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Abstract—Zero-shot text-to-speech (TTS) models have been
successful due to large-scale datasets and parameter size. Scaling
up face-conditioned TTS models, which generate speech from
text and facial images, may also improve speech quality and
speaker consistency. However, the effectiveness of such models is
hindered by the scarcity and low quality of audio-visual data,
which often contain noise in either speech or images. To improve
the quality and speaker consistency of face-conditioned TTS, we
introduce a large-scale speaker embedding model and a speech-
conditioned TTS model, both trained with large-scale data. We
add a face encoder to the speech-conditioned TTS model. It is
trained to predict speaker embeddings extracted from the large-
scale speaker embedding model, using audio-visual data for fine-
tuning. We conduct detailed investigations into which parts of
the TTS model to fine-tune and the loss functions used for the
face encoder. Experimental results show that fine-tuning only
the face encoder yields lower WER, while updating the decoder
improves speaker similarity. Subjective evaluations confirm that
our method achieves high MOS and reflects the speaker’s facial
characteristics in the generated speech.

I. INTRODUCTION

Zero-shot text-to-speech (TTS) models aim to generate
natural speech that preserves speaker-specific characteristics
such as timbre. In particular, speech-conditioned TTS models
[1]-[5] can generate natural-sounding speech while preserving
speaker attributes, due to large-scale datasets and parameter
size. These models extract various prosodic features, such as
timbre, pitch, and intonation, from reference speech.

In addition to reference speech, facial images can be used
to condition the speaker attributes of generated speech. Facial
information relates to speaker characteristics, and the incor-
poration of facial image input into TTS models enables more
applications, such as avatar systems and support services for
people with speech impairments. However, modeling detailed
speaker information from facial images is still challenging
since it is difficult to extract timbre and prosody information
and to have consistency of the speech.

To improve the problem, several works focus on loss func-
tions between speaker information from reference speech and
that from facial image [6]-[10]. Meanwhile, similar to speech-
conditioned TTS, scaling up face-conditioned TTS models may
also further improve speech quality and speaker consistency.
However, scaling up requires large-scale data, and this ap-
proach is hindered by the scarcity and low quality of audio-
visual datasets. This is mainly because the models require three
types of data: text, speech, and images. For training, most of
these need to be of high quality, but either the speech or the
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Fig. 1. Overview of proposed face-conditioned TTS

images often contain noise, and the amount of datasets that
include all three modalities with sufficient quality is limited
compared to standard TTS datasets. Due to these limitations,
directly training face-conditioned large-scale TTS models is
challenging.

In this work, we adapt a zero-shot TTS model from facial
images using a large-scale speaker embedding model as a
pre-trained model. An overview of our approach is shown in
Fig. 1. We pre-trained a speech-conditioned large-scale TTS
model with the embeddings from reference speech. We added
a module to predict embeddings from facial images and intro-
duced loss functions to compare face-conditioned embeddings
with reference speech embeddings. We also investigate loss
functions for face-conditioned embedding and focus on fine-
tuning methods with a pre-trained TTS model.

Our contributions are as follows:

e We propose a face-conditioned large-scale TTS model by
fine-tuning a pre-trained speech-conditioned large-scale
TTS model using an audio-visual dataset.

e We confirm the effectiveness of using a large-scale
speaker embedding model even in face-conditioned TTS.

o In experiments, we show that our method achieves high
MOS, demonstrating naturalness and speaker similarity
comparable to those of speech-conditioned TTS models.

II. RELATED WORK

A. Zero-shot TTS from Reference Speech

Speech-conditioned TTS models generate speech while pre-
serving the target speaker’s characteristics by conditioning the
TTS model on speaker embeddings or discrete tokens predicted
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from reference speech. In speech-conditioned TTS models,
the process of handling the reference speech can be broadly
categorized into two approaches.

The first is an approach that predicts a continuous vector,
known as a speaker embedding, from a reference speech
and conditions the TTS model on it. Representative methods
include the x-vector [11] and the global style token (GST) [12].
The x-vector is based on a speaker classification model and
produces a fixed-length embedding by statistically aggregating
features across the entire speech. In contrast, GST leverages
learnable style tokens and an attention mechanism to flexibly
capture speaker style attributes such as prosody, timbre, and
emotion. These methods provide continuous speaker represen-
tations that enable the TTS model to synthesize speech while
preserving speaker characteristics.

The other is to discretize reference speech into token se-
quences using a tokenizer. VALL-E [3] used Encodec [13]
as a tokenizer, which is a neural audio codec that converts
speech into token sequences containing rich speaker infor-
mation about speaker identity. For the TTS task, an auto-
regressive language model is used to predict these token
sequences. Several tokenizers have been proposed, such as a
tokenizer that incorporates vector quantization into the encoder
of Whisper [4], and FACodec [5] as the tokenizer to decompose
speech into three token sequences representing prosody, con-
tent, and acoustic details. FACodec additionally extracts timbre
information separately as a fixed-size speaker embedding. All
tokenizers are large-scale and trained using a massive amount
of speech data.

In recent large-scale TTS models, the second approach is
emerging as the mainstream, owing to its high naturalness and
strong zero-shot capability.

B. Zero-shot TTS from Facial Image

The face-conditioned TTS model uses a facial image as con-
ditioning instead of reference speech. Since the facial image is
a different modality from speech and does not have temporal
information, one of the major approaches is to utilize fixed-
length latent embeddings extracted from reference speech.

Face2Speech [6] is an early model in face-conditioned TTS,
where the face encoder is trained to match the embeddings
of a speaker embedding model using a supervised GE2E
loss. FR-PSS [7] improves the ability of the face encoder
to extract speaker-specific characteristics by introducing a
residual-guided strategy. It also accelerates training conver-
gence through a tri-item loss function, which consists of
negative cosine similarity loss, L2 loss, and triplet loss.

In an end-to-end manner, Face-TTS [8] directly uses em-
beddings extracted from facial images as a conditional in-
put. To maintain speaker consistency between synthesized
and reference speech, Face-TTS introduces a speaker feature
binding loss, which aligns the intermediate representations
obtained by feeding the generated and target features into a
pre-trained speaker embedding model. Face-StyleSpeech [9]
incorporates a prosody encoder to enable the face encoder to
focus on extracting speaker identity information. To improve

the consistency of speech generated from facial images, it
adopts contrastive learning to align embeddings from the face
encoder and the speaker embedding model. RV-TTS [10]
inserts speaker embeddings, extracted from either a face or
a speaker embedding model, into the prompt text. It uses LM
to generate token sequences and employs style transfer for
data augmentation, which improves the model’s adaptability
to variations in facial images.

C. Flow Matching

One of the major approaches for large-scale TTS models is
to use diffusion models [14] or flow matching (FM) [15] in
the decoder.

FM is a generative modeling framework that learns to
transform a simple prior distribution po(z) = N(z;0,I) into
a complex data distribution ¢(z) through a continuous path
defined by a vector field. However, the original FM formulation
requires access to an intractable target vector field u.(z), which
makes direct training challenging.

Conditional flow matching (CFM) overcomes this issue by
defining a tractable conditional vector field u;(z|x1), where x;
is sampled from the data distribution g(x). A model v;(x;6)
is trained to match this conditional vector field. The training
objective is defined as follows:

Lora(0) = Evgtan) pi(olon [ve (@3 0) — we(@len)[[* (D)

Optimal-transport conditional flow natching (OT-CFM) is
a variant of CFM with particularly simple gradients. In our
model, we use OT-CFM in the decoder.

OT () = (1 — (1 — Gppin)t)xo + 21 )
Lor(0) = Byt g(a1),po(wo) |06 (05T () |11 0)—u T (607 (2)|21)]]?
3)

where ¢97 (z) represents the flow from a random sample z¢ ~
N(0,I) to a sample and o, is a hyperparameter with a small
value. The gradient vector field serving as the learning target
is defined as

ug " (7 (wo)|@1) = 21 — (1 — Omin) 2o 4)
This vector field is linear, time-invariant, and depends only
on g and z;. OT-CFM simplifies the training process and
enables faster training and generation than diffusion models
due to these properties.

III. PROPOSED METHOD

For face-conditioned large-scale TTS, we fine-tuned a TTS
model conditioned on reference speech. Because the facial
image does not have time sequences, we follow the basic
scheme of previous works. The embeddings from the facial
image are predicted to train the loss to reference speech. Unlike
previous works, we adopt reference embeddings extracted from
large-scale speaker embedding model, and train the TTS model
with large amount of speech data. The overall architecture is
shown in Fig. 2. The proposed model is trained in two stages:
large-scale pre-training of a speech-conditioned TTS model
using a speaker embedding model, followed by fine-tuning into
a face-conditioned TTS model using a face encoder.
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A. Architecture

1) TTS Model: We adopt a TTS model based on flow
matching. It consists of three main components: a text encoder,
a duration predictor, and a decoder. The text encoder is a
Transformer-based network that converts an input phoneme
sequence into a latent vector. The duration predictor is based
on the variance adaptor proposed in FastSpeech 2 [16], and
predicts the duration of the Mel-spectrogram corresponding to
each phoneme.

2) Speaker Embedding Model: We extract speaker embed-
ding model the timbre extractor of FACodec, proposed in
NaturalSpeech 3, as the speaker embedding model. FACodec
has four networks to factorized speech attributes, and we use
a pre-train model. The timbre extractor is a Transformer-based
network and extracts speaker-specific timbre information from
a reference speech, outputting a speaker embedding that retains
this information.

3) Face Encoder: We added the visual network used in
Face-TTS as a face encoder. The visual network is a CNN-
based network that extracts visual features from input facial
images and outputs a speaker embedding vector that retains
speaker-specific timbre information inferred from those visual
features.

B. Pre-training for TTS Model

In pre-training, we use an audio dataset consisting of text
sequences X and the corresponding speech Y. Given X and
Y as inputs, the model is trained to reconstruct Y using
the TTS model conditioned on a speaker embedding Eypcecn
predicted from Y by the speaker embedding model. During
pre-training, the parameters of the speaker embedding model
are kept frozen. Specifically, the speaker embedding model first
extracts the speaker embedding Fpcccr, from the input speech
Y. Then, the text encoder takes both the phoneme sequence
X and the speaker embedding Eccc as input and predicts a
latent representation hyx. To align the temporal lengths of X
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Architecture of the proposed model

and Y, the duration predictor takes hx as input and predicts
the alignment d (the duration of each phoneme). Meanwhile,
the ground-truth alignment d is obtained using a CTC-based
model, and both d and d are used to compute the duration loss
Lauration. FOr Layration, We used an L1 loss between d and
d. Following alignment d, the latent vector is expanded along
the time dimension to generate a prior distribution for FM.
To ensure that the decoder can generate speech that preserves
the target speaker’s characteristics, such as timbre from the
given prior, the FM-based decoder takes hy, the ground-truth
speech Y, and the speaker embedding E,pcccn, as inputs and
computes the flow loss L f;,,, shown in eq. (2). Furthermore,
to encourage the text encoder and the duration predictor to
produce a prior hy that matches the distribution of the real
speech Y, we compute the L2 loss between hy and Y for
Lyrior- The total loss is a summation of Lgyration> L fiows
and Ly, Without any weight.

C. Fine-tuning for Face-conditioned TTS

In fine-tuning, we utilize an audio-visual dataset consisting
of phoneme sequences X, speech Y, and facial images I. The
fine-tuning is conducted with the following two objectives: (1)
to enable the TTS model to reconstruct the speech Y from
the phoneme sequence X and the speaker embedding Epeech
predicted by the speaker embedding model from Y; (2) to
ensure that the speaker embedding Fy,.., predicted by the
face encoder from the facial image I, matches the embedding
Espeech. During fine-tuning, the parameters of the speaker
embedding model and the duration predictor are kept frozen,
and we add face encoder. As in the pre-training phase, the
speaker embedding model first extracts the speaker embedding
Egpeeen, from the input speech Y. The phoneme sequence
X, speech Y, speaker embedding Espeecn, and ground-truth
alignment d are then provided to the TTS model, and only the
FM-based loss Lo, is computed for the decoder. The face
encoder extracts the speaker embedding .. from the facial
image /. To train the face encoder to capture speaker-specific
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characteristics from the facial image, we use E,pcccn, as the
target and compute the speaker loss Lgp,cqrer based on the
similarity between Efqce and Egpeech-

1) Loss Function for Face Condition: To train the face
encoder, we investigate two types of Lg,cqker. In previous
works, a loss function based on cosine similarity between
speaker embeddings of facial image and reference speech was
used. In this work, we used the L2 loss or a combination of
the L2 loss and the negative cosine similarity (NCos) for the
speaker loss. The total loss is as follows:

LFT = Lflow + Lspeaker (5)

2) Fine-tuning or Freezing the TTS Model: The face en-
coder aims to predict the Fjpececn, extracted from FACodec.
During fine-tuning the TTS model with the face encoder, we
investigate either freezing the TTS model and training only the
face encoder, or jointly training both models. Under the frozen
TTS condition, we use the same loss function shown in e.q.
(6). In the joint training setting, we additionally introduce the
duration 10ss Lgyration to allow the TTS model to be updated
during training. Thus, the total loss is as follows:

LFT = Lflow + Lspeak:er + Lduration (6)

We do not incorporate the prior 1oss Lprior, as VoxCeleb2
often contains noisy speech, which could negatively affect the
prior distribution.

D. Inference

In inference, given a phoneme sequence X and a facial
image I, the model generates a speech signal Y that preserves
the speaker-specific characteristics (timbre) based on the facial
image. First, the facial image I is fed into the face encoder to
extract the speaker embedding Fqc.. Then, the text encoder
takes the phoneme sequence X and the speaker embedding
E¢qce as input and predicts a latent representation hx. This
latent representation hx is passed to the duration predictor
to estimate the alignment d, and hy is temporally expanded
according to d to obtain a prior representation hy. Finally, the
decoder takes the prior hy along with the speaker embedding
E¢qce to generate the speech output Y. Furthermore, by
providing a timestep parameter ¢ to the decoder, a trade-
off between the quality and the speed of generation can be
controlled.

IV. EXPERIMENTAL EVALUATIONS
A. Dataset

To train the TTS model with the speaker embedding model,
we use the English subset of the Multilingual LibriSpeech
(MLS) dataset [17], which consists of read audiobooks from
LibriVox and includes approximately 44.5K hours of tran-
scribed speech data. The number of distinct speakers is 2,742
males and 2,748 females. All speech data are sampled at 16
kHz. To fine-tune the TTS model with the face encoder, we
use the audio-visual dataset VoxCeleb2 [18], which contains
approximately 2.4K hours of videos of over 6,000 celebrities

collected from YouTube. All audio was downsampled to 16
kHz and split into training, validation, and test sets with
no speaker overlap. We used speech and facial images from
5,994 speakers for training and 118 speakers for evaluation.
Since VoxCeleb2 does not include transcriptions, we used
Whisper [19] to generate them.

B. Implementation Detail

The text encoder is based on 12-layer transformer with 512-
dimensional hidden states. The duration predictor is a CNN-
based network composed of a 1-D convolutional block fol-
lowed by a ReLU activation and layer normalization, another
1-D convolutional block with ReLU and layer normalization,
and a final linear layer. The decoder is U-Net style with 256-
dimensional hidden states for FM that generates the Mel-
spectrogram. The total parameters of the TTS model are
263M. We pre-trained the TTS model with speech using Lion
optimizer [20] with a learning rate of 10~°.

The face encoder consists of two modules: a visual feature
extraction module and a projection module. The visual feature
extraction module is a CNN-based network composed of six
2-D convolutional blocks with 256-dimensional hidden states.
The first block uses a 7x7 kernel with stride 2 and no
padding, followed by batch normalization, ReLLU activation,
and 3x3 max pooling with stride 2. The second block uses
a 5x5 kernel with stride 2 and padding 1, followed by batch
normalization, ReLU, and 3x3 max pooling with stride 2 and
padding 1. The third, fourth, and fifth blocks each use 3x3
kernels with padding 1, followed by batch normalization and
ReLU. A 3x3 max pooling layer with stride 2 is applied after
the fifth block. The sixth block uses a 6x6 kernel with no
padding, followed by batch normalization and ReLU. It takes
as input a 3-channel RGB facial image of size 224 x224 pixels,
randomly sampled from each video following Face-TTS [8],
and extracts spatial visual features. The projection module is a
1-D convolutional network that first applies a 1x1 convolution
with 512 hidden channels, followed by batch normalization
and ReLU activation, and then a second 1x1 convolution to
produce the final 256-dimensional embedding.

For the speaker embedding model, we use the timbre extrac-
tor of FACodec following the NaturalSpeech 3 [5]. Our TTS
models are pre-trained for 5 epochs. The face encoder is built
based on the architecture of the visual network in Face-TTS
[8]. We fine-tune the TTS model with the face encoder for
10 epochs using Adam optimizer [21] and a learning rate of
10~%. In experiments, we use the HiFi-GAN vocoder [22].

C. Models for Comparison

We used speech-conditioned TTS as a baseline model. We
investigated loss functions for face-conditioned TTS models
and fine-tuned the whole TTS models (M1-M4). The config-
urations are shown in TABLE 1.

D. Evaluation Metric

We evaluate the TTS models using the following metrics.
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TABLE I
OBJECTIVE EVALUATION ON SEEN AND UNSEEN DATA. THIS SECS METRIC REPRESENTS THE COSINE SIMILARITY BETWEEN
THE SPEAKER EMBEDDINGS OF THE GROUND-TRUTH AND GENERATED SPEECH. THE SEEN DATA FROM VOXCELEB2 WAS
USED TO TRAIN THE MODELS, WHILE THE UNSEEN DATA WAS NOT USED DURING TRAINING.

N .. L Seen Unseen
Model ID Loss for face condition  Training TTS model SECS (1) “SECS (1) WER ()
Speech-conditioned TTS (baseline) 65.24 66.48 8.55
Face-conditioned TTS

M1 L2 X 60.52 62.09 7.51

M2 L2 v 62.06 62.75 20.51

M3 L2 + NCos X 61.08 61.94 7.51

M4 L2 + NCos v 62.95 63.63 18.98

TABLE II

1) Objective Evaluations: Speech embedding cosine simi-
larity (SECS): Evaluate the similarity of the voice between the
synthesized speech and the ground-truth by measuring the co-
sine similarity of the speaker embeddings using Resemblyzer.
Word error rate (WER): Assess intelligibility using attention-
based Automatic Speech Recognition (ASR) to transcribe
synthesized speech. The ASR consists of the attention-based
encoder and decoder, and is trained on the LibriSpeech [23],
which has 960 hours of transcribed speech data. The encoder
is composed of a 12-layer conformer [24] with 4-head and
256-dimensional hidden states. The decoder is composed of
a l-layer unidirectional LSTM with an attention mechanism
with 256-dimensional hidden states.

2) Subjective Evaluations: Mean opinion score-naturalness
(MOS-N): Assess subjective naturalness through human eval-
uation on a 5-point scale (1 = very poor, 5 = excellent).
Mean opinion score-matching (MOS-M): Assesses how well
the speech matches the given facial image through human
evaluation on a 5-point scale. In subjective evaluation, 10
utterances were randomly selected from the VoxCeleb2 test
set and synthesized using each model. A total of 21 nonnative
English participants judged the speech.

E. Results on Objective Evaluation

TABLE I shows SECS and WER on the seen and unseen
data. The seen data corresponds to the training split of the dev
set of VoxCeleb2, while the unseen data corresponds to the
test set of VoxCeleb2.

Our freezing method yielded lower scores than the base-
line on both seen and unseen data in SECS, indicating a
degradation in speaker similarity. However, it achieved lower
error rates in WER, demonstrating that speech clarity was
well maintained. These results imply that, under the condition
where the TTS model is frozen, our method can preserve
intelligibility while retaining a certain degree of speaker sim-
ilarity. Furthermore, the overall performance indicates that
the face encoder successfully extracts meaningful speaker
embeddings from facial images, enabling effective speaker
conditioning in the absence of reference speech. However, it
is also worth noting that the reference speech used for the
speech-conditioned TTS was taken directly from the test set
of VoxCeleb2, which often contains background noise. This
may have negatively impacted clarity in the baseline model.

SUBJECTIVE EVALUATION ON UNSEEN DATA WITH 95%
CONFIDENCE INTERVAL.

Model ID MOS-N (1) MOS-M (1)

Ground truth 4.4540.11 4.2940.12
Speech-conditioned TTS 3.35£0.15 3.51+£0.15
Face-conditioned TTS (M3) 3.95+0.13 3.61+0.15

In the comparison of our methods, the models trained with
the ”L2 + NCos” loss function achieved comparable or higher
SECS, while those with a frozen TTS model ahieved lower
WER. These results imply that, although fine-tuning the TTS
model improves speaker similarity, it may also reduce speech
clarity due to noise present in the speech data of VoxCeleb2.

F. Results on Subjective Evaluation

TABLE II shows MOS-N and MOS-M on the unseen data.
In the subjective evaluation, we adopt M3 as the representative
of the proposed models, as it achieved the best WER (Ml1:
7.511 vs. M3: 7.509).

In MOS-N, we observed that our method yielded improved
naturalness compared to the speech-conditioned TTS model.
However, it should be noted that our method is not affected
by the noise present in the reference speech, whereas the
speech-conditioned TTS models are affected by the noise in
the speech data of VoxCeleb2. This result also implies that the
high naturalness achieved by the pre-trained TTS model can
be effectively reproduced through the face encoder.

In MOS-M, our method achieved scores comparable to the
speech-conditioned TTS model, indicating that it can generate
speech well matched to the perceived characteristics of the
given facial image. This result implies that our method attained
a level of speaker similarity comparable to that of the speech-
conditioned TTS model.

V. CONCLUSIONS

In this work, we have proposed a face-conditioned large-
scale TTS model. To achieve speech quality and speaker
consistency that are comparable to speech-conditioned TTS
models, even though the amount of audio-visual data is limited,
we introduce a fine-tuning method that leverages a large-scale
speaker embedding model as pre-training models. Further-
more, we investigate the fine-tuning method by comparing loss
functions and analyzing whether the parameters of the TTS
model are frozen during training.
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Our experimental results demonstrate that our method can
generate natural speech that matches the perceived speech
impression of previously unseen facial images, and fine-tuning
the TTS model improves speaker similarity. We also confirmed
the effectiveness of using a large-scale speaker embedding
model even in face-conditioned TTS.
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