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Abstract

A face is expressive of individual identity and used in vari-
ous studies such as identification, authentication, and personal-
ization. Similarly, a voice is a means of expressing individuals,
and personalized voice synthesis based on voice reference is ac-
tive. However, the voice-based method confronts voice sample
dependency limitations. We propose Face-based Voice synthe-
sis for Text-To-Speech (FVTTS) to synthesize voice from face
images that are more expressive of personal identity than voice
samples. A major challenge in face-based TTS methods is ex-
tracting distinct voice features highly related to voice from the
face image. Our face encoder is designed to tackle this by in-
tegrating global facial attributes with voice-related features to
represent personalized characteristics. FVTTS has shown supe-
riority in various metrics and adaptability across different data
domains. We establish a new standard in face-based TTS, lead-
ing the way in personalized voice synthesis.

Index Terms: face-based TTS, face voice conversion, face to
speech, end-to-end TTS

1. Introduction

A personal face is expressive of individual identity encompass-
ing gender, age, and ethnicity. Face images are widely used in
various studies such as identification, authentication, and per-
sonalization. Similarly, voice is a means of expressing individ-
uals, and personalized voice synthesis has been developed. In
personalized voice synthesis, previous studies achieved remark-
able performance with short reference voice samples [1, 2, 3, 4].
YourTTS [3] introduced a multilingual approach for multi-
speaker TTS and synthesized a new voice based on the input
sample voice. MegaTTS [4] proposed a large-scale TTS model
with inductive bias. They achieved state-of-the-art performance
by generating new voices and maintaining unique voice at-
tributes such as content, tone, and phase by introducing the
prosody large language model. However, these approaches re-
quire a reference sample of the target voice to synthesize the
new voice. There could be situations where obtaining the tar-
get speaker’s voice is problematic, or synthesizing voices for
fictional characters, such as animation characters and virtual re-
ality avatars, is required. In addition, the reference voice-based
TTS relies solely on the features presented in a given voice sam-
ple and has difficulty representing diverse characteristics.

We can consider face images as conditions of personaliza-
tion text-to-speech (TTS), instead of conventional widely used
voice samples. As mentioned, the face images are expressive of
personal identity and represent personal characteristics not con-
tained in voice samples. Motivated by the correlation between
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the face and the voice [5, 6], we generate the personalized voice
using the face image. Previous studies pointed out that articula-
tory structures like vocal cords, facial muscles, and facial bones
are responsible for producing personal voices [7, 8]. From the
perspective of neuroscience, humans can match the unknown
face to the voice and vice versa [9, 10]. This voice-face corre-
lation led to the research into the voice synthesis from the face
image [11, 12, 13]. Face2Speech [11] was an early model to uti-
lize face images in TTS systems, training a face encoder to align
face embeddings and speech embeddings. Subsequent devel-
opments focused on extracting more natural and realistic voice
features from the speaker’s face images as aligning extracted
facial features with pre-existing speech embeddings [12, 13].
However, as extracting personalized voice features from face
images poses challenges due to their diverse features, including
non-voice-related ones, the voice-related face features were not
learned directly from the face image in the previous methods.
FaceTTS [14] extracted the personalized voice-related features
directly from the speaker’s face image to synthesize voices.
However, they required an additional network to minimize the
difference between target and synthetic voices.

In this paper, we propose Face-based Voice synthesis for
TTS (FVTTS) model, which synthesizes the new voice from
the face image with end-to-end structure. Our proposed model
extracts the characteristics of the personal voice directly from
the face image, not utilizing any voice samples. FVTTS marks
a significant advancement by synthesizing more natural voices
without additional network learning. Given the text, speech, and
face image, our model extracts each feature by learning the en-
coders simultaneously. We propose the face encoder structure to
extract two face features. One is the global face image features
and another is the vocal-related features. With the proposed face
encoder, FVTTS extracts distinct personalized voice character-
istics directly from the face image. From the multi-modal fea-
tures, our model learns the proper distribution of speech given
the text and face for personalized voice synthesis.

To sum up, our contributions are as follows:

* We propose FVTTS, the face-based end-to-end TTS model.
FVTTS generates more natural personalized voices utilizing
the unique features from the face without any voice samples.

* We propose integrating a face encoder into the TTS struc-
ture, designed to extract speech directly from facial images
by combining global image attributes and specific facial fea-
tures that represent personalized voice characteristics.

¢ With the experiments, we demonstrate the potential of face-
based zero-shot TTS and establish our model as a new bench-
mark for face-based TTS systems. Supplementary demo

voice samples and codes are presented at the project page'.

"https://dxlabskku.github.io/FVITS/
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2. Method

FVTTS generates a personalized voice based on the speaker’s
face image. To solve the difficulty of extracting voice features
directly from the face image, we introduce the face encoder that
fuses two different image features. With the fused face features,
FVTTS synthesizes the personalized voice based on VITS [15]
structure. Figure 1 shows the overall architecture of FVTTS and
our proposed face encoder structure.

2.1. Encoder

Text Encoder. The text encoder extracts text features from the
text phonemes. We use a transformer encoder that is used in
VITS. The outputs of the text encoder are used to compute the
distribution of the latent variable through the projection layer.

Face Encoder. The face encoder is proposed to get speaker
features, hs;q, that express the personalized voice feature from
the face image. Since we use the face image, we do not
need to predefine the number of speaker embeddings to be
learned. As shown in Figure 1b, the face encoder is composed
of a global face feature extraction (ENCy) and a personalized
voice-related feature extraction (£ NC,,). The same face image
is input in both ENCy and ENCy,.

The ENC| is the network that learns the global features
of the image. We use the two stacked convolution blocks and a
linear layer to extract image embedding emb;g. For person-
alized features, we utilize the ENC),. We use the pre-trained
FaceNet model [16] that is generally adopted for face identifi-
cation [17, 18] to extract individual characteristics. The facial
embedding is calculated through the frozen FaceNet and passes
the linear layer to get the final face embedding emb fqce. The
extracted features are fused to make the speaker feature, hs;q.
embimg and emb fqce are conditioned in our model as the fol-
lowing equation. We set the weights of each feature, w;,,4 and
Wface, as learnable parameters updated during training. hsiq
is the combination of two learnable embeddings as follows and
we show the effectiveness through the ablation studies.

ey

hsid = wimgembimg + Wface embface

Posterior Enocder The posterior encoder calculates the speech
latent representation z with the spectrogram as input. This mod-
ule consists of the non-causal WaveNet residual blocks [19].
To generate various voices conditioned on individual speaker’s
characteristics, the speaker feature from the face image, hsiq,
adds in every residual block using global conditioning.

2.2. Flow Model

Normalizing flow receives the spectrogram features from the
Posterior Encoder and learns the distribution of the latent repre-
sentation to synthesize voice without the intermediate represen-
tation. This allows for generating human-like rhythms of speech
with end-to-end structure [15, 3]. As shown in Fig. 1a, during
training process, normalizing flow is trained with the redefined
Monotonic Alignment Search (MAS) [15], and the stochastic
duration predictor is used for diverse rhythms from input text.
On the other hand, in the inference process, we do not use MAS.
We use the inverse flow network based on the text encoder and
predict the duration through the stochastic duration predictor.
The inference process is shown in Fig. 1c.
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2.3. Vocoder

Given the speech’s latent representation, the Vocoder synthe-
sizes the personalized voice. We use the generator of HiFi-GAN
v1 [20] as the vocoder and modified discriminator referred [15].
To generate personalized voice, face embedding hs;q is added
to the input z from the posterior encoder.

3. Experiment
3.1. Dataset

We utilize Lip Reading Sentence 3 (LRS3) [21], the largest En-
glish audio-visual dataset, as our primary training set. Frontal
face images are obtained using the shape predictor 68 face land-
marks model, with five images sampled per video. Our training
set comprises 10,282 utterances from 3,995 distinct speakers.

We conduct experiments using two additional datasets to
assess the versatility of face-based Text-to-Speech (TTS) across
different datasets. First, we employ the GRID dataset [22], the
controlled laboratory dataset. We extract three face images per
video for performance evaluation. Second, we explore the ap-
plication of face-based TTS on animated characters by collect-
ing images from various publicly available animation movies.
This dataset includes eleven characters, six female and five
male, each designed to closely resemble human features.

3.2. Implementation Details

During training, we randomly sample the speaker’s face image
to pair the different images of the same speaker with the same
utterances for every step to prevent overfitting on specific image
and utterance pairs. The model is trained using an NVIDIA
GeForce RTX 3080 10GB with a batch size of 20. We use the
AdamW optimizer with a learning rate of 0.0002 and set the
sampling rate of voice as 44.1kHz. We train FVTTS 1.5M steps.

To evaluate the performance, we compare the results
of FVTTS with the publicly available models. We use
YourTTS [3] constructed on VITS [15] as same as ours for
voice-based TTS model. YourTTS is specialized to synthesize
the voice given the target speaker’s voice samples. Another one
is FaceTTS [14], a face-styled diffusion TTS model.

3.3. Evaluation Metric

We use speaker encoder cosine similarity (SECS), word error
rate (WER), mel cepstral distroction (MCD), gender accuracy
(GA), and mean opinion score (MOS) as evaluation metrics.
SECS [23, 3] is calculated as the cosine similarity between the
speech of the same speaker with different face images. Through
WER, the intelligibility of synthesized speech consistent with
the input text can be measured. MCD measures the difference
between the synthesis speech and the target speech. GA is used
to confirm speaker diversity and distinguishability because gen-
der is the primary feature of personal characteristics.

For subjective evaluation, the raters evaluate two to four
synthesis voices per speaker for consistency (MOS-C), intelli-
gibility (MOS-T), naturalness (MOS-N), the similarity of syn-
thesis voice and source voice (MOS-S), and the synchronization
between face and voice (MOS-M). The raters consist of nine
males and six females. Each rater listens to the voice samples
at least twice independently and rates in 1 to 5 points.
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Figure 1: Overview of FVTTS. FVTTS receives text, face image, and spectrogram of speech as input, and sends them into the three
encoders (2.1). The flow network (2.2) represents the distribution of speech and the vocoder (2.3) synthesizes the personalized voice

Consistency Intelligibility Naturalness Similarity Matching Diversity
SECS T MOS-C 1 WER | MOS-T 1 MOS-N 1 MCD| MOS-ST MOS-M?T GA?T
Voice-based  YourTTS [3] 0.779 3.778 £0.87 0207 4.137+0.77 3.692£1.07 19.699 2.769 £ 1.13 3.658 £+ 1.09  0.606
Face-based  FaceTTS [14] 0.748 3.231 £ 1.22 0.265 2.846 £ 1.03 1.752+0.77 19.832 1.462 £ 0.692.051 £0.92 0.576
FVTTS (w/o ENCp)  0.708 2.923 + 1.11 0.524 3419+ 1.16 3.103£1.17 17.173 2.308 £ 1.023.248 = 1.14 0.756
FVTTS (w/o ENCy) 0.691 2.803 £+ 0.99 0.544 3.085 = 1.06 2.701 £1.04 16.561 2.274 + 0.98 3.385 + 1.27 0.485
FVTTS (full) 0.754 3.897 + 0.95 0.306 4.231 £ 0.76 3.906 + 0.97 16.792 3.000+ 1.10 3.838 = 1.10 0.788
Table 1: Result of speech synthesis on LRS3 dataset.
° s o Male e Male more intelligible for humans. With the MOS-N score, our
s * (F;Ee':dafr * zee”r::fr model has the best performance showing the perceived natural-
- ~ boundary ~ boundary ness are better. With MOS-S result and MCD score, our model

(a) FaceTTS [14]

(b) FVITS

Figure 2: Visualization of synthesis speech on LRS3 Dataset.
The ‘x’ and ‘o’ marks represent the female and the male speak-
ers. The blue line divides speaker embeddings as gender.

MOS-CT MOSTT MOSNT MOSM7T
29831136 3.1501095 2.583+1.00 1.625+0.99
3.950£0.97 3.983+0.87 3.817+0.88 3.732+1.06

Table 2: Evaluation on GRID dataset.

FaceTTS [14]
FVTTS

MOS-TT MOS-NT MOS-M7+ GAT Prefer (%)
FaceTTS [14] 3475124 2.524+1.00 1.848+0.84 0.60  1.07
FVTTS 4.230+0.86 4.137+0.87 3.99510.88 0.80 98.93

Table 3: Evaluation on animation images.

3.4. Results on LRS3 Dataset

Table 1 shows the results on LRS3 dataset. It can be seen
that FVTTS improves on almost metrics for face-based TTS.
Our model acheives SECS and MOS-C scores similar to voice-
based TTS implying that FVTTS extracts similar personalized
features from different images of the same speaker. In the in-
telligibility, FVTTS achieves the best score at MOS-T although
the WER score is lower than FaceTTS. These results are caused
by the difference between machine and human intelligibility,
but our goal is voice synthesis for humans and our model seems

4955

has demonstrated the ability of voice synthesis similar to the
target speaker’s voice based on the face image. In addition, we
confirm the synchronization of the face image and the synthesis
voice with the best MOS-M results.

With the best GA score surpassing the voice-based TTS
model, we confirm that FVTTS is good at catching the gen-
der feature from the face image. In addition, we visualize the
speaker embeddings that converted from the synthetic speech
using Resemblyzer. Figure 2 shows that our model not only
generates various voices but also captures the personalized fea-
ture and synthesizes speaker-distinguishable voices.

As for the ablation study, we show the effectiveness of our
model. The full model improves the SECS score to 0.879 from
0.825 of the baseline without N Cp. In human evaluation, the
proposed structure shows more natural and better face-matching
results than a single network.

3.5. Results on Cross-Data
3.5.1. Results on GRID dataset

Table 2 shows the results on GRID dataset. Especially on the
face matching, FVTTS surpasses the baseline. These results
represent that FVTTS generates a voice synchronized with the
target speaker’s image even out of the distribution of training
data, and it would be helpful to generate a new voice for a new
speaker. These results mean that synthetic speech using FVTTS
is easy to understand and natural regardless of the data domain
and imply that our model can also be applied to other domains.

3.5.2. Results on Animation Images

We integrate speech synthesis with animation character images
to demonstrate the adaptability of our model across various
contexts. Table 3 presents the results on animation characters.
Across measures of intelligibility, naturalness, and face match-
ing, human evaluators consistently rate the voices generated by
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Figure 3: Visualization of face encoder. The left images show
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Figure 4: The variation of learnable weight in face encoder. The
red and blue lines show the variation of Wyace and Wimyg.

Fixed wyqce Fixed wimg

SECST GAT SECST GAf{

0.1 0735 0765  0.734  0.735
0.2 0.737 0571 0.735  0.600
0.3 0.732  0.686  0.730  0.611
0.4 0732 0.636 0.735 0.514
0.5 0.733  0.639  0.732  0.588
0.6 0.733  0.667 0.733  0.722
0.7 0.727  0.657  0.733  0.629
0.8 0.729 0559  0.734  0.545
0.9 0.731  0.667 0.733  0.676
1.0 0.735 0.686 0.733  0.778
FVTTS 0.754 0.788  0.754  0.788

Table 4: Results with various wimg and Wy ace.

our model higher than those produced by FaceTTS. Particu-
larly notable are the substantial differences in MOS-Naturalness
(MOS-N) and MOS-face Matching (MOS-M), underscoring the
superior performance of our model, even within the realm of an-
imation. Furthermore, our model demonstrates a significantly
higher gender attribution score (GA 0.8) compared to FaceTTS
(GA 0.6), indicating a more accurate portrayal of gender in syn-
thetic speech. Preference ratings for synthetic voices reveal a
strong inclination towards our model, with a preference rate of
98.93% over FaceTTS.

3.6. Efficiency of Face Encoder
3.6.1. Visualization of Face Encoder

We visualize each encoder’s focal area in representing personal-
ized features to show the efficacy of the face encoder. Figure 3a
and Figure 3b show the visualization results for the LRS3 and
GRID datasets. ENC)y, which is designed to extract overall
facial features, concentrates on delineating the face outline and
identifying facial components within the images. In contrast,
ENC), is tasked with capturing more personalized features. Vi-
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Figure 5: Spectrogram visualization of synthetic voices.

sualization results indicate that ENC), predominantly empha-
sizes the central facial regions, particularly the nose and lips.
These findings substantiate the hypothesis that EN C,, acquires
global image features, while ENC), plays a crucial role in ex-
tracting personalized voice characteristics.

3.6.2. The effectiveness of the learnable weights

Figure 4 shows the variations of learnable weights after 500,000
iterations. The orange line presents the value of wy e, increas-
ing with each iteration, while the blue line signifies the value of
Wimg, steadily decreasing. This trend suggests the significance
of ENC), derived facial features in representing personalized
voice characteristics. The red dashed line shows the weights for
the selected model, with wim g at -0.0735, and wy,c. at 0.8746.
We conducted experiments to assess the validity of these
weights by examining their impact. We held one weight fixed
at the learned value while varying the other from 0.1 to 1.0. The
evaluation outcomes are detailed in Table 4. Comparing the per-
formance achieved by our proposed model, none of the alter-
native approaches surpassed our performance that utilized the
learned weights. The results verify that the learnable weights of
the Face Encoder during the training process significantly en-
hance the overall voice synthesis performance of FVTTS.

3.7. Qualitative Result

We visualize the synthetic voices spectrogram and the face im-
ages of several speakers reading the same text; “The question is
who will have it.” In Figure 5, the first row shows the synthetic
voices of male speakers and the second row presents the synthe-
sis results of female speakers. The left male speaker on the first
row exhibits a more varied frequency range compared to the left
female speaker on the second row. Further, upon comparing the
voices of two male speakers, noticeable differences in attributes
such as pitch and phase are discernible. The synthetic voice
of each speaker demonstrates a similar pattern while retaining
distinct characteristics unique to them.

4. Conclusion

We introduce FVTTS, an innovative face-based voice synthe-
sis model that leverages facial images to generate personalized
voices. Extensive evaluations have demonstrated FVTTS’s ef-
fectiveness in delivering voices with consistency, intelligibil-
ity, and diversity, achieving notable performance. Our ablation
study further confirms the efficiency of our unique face encoder.
While FVTTS exhibits promising results, there exist opportu-
nities for further refinement. Our model aims to enhance its
ability to accurately generate voices across a broader spectrum
of gender presentations, particularly for individuals with unique
hairstyles. Additionally, efforts are underway to capture a wider
range of emotions reflected in facial expressions. Future en-
hancements will involve integrating gender-aware and emotion-
aware modules, thereby enhancing the model’s capacity to pro-
duce even more nuanced and representative voices.
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