameters of the encoder are
frozen) for the purpose of fast model adaptation. Freezing the encoder and tuning only the
decoder parameters are essentially a type of transfer learning technique where the text encoder
of target-speaker speech synthesis is trained on the relatively large database of Biaobei to
provide the completeness of overall semantics.
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Fig. 3. Tacotron2 TTS system’s fast establishment procedure of the target speaker with a particular speaking style
using an adaptive learning scheme to tune the Biaobei-derived Tacotron2 TTS model using the collected speech
utterances from the particular speaker.

3.3 Dialogist-aware spoken dialogue with speech synthesis of multiple target speakers by
YOLO identity recognition

A series of adaptive Tactron2 TTS models constructed by model fine-tuning, as described
above, can then be used in an online speech-to-speech dialogue system with the ability of
dialogist awareness. As shown in Fig. 4, the developed spoken dialogue system in this work will
perform the face recognition of the system dialogist before spoken interactions and choose one
adaptive Tactron2 model that is completely matched to this dialogist to synthesize speech
outputs in accordance with the recognized dialogist identity. Note that an identity mapping task
between the current system dialogist and the corresponding target speaker with the particular
speaking style will be properly set up in advance (for example, the relationships of “grandfather
and grandson” and “mother and daughter”). The YOLO-based deep learning approach (mainly
YOLOV4) will be employed in this study for the face recognition of system dialogists.!®) Users
of our spoken dialogue system will be requested to scan RGB face images for the model training
and inferrence by the YOLO face recognition deep learning scheme. The YOLOv4 structure
used in this work for the face recognition of dialogists comprises mainly three computation
components, ‘Backbone’, ‘Neck’, and ‘Head’. The fine integration of these components will
enable the high performance of feature extraction, fusion, and stacking of the extracted local and
global features of the captured facial images of the system dialogist. Note that the bounded box
for object detection (i.e., region of interest, ROI) in this work is the detected region of the
dialogist’s face in a captured speaking interaction image.

3.4 [Evaluation metrics of the naturalness of speech data synthesized by Tacotron2

The naturalness of speech synthesized by our Tacotron2-based approach is also investigated
and compared with that of real (i.e., ground truth data) speech. Four speech naturalness
evaluation metrics are employed: mean opinion score (MOS), Mel-cepstral distortion (MCD),
linear prediction code distortion (LPCD), and peak signal-to-noise ratio (PSNR). Note that MOS
is a measure of the average decision opinions of all collected multimedia data qualities (mainly
the synthesis speech in this work) of test persons. The evaluated result of MOS on synthetic
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Fig. 4. Flowchart of the presented dialogist-identity-aware spoken dialogue system with switching of TTS speech
synthesis of system speaking style (speech-to-speech interactions with synthesized voice of the particular speaker).

speech will be highly trustworthy. MCD, LPCD, and PSNR are determined by signal process
computations and then used to compare the distortion (or difference) comparisons between real
and synthetic speech to determine which evaluated result is closest to that of MOS (MCD in
speech synthesis experiments in this work). Dynamic time warping (DTW), which is a type of
dynamic programming, is used in MCD and LPCD metrics to compare distortion between the
synthetic and real speech features.

4. Experiments and Results

The system design and experimental construction of the developed Mandarin speech-to-
speech dialogue system using Tacotron2-based speech synthesis with dialogist-aware speaking-
style switching are carried out in a laboratory office environment. Training, inferring, and target
speaker fine-tuning of the Tacotron2 speech synthesis model and YOLO-based face recognition
deep learning for system-dialogist awareness are performed with a computer device comprising
the hardware components of Intel i7 CPU, 128 GB RAM, and a GeForce RTX 4090 graphics
card (containing mainly Nvidia GPU). The operating system on the computer is Ubuntu Linux
(version 20.04). Both the speech data and the facial information of the dialogist are acquired
using the properly deployed Kinect sensor device (version 1).1 The Kinect sensor device
developed by Microsoft is well known for its advantages of the simultaneous acquisition of video
and voice data.

Table 3 shows an example of the speech-to-speech dialogue of our Mandarin spoken dialogue
system developed in this work. As mentioned previously, the open source Goggle ASR and
Gemma LLM were properly incorporated into this system to perform the speech recognition of
input speech text and text generation after understanding of the semantics of the ASR-translated
text. The synthetic speech RAW in Table 3 was generated by the well-trained Tacotron2 speech
synthesis model.

In the Tarcotron2 speech synthesis experiments, the speech database BZNSYP (generally
known as the Biaobei dataset, as mentioned previously) containing 10000 Mandarin utterances
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Table 3

(Color online) Example of spoken dialogue. System inputs and outputs using the developed speech-to-speech
Mandarin interaction dialogue (Google Gemma LLM integrated for understanding the semantics of the ASR-
translated text) are listed.

Spoken dialogue system (generates responses to
utterances of the dialogist)
Output speech text (from Synthetic speech RAW
Gemma LLM) (output)

In Mandarin:
LR, (LS
F, HEAHEAC
AN B, B 5 W] LA E,
AR, R AH
FEJRE R S, ]
DLE B A, RANSH
S ER A ZIEIEAZ,
e ENo W 3 R R (]
In Mandarin: NS o
BS54 EE, #872 A (1 understand how you feel.
o] N2 Fo In this world, everyone
(I feel so lonely, and nobody experiences loneliness at
comes to see me.) some point. Please know
that you are not alone.
Many people have faced
similar feelings. You can try
talking to family members
or trusted individuals
about your emotions, or
connect with others online
to share your feelings and
experiences.)

System user (dialogist in speaking)

Natural speech RAW

(input) Input speech text (by ASR)

recorded by a woman speaking in standard Chinese is employed for training the initial Tacotron2
TTS model. Figure 5 depicts the convergence conditions in a series of iterative training. As
depicted in Fig. 5, the total loss, which represents the differences between all synthetic and real
spectrograms, can attain a satisfactory convergence value approaching 0 when the iterative
training is sufficient (over 100000 steps). In the TTS inference phase for evaluating the
performances of the constructed Tacotron2 models, text contents of the first 20 utterances in the
BZNSYP database are used for text-to-speech translation. A total of 20 synthetic utterances,
each of which corresponds to one of the text contents, are generated for test evaluation. As
mentioned in Sect. 3.4, the four evaluation metrics of MOS, MCD, LPCD, and PSNR are utilized
to evaluate the quality of these 20 synthetic utterances. Table 4 shows the averaged evaluation
result of the 20 utterances for each metric. As observed from Table 4, the MOS score achieves an
ideal value of 4.32 & 0.085. Note that in the MOS evaluation task, 30 participating subjects aged
20 to 25 years were recruited and requested to rate each of the 20 synthetic utterances. In the
MOS evaluation task, participants rated the naturalness and clarity of the synthetic speech
(listen to the wav-file composed of PCM raw data) on a scale of 1 to 5, in which 5 indicates that
the speech was closest to the human voice and 1 that the speech was completely unnatural or
difficult to understand. In the two evaluations where distortion was compared, MCD shows an
average distortion value of only 5.55, which indicates that the degree of similarity between the
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Fig. 5. (Color online) Loss curve of the initial Tacotron2 model in the training phase using the open Mandarin
dataset ‘BZNSYP’ (10000 utterances) developed by the Data-Baker company.

Table 4
Averaged evaluation results of 20 Tacotron2 synthesized speech utterances for various evaluation metrics including
human-decision MOS and three signal-analysis-based approaches.

Evaluation metrics Average of 20 different utterances
MOS (human decision) 4.32+0.085

MCD 5.55

LPCD 193.03

PSNR (dB) 16.97

synthetic speech and the real speech is very high. However, the evaluation result of LPCD
approaches an obviously large value of 193.03, indicating a dissatisfactory speech outcome.
Distortion curves between natural and synthetic speech data (the 20th utterance) derived by
MCD and LPCD evaluations are illustrated in Fig. 6. The PSNR of the synthetic speech is also
substandard, only 16.97 dB, which is far below the ideal 30 dB of the real-speech-like data.
Therefore, experimental results demonstrate that the MCD comparison can reveal a more
accurate evaluation result and express viewpoints similar to the human-decision.

During the fast establishment of TTS models adapted to the target speaker with a specific
speaking style by fine-tuning the initially trained Tacotron2 TTS model, as described in Sect.
3.2, the system developer and non-system-developer test users are requested to record speech
data. Each system test dialogist is requested to speak 250 different utterances to construct the
speech database for TTS model adaptation. The text contents of these 250 recorded utterances
completely correspond to those of speech data of the 750th to 999th utterances in the BZNSYP
database. Figure 7 shows the curve of loss values in fine-tuning the decoder parameters of the
initial Tacotron2 TTS model using 250 utterances of the target speaker (the system developer).
An ideal convergence of loss values can be observed in Fig. 7, indicating fast model adaptability
using only small amounts of adaptive speech data. Figure 8 shows the curves of attention
alignment between the encoder and the decoder when fine-tuning the initial Tacotron2 model.
As shown in Fig. 8, the attention alignment curve is rough up to the 100th iteration of training.
By increasing the number of fine-tuning model training iterations to 1000, the attention
alignment curve becomes significantly improved. At 10000 iterations, a standard attention



1458 Sensors and Materials, Vol. 38, No. 3 (2026)

8

Generated LXC Coeticients
I
5

100 150
OAgian LIC Coetfcisnts

@

Fig. 6. (Color online) Distortion curves between real and synthetic speech data (20th utterance in the dataset
‘BZNSYP’) obtained for the two evaluation metrics (a) LPCD and (b) MCD.
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Fig. 7.  (Color online) Loss curve of adaptive Tacotron2 model in the model fine-tuning phase using the database
containing 250 utterances recorded by the target speaker (system developer).

Fig. 8.  (Color online) Attention alignment between encoding (y-axis) and decoding (x-axis) procedures of model
fine-tuning of the initial Tacotron2 model (from left to right: 100, 1000, and 10000 training iterations).
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alignment curve can be seen, indicating the attainment of excellent model fine-tuning. Figure 9
depicts the originally real (target) and generated spectrograms by the fine-tuned Tacotron2
model with 100, 1000, and 10000 iterations. To compare the naturalness of the initial and the
adaptive Tacotron2 model synthesized speech, the MCDs of the different types of synthesized
speech are evaluated, and the results are listed in Table 5. Fine-tuned Tacotron2 models show
outstanding performances for both system-developer and non-system-developer target speakers.
These close MCD distortion values in Table 5 indicate the effectiveness of the fast TTS model
adaptation for the target speaker.

Finally, in the experiment using the YOLO-based deep learning for the face recognition of
system users in order to generate dialogist-aware spoken dialogue, a typical model training
procedure is performed to establish the YOLO-based face detection model. The dialogist identity
recognition using the collected images of the faces of different users (the simulated system
dialogists) achieved perfect accuracy. Figure 10(a) depicts the loss curve in the training phase of
the face detection model (YOLOV4).(!® Figure 10(b) shows an example of dialogist identity

Fig. 9. (Color online) Speech spectrograms of real speech of the target speaker and synthesized speech generated
by the fine-tuned Tacotron2 model (from left to right: 100, 1000, and 10000 training iterations; upper and lower: real
and generated spectrograms).

Table 5
Average performances of three different types of synthesis speech (PCM raw) generated by the initial, system-
developer-adaptive, and non-system-developer—adaptive Tacotron2 models.

Tacotron2 TTS model used for speech synthesis MCD distortion
Initial TTS model using ‘BZNSYP’ database (WaveRNN vocoder) 5.55
Adaptive TTS model of system developer (Griffin—Lim vocoder) 10.02
Adaptive TTS model of non-system developer (Griffin—Lim vocoder) 10.68

Fig. 10. (Color online) (a) Loss curve of YOLO-based face detection during training. (b) Dialogist awareness by
identity recognition of system users (bounding box is perfectly positioned in the face region of the dialogist).
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recognition using the trained YOLO model to detect and classify the identity of the dialogist,
after which, the system target speaker can be matched with the specific adaptive Tacotron2 TTS
model in advance before starting speech-to-speech dialogue, as mentioned in Sect. 3.3.

5. Conclusions

In this work, a Mandarin spoken dialogue system was developed in which a scheme of
Tacotron2-based speech synthesis with dialogist-aware system-speaking-style switching is
properly incorporated. By properly integrating open source ASR and LLM, the developed
dialogue system can perform speech-to-speech interactions with dialogist speech inputs and
system-synthesized speech outputs. To achieve awareness of the system dialogist and then
generate responses of synthetic speech of the target speaker with a specific speaking style, the
adaptation of the initial Tacotron2 model by fine-tuning and dialogist identity recognition by
YOLO-based face recognition are also embedded in the system. Tacotron2 speech synthesis
experiment results demonstrate that MCD can reveal accurate results and indicates judgements
close to those of human-decision MOS in synthetic speech evaluations. The dialogue system
designed in this study will greatly benefit the aged population that experiences difficulty in
using text-typing methods to interact with Al chatting systems.
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