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ABSTRACT

The existence of a learnable cross-modal association between
a person’s face and their voice is recently becoming more
and more evident. This provides the basis for the task of
target speaker text-to-speech (TTS) synthesis from face ref-
erence. In this paper, we approach this task by proposing a
cross-modal model architecture combining existing unimodal
models. We use Tacotron 2 multi-speaker TTS with auditory
speaker embeddings based on Global Style Tokens. We trans-
fer learn a FaceNet face encoder to predict these embeddings
from a static face image reference instead of a voice reference
and thus predict a speaker’s voice and speaking characteristics
from their face. Compared to Face2Speech, the only existing
work on this task, we use a more modular architecture that
allows the use of openly available and pretrained model com-
ponents. This approach enables high-quality speech synthesis
and allows for an easily extensible model architecture. Ex-
perimental results show good matching ability while retain-
ing better voice naturalness than Face2Speech. We examine
the limitations of our model and discuss multiple possible av-
enues of improvement for future work.
Index Terms: multi-speaker text-to-speech synthesis, speaker
embedding, cross-modal learning, transfer learning

1. INTRODUCTION

Recent multi-speaker TTS models such as Tacotron 2 [1],
Deep Voice 2 [2] and more recently FastSpeech2 [3] have
shown the ability to generate speech with near-human natural-
ness and fidelity. Some models have also shown the ability
to model different vocal characteristics which reflect speaker
identities by using voice embeddings [2, 4]. These embed-
dings are extracted from voice reference. In this paper, we
propose a method of approximating such an embedding from
face reference, building on recent findings in cross-modal
studies.

When shown an image of a person’s face, humans tend
to have a preconception of the sound of their voice. Early
studies on cross-modal association found that humans could
identify the corresponding voice to dynamic facial data with
greater than chance accuracy [5, 6] but failed, however, to
show the same ability on static facial data. More recently,

though, static face images have been shown in human stud-
ies to carry significant cross-modal information [7, 8] and the
ability of machines to work with this information has been
demonstrated. Nagrani et al.[9] present models performing
well on cross-modal matching tasks from face to voice and
from voice to face and Kim et al.[10] present a learned cross-
modal representation exhibiting a matching capability similar
to that of humans.

In this work, we aim to use models widely used and
proven in their performance in their field and train them in
a way that enables the aforementioned cross-modal informa-
tion transfer. We use existing unimodal models as compo-
nents of our multimodal architecture, aiming to benefit from
the advances in their respective fields. Our approach uses the
Global Style Token architecture [4] for representing speaker
style from auditory inputs as a teacher model to transfer learn
a deep convolutional neural network to represent speaker
style from a face image input. The predicted style embed-
ding is used by a TTS system, in our case Tacotron 2 [1] to
synthesize speech in a target speakers voice.

We propose an architecture that has a modular structure
and we demonstrate its functionality with a specific choice
of components. Due to the modular nature of this architec-
ture and the use of the ESPNet-TTS toolkit [11, 12], each of
these components can be readily exchanged for others. More
specifically, the face encoder, the TTS model, and the vocoder
can be exchanged. We provide a non-exhaustive list of ex-
plicit examples of other options but limit our experiments to
one specific setup as a proof of concept.

• The face encoder can be replaced by any method that
accepts a face image input and outputs an embedding
vector such as FaceNet [13] (InceptionResNetV1 [14]),
VarGFaceNet [15], and LightFace [16].

• Tacotron 2 with GST (the TTS model) can be ex-
changed with any that are available in the ESPnet
toolkit in a configuration that uses GSTs. The list of
available models [17] includes Tacotron 2 [1], Fast-
Speech2 [3], and Transformer TTS [18] among others.

• The choice of vocoder can also affect the performance.
Some suggested options are ParallelWaveGAN [19],
MelGAN [20], and WaveGlow [21].
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Target speaker speech synthesis from face reference has
interesting potential applications, such as the approximation
of voices of historical figures of whom no recordings exist,
which could be applicable in museums or other learning en-
vironments. It may also be interesting within the context of
animation to fit a voice to the created character. Further, it
may be a valuable method for controlling TTS systems’ voice
or perhaps even emotion.

Training models for such a task requires a large and di-
verse dataset of triplets of voice recordings, face images, and
word-level text transcriptions. Voice audio and transcription
tuples are required for finetuning the TTS system, and voice
audio and face image tuples are necessary for training and
transfer learning a face recognition model. We generate an
appropriate dataset from the Lip Reading Sentences 3 (LRS3)
dataset [22]. It consists of short, transcribed, and face-aligned
videos from many different TED and TEDx talks and was ini-
tially created for a lip-reading task.

Experimental results show our model’s ability to predict
the voice to a given face while retaining good perceptual
speech quality and faster than real-time inference speeds.
We discuss the limitations of our proposed architecture and
suggest possible improvements that could be achieved by
extending our work.

2. RELATED WORK

Cross-modal learning on face and voice data is a recently
emerging topic. Visual generation from auditory inputs has
shown impressive results with WAV2PIX by Duarte et al.[23]
and Speech2Face by Oh et al.[24] both using intermediate
embedding representations of the voice for face generation.
Fang et al.[25] propose a method for simultaneous audio and
image generation from audio-visual inputs, allowing gener-
ated facial expressions and voice to be highly correlated.

Cross-modal information gain has also been successfully
employed in target speaker speech separation with Afouras
et al. [26] initially using data from lip movement to perfor-
mance and Ephrat et al.[27] exploring the use of a full face
embedding. More recently, Qu et al.[28] show that using a
static, pre-enrolled face embedding also benefits speech sep-
aration.

Recently, Goto et al.[29] first addressed target speaker
speech synthesis from static face reference. They propose
Face2Speech, a deep neural network consisting of a speech
encoder, a face encoder, and a multi-speaker TTS system.
They employ an DNN-based statistical parametric speech
synthesis (SPSS)[30] approach for their multi-speaker TTS
and use the WORLD vocoder [31] for waveform synthesis.
While SPSS is robust and has good inference performance,
its main drawbacks lie in the quality of the produced speech
and in that it requires expert knowledge in modeling [30].
We aim to improve perceptual speech quality in this task
by using more recent methods for multi-speaker TTS and

waveform synthesis. We compare our experimental results to
Face2Speech in section 4. At the time of writing, no other
previous works cover this specific task.

3. PROPOSED MODEL

Figure 1 details our proposed architecture. We finetune a
face encoder in a supervised manner to predict the target style
embedding from face reference. The Global Style Token [4]
module acts as a teacher during this step. During inference,
this predicted style embedding is passed to Tacotron 2 [1] for
Mel spectrogram synthesis. ParallelWaveGAN [19] finally
converts this spectrogram to a waveform.

3.1. Speech Encoding and Synthesis

The Tacotron 2 model with Global Style Tokens (GSTs) is
a network trained for multi-speaker text-to-speech synthesis
with voice reference [4]. It uses a 512-dimensional inter-
mediate representation (style embedding) to model speaker
voice and prosody, which is produced by the style token layer.
This embedding is passed to the decoder along with the en-
coded text features to predict a Mel spectrogram finally used
for waveform synthesis by the vocoder. The model we use is a
PyTorch implementation in the ESPNet-TTS toolkit [11, 12],
in particular a configuration pretrained on the VCTK Corpus
[32].

Tacotron 2 is a neural network architecture composed of a
recurrent sequence-to-sequence network for Mel spectrogram
prediction from a sequence of character embeddings consist-
ing of a text encoder and a decoder, and a modified WaveNet
[33] vocoder predicting a waveform from the spectrogram. In
this work, we replace the vocoder with a Pytorch implemen-
tation of ParallelWaveGAN [19, 34] pretrained on the VCTK
Corpus [32]. It is a state-of-the-art generative adversarial
network-based waveform prediction network offering faster
inference speeds and good perceptual quality.

We choose Tacotron 2 with GST as a multi-speaker TTS
architecture in contrast to other, more recent, architectures
because the use of GSTs with Tacotron 2 is well documented.
As stated earlier, replacing Tacotron 2 with another TTS sys-
tem that implements the GST architecture is possible and
straightforward. This poses a significant advantage of the
proposed architecture and enables the simple extension of
this architecture in future work. This is further discussed in
section 5.

3.1.1. Text Encoder

First, text input is preprocessed. We remove unwanted sym-
bols, expand known abbreviations, and convert to phonetic
tokens representing pronunciation using g2pE [35]. The text
encoder maps the sequence of tokens to a sequence of embed-
dings. These are then passed through 3 convolutional layers
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Fig. 1: Overview of the proposed architecture. The face encoder receives an image and predicts a style embedding for the
Tacotron 2 with GST model to predict a Mel spectrogram in the target voice. The vocoder predicts a waveform from the
spectrogram. During training, the GST module from voice reference acts as a teacher to the face encoder.

of 512 filters of shape 5 × 1, each with batch normalization
and ReLU activation, and then into a 512-unit bidirectional
LSTM layer.

3.1.2. Style Embedding

The Global Style Token model as proposed by Wang et al.[4],
is a network which predicts a style embedding from acoustic
input to represent the reference speaker’s vocal characteris-
tics. It is jointly trained with Tacotron 2 based on its recon-
struction loss.

The first part of the GST module is a reference encoder
that takes a log-Mel filterbank as input and extracts a 128-
d reference embedding. The reference encoder consists of
six stacked 2-d convolutional layers with batch normalization
[36] and ReLU activation, followed by a single-layer 128 unit
unidirectional GRU [37]. The style token layer which fol-
lows is a bank of 128 randomly initialized but fixed 512-d
style tokens and a multi-head attention mechanism [38] with
8 attention heads. It takes the reference embedding as input
and outputs a 512-d style embedding, a combination of the
tokens most relevant to different aspects of the reference, ef-
fectively giving a weighted average of the style tokens in the
bank. Each token captures some speech attributes such as
speaking rate or pitch. We use the style embedding as a target
vector to train the face encoder.

The log-Mel filterbank is extracted from the 24 kHz input
waveform using first a Short Time Fourier Transform (STFT)
with 300 sample hop length (12.5 ms) and 1200 sample win-
dow length (50ms) zero-padded to length 2048 (85.33ms).
This STFT is then projected to a Mel filterbank with 80 Mel
bands and frequencies from 80 to 7600 Hz and then scaled
logarithmically with base 10. Finally, the extracted filter-
bank is normalized by global mean and variance normaliza-
tion based on the training data.

3.1.3. Decoder and Vocoder

The style embedding is appended to each encoded character
of the input sequence. Then, this sequence is passed to the de-
coder. The decoder is an autoregressive RNN for Mel spectro-
gram prediction and is implemented following Shen et al.[1].
It uses a location-sensitive attention mechanism [39] to attend
to the input sequence as well as previous time steps. The final
Mel spectrogram then is passed to ParallelWaveGAN, which
generates a 24 kHz waveform from the input.

3.2. Face Encoder

The face encoder we use here is FaceNet [40, 13], a Pytorch
implementation of the Inception-ResNet-v1 architecture [14].
The model is pretrained on the VGGFace2 [41] dataset. It is
prefaced by a multi-task cascaded neural network (MTCNN)
[42] for face detection and alignment. We crop input images
to the face region with a margin of 10 px and resize to 160×
160 px.

We first train the model on a face recognition task on our
dataset and then finetune with the style embeddings extracted
from the images’ corresponding utterances as target values.
After this transfer learning step, the adapted FaceNet replaces
the GST module.

4. EXPERIMENTS

The dataset we use is generated based on the Lip Reading
Sentences 3 (LRS3) [22] dataset, which consists of thousands
of videos from TED and TEDx talks, each transcribed at the
word level. This gives the basis for an audio-visual dataset
with word transcription, satisfying Tacotron 2 finetuning,
FaceNet training, and FaceNet transfer learning requirements.
The dataset has a training, validation, and a test set. The train-
ing and validation set have some speaker identity overlaps,
and the test set is entirely disjoint. We do not use the same



dataset as Goto et al.[29] because text transcriptions, which
are not available in their proposed dataset, are required for
Tacotron 2 training.

After audio extraction and upsampling from 16 kHz to 24
kHz, we split the audio files into equal-length segments. All
segments are around five seconds in length with a minimum
of three seconds and a maximum of eight seconds. We make
sure not to split spoken words by only splitting before or after
each word to avoid misaligning the transcriptions. Then a
random frame is extracted from the corresponding video for
each audio file and is preprocessed with MTCNN. Audio and
image extraction, as well as audio splitting and upsampling,
was done using FFmpeg.

The final training set has ∼260k triplets of utterances,
transcriptions, and images by 5089 speakers. The validation
set has ∼32k such triplets by 4004 speakers and the test set
has 1321 triplets by 412 speakers. We perform all training on
2x NVIDIA GTX 1070 GPUs with 8G memory each.

4.1. Tacotron 2 Finetuning

The model we use was pretrained on the VCTK Corpus [32]
which consists of high-quality, professionally recorded utter-
ances from 110 English speakers with various accents. Con-
versely, the audio of our generated dataset contains noise and
reverberation. The voice generated by the pretrained model
when using audio from this dataset as reference did not match
the reference voice well, meaning that finetuning was neces-
sary. Finetuning the full model led to a degeneration of speech
quality but tuning only the GST module while keeping en-
coder and decoder frozen showed better results. We discuss
these issues and resulting limitations in section 5.

We train Tacotron 2 on pairs of voice audio and text tran-
scription. The loss function is an equally weighted sum of L1
and MSE loss on the generated Mel spectrogram. We use the
Adam optimizer with a learning rate of 0.001. We train for
two epochs of 16000 iterations with a batch size of 3.8M el-
ements, where each element is a single Mel filterbank frame
of the preprocessed input audio.

4.2. FaceNet Training

We train FaceNet on a facial recognition classification task
with a linear layer appended to the final latent layer, making
the output dimensional equal to the number of classes or in
this case speakers. We start with a pretrained model to aid in
convergence. We train for 15 epochs with 256 batch size us-
ing cross-entropy loss and the Adam optimizer with a learning
rate of 0.001, reduced by a factor of 0.1 at epoch 5.

As the goal is to predict the style embedding correspond-
ing to a face image, we prepare data tuples of face image
and style embedding produced by the finetuned GST mod-
ule given the corresponding utterance, effectively using the
GST model as a teacher model to FaceNet. We then freeze

Table 1: Evaluation results comparing matching scores and
naturalness of our model with Face2Speech, each with 95%
confidence intervals. Matching scores are on a scale of 1 to 4
and naturalness is on a scale of 1 to 5.

Model Matching ↓ Naturalness (MOS) ↑

Face2Speech 2.01± 0.07 2 3.50± 0.08
Ours 2.35± 0.08 3.69± 0.07

all parameters of FaceNet except for the final linear layer pro-
ducing the embedding and train for a total of 15 epochs. We
use MSE Loss, a batch size of 512 and Adam optimizer with
a learning rate of 0.01, reduced by a factor of 0.1 at epochs 5
and 10.

4.3. Evaluation

We evaluate the performance of the presented method by con-
ducting two surveys and comparing the results with those pre-
sented by Goto et al.[29]. The first is a measure of how well
the synthesized voice matches the reference face and the sec-
ond survey is a mean opinion score (MOS) evaluation of voice
naturalness. We also look at the style embeddings generated
from face reference compared to those from voice reference.
We conducted all surveys using Amazon Mechanical Turk.
Samples shown to participants are generated from the test set
and are available in our web demo1.

It should be noted that this comparison is to be taken with
a grain of salt, as the models were trained and evaluated on
different datasets. While our model is trained on a dataset
derived from the LRS3 dataset, Face2Speech was trained on
a mixture of VoxCeleb and VGGFace2 datasets. We did not
attempt to train Face2Speech on our dataset because the code
was not published.

4.3.1. Matching Evaluation

To evaluate how well our method performs, we conduct a sur-
vey with 30 participants following [29]. Each participant is
shown 20 samples of a face and the corresponding voice syn-
thesized from that face reference. They are then asked to rate
how well the speech matches the corresponding face image
on a scale of 1-4: 1: Match well, 2: Match moderately, 3:
Match slightly, and 4: Do not match.

The evaluation results are visible in the first column of
Table 1. We present the matching score of Face2Speech from
[29]. With a mean score of 2.38, our model fails to outper-
form the Face2Speech model but shows its ability to produce
a voice matching to a face moderately well. We suspect this
ability can be significantly improved within our proposed ar-
chitecture and discuss possibilities in section 5.

1https://bjoernpl.github.io/FaceTTS/
2Matching score taken from evaluation by Goto et al. in [29]

https://bjoernpl.github.io/FaceTTS/


4.3.2. Naturalness Evaluation

We evaluate the naturalness of speech produced by conduct-
ing a survey asking participants to rate how natural (human-
like) a sample sounds. Goto et al.[29] perform a naturalness
evaluation between their systems using a preference AB test.
While this gives an idea of their systems’ relative naturalness,
it does not allow us to compare. To facilitate comparison, we
conduct a mean opinion score (MOS) evaluation of natural-
ness for both our model and theirs using samples from their
demo. Thirty participants are shown 20 samples each of syn-
thesized speech and are tasked with rating the naturalness of
the voice on a scale of 1 to 5, from which we calculate the
MOS.

The results, visible in the second column of Table 1, show
that speech synthesized by our proposed model is more nat-
ural than by Face2Speech by a significant margin of about
0.2. This indicates that a cross-modal information transfer is
possible while keeping the qualitative benefits of the Tacotron
architecture.

Fig. 2: UMAP [43] dimensionality reduction showing style
embeddings generated from voice reference with GST mod-
ule (left) and embeddings from face reference with FaceNet
(right).

4.3.3. Style Embedding Space

Figure 2 shows style embeddings with their dimensionality
reduced using UMAP [43] extracted from voice reference
(left) and face reference (right) for ten different speakers. We
use the validation set here since each speaker in the test set
only has a few samples making visualization less clear.

The figure indicates a disparity between the two modali-
ties. For speakers 3, 4, and 10, auditory similarity translates
well to facial similarity, visible by the low distances between
each speaker’s embeddings. Speakers 1 and 7, for example,
do not show this property. While their embeddings are very
close to each other from auditory reference, they are distant
when generated from face reference. The left plot also hints
at the GST model’s limitations, where for some speakers or
samples it fails to produce an embedding distinctly character-

izing the speaker. This is most evident for speaker 8 whose
embeddings are scattered throughout the embedding space.

5. DISCUSSION AND FUTURE WORK

This work demonstrates that predicting a style embedding
from face reference is possible and can result in a generated
voice of higher naturalness than achieved in previous work.
The match to an individuals’ vocal characteristics however,
is less pronounced than with Face2Speech. The cause may
lie in how the Tacotron 2 with GST model was trained and
in its configuration. The VCTK Corpus[32] used for train-
ing consists of only 110 speakers, all reading similar texts.
While there is variation in the speakers’ accents and the sam-
ple size is relatively large, a higher number of more varied
speakers could lead to a more diverse set of voices learned
by the system. Wang et al.[4] discuss this idea, showing that
it is possible to learn from a more diverse dataset but that a
larger bank of style tokens is necessary to capture the greater
variance. Performing a complete training run on the dataset
with a larger bank of style tokens would most likely lead to
much better results but was infeasible to us due to limitations
in computational resources. We suspect that the bank of 128
style tokens was not large enough and estimate that a bank
of at least 1024 tokens may be more appropriate. The conse-
quence of this is visible in Figure 2 where voice embeddings
are not clustered well for each speaker, hinting that the GST
module is not correctly predicting a proper style embedding.
Wang et al.[4] show an apparent clustering for style embed-
dings from the same speaker.

Another main factor limiting the performance of this ap-
proach also lies within the dataset. While Tacotron 2 and its
GST module are trained on clean, professionally recorded au-
dio, the audio of the LRS3 dataset is very noisy. Each record-
ing is recorded in different settings, with different equipment
and varying levels of environmental noise. First indicated
by Wang et al.[4], when the GST module is confronted with
noise in the training dataset, it learns to assign some of the
style tokens in the bank to model this noise. This leaves
a smaller range of style tokens to model a diverse range of
voices, leading to a less diverse output. A countermeasure to
this problem may be to denoise the audio before training. This
could be done based on the audio (e.g. [44, 45, 46]) or in the
case of LRS3 also by methods that denoise using audiovisual
input (e.g. [47, 48]).

As mentioned in the introduction, our proposed architec-
ture is intentionally modular. Significant performance and ef-
ficiency improvements may be possible by employing differ-
ent models for face encoder, TTS, and vocoder. Also, we hy-
pothesize that introducing the notion of style tokens in form
of an adapted style token module to the face encoder may aid
performance. If this facial GST module shares the same bank
of style tokens as its auditory counterpart, it will explicitly
model the same embedding space leading to greater accuracy



in voice style approximation.
Finally, it may also be of interest to investigate a model

similar to the proposed but to use an x-vector [49] interme-
diate representation instead of the GSTs to focus more on
speaker identity and less on prosody and speaking style.

6. CONCLUSION

We propose a modular architecture for target speaker text-to-
speech synthesis with face image reference, reusing an avail-
able pretrained Tacotron 2 with GST model in a cross-modal
transfer learning task. Experimental results show that predic-
tion of style embeddings from a face reference is possible and
that we achieve unprecedented naturalness in this task. Com-
parison with Face2Speech shows a slightly reduced matching
ability but greater speech naturalness. We discuss ideas for
future improvements which may allow more accurate match-
ing and better capturing of vocal identity. These include per-
forming a complete training run with the Tacotron 2 and GST
model on our dataset for improved style embedding extrac-
tion or making use of the proposed architecture’s modularity
by exchanging components.
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