Journal of Multimedia Information System VOL. 13, NO. 1, March 2026 (pp. 1-12): ISSN 2383-7632 (Online)
https://doi.org/10.33851/JMI1S.2026.13.1.1

Personalized Speech-Driven Emotional 3D Talking Face Animation
via Context—-Emotion Decoupling

. *
Seongmin Lee!

Abstract

When people speak with emotions, facial motions are coupled with both context-driven lip motions and emotion-driven facial expressions.
However, existing speech-driven emotional 3D facial generation methods aim to generate directly emotional talking faces from speech,
without decoupling these motions. It increases the ambiguity during training regarding whether the current facial motion is related to the
context or emotion, hindering effective learning. To decouple them effectively, we introduce the contrastive emotion-face loss that learns the
mapping between emotions of speech and expressions in talking lip motion. In addition, since individuals have unique emotional expression
styles, we enable personalized emotional expression by utilizing person-specific embeddings. By optimizing the person-specific embeddings,
the proposed method can generate emotional talking faces personalized to the target subject. At last, the proposed method generates head
motions that align with the context and emotion of speech while maintaining diversity. Through extensive experiments, it is demonstrated
that our method achieves 7.18% performance improvement over state-of-the-art methods by animating emotional 3D talking facial animation.
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I. INTRODUCTION

Talking 3D face generation has become an increasingly
attractive technology in growing demand of applications
such as virtual reality (VR) and augmented reality (AR)
communications, telepresence systems, the film industry,
and computer games [1-3]. Dynamic facial motions,
including emotional expressions and head motions, are core
factors in effectively conveying a user's emotions,
enhancing their immersion in such virtual communications.
Such a dynamic and realistic 3D talking face animation has
great potential in applications leveraged by intimacy with
virtual avatars, such as chatbots, education, healthcare, and
counseling. This is because humans are particularly
sensitive to the subtle nuances when they see the faces of
human-like objects such as 3D characters.

Facial expression and head motion serve as nonverbal
social cues, playing an essential role in conveying
contextual and emotional intentions to the audience. In
absence of those visual dynamics in speech-driven 3D
facial animation, a user might feel uncomfortable resulting
in an uncanny valley effect. Consequently, a lack of such
natural visual stimulus would make users perceive a
degradation in visual quality during virtual communication.

Therefore, to make the content more realistic, it is essential
to animate talking faces with emotional expressions. The
emotionless talking face is generated by using the
CodeTalker [10], which is a state-of-the-art speech-driven
3D face animation method, and the emotional talking face
is generated from our method. It shows that animating
emotionless talking faces produces similar outputs even
from speeches with different emotions. It causes emotional
inconsistency between heard speech and the visualized face,
leading to deterioration in perceived quality and dimini-
shing user immersion.

Animating emotional talking faces is a challenging task
compared to animating emotionless talking faces. This is
because the emotionless talking faces are clearly derived
from the context of the speech by using the viseme, which
represents the distinct units of visual information that
correspond to how sound is formed by mouth, but the
emotional talking face animation should consider both
context and emotion of the speech. For the emotional
talking face animation, several methods have been
proposed. 3DTalkEmo [20] and FaceXHuBERT [11] use
the emotional label as a condition to the network to
synthesize the emotional expressions. They require a
manual process to provide the emotional condition. Such a
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cumbersome process serves as a significant obstacle
regarding accessibility, hindering its application in real-
world scenarios. EmoTalk [12] and SDETalk [14] extracts
contextual and emotional representations from the speech
and generates emotional talking faces by combining them.
These methods implicitly learn the mapping from speech
representations to emotional talking faces without the
explicit separation of context-driven and emotion-driven
facial motions.

However, when people talk, the lip movement for
articulating context-driven pronunciation and the facial
expressions for conveying emotions are inherently coupled.
Due to the coupled facial motions from context and emotion,
previous methods often struggle to accurately learn whether
a current facial motion is more relevant to the context or
emotion. This ambiguity might lead to the generation of
inaccurate lip motions and unnatural facial expressions. To
address this problem, a clearer distinctive characterization of
facial motions based on the contextual and emotional aspects
of the speech signal is needed. For an accurate and natural
emotional talking face animation, we explicitly decouple the
context-driven and emotion-driven facial motions according
to the contextual and emotional representations of speech.
We propose a two-stage approach that explicitly decouples
and generates context-driven and emotion-driven facial
motions. It enables the network to explicitly learn the
context-face and emotion-face mappings during the training.
In addition, we introduce the contrastive emotion-face loss
inspired by contrastive learning [13,19] for an accurate
context-emotion decoupling. The proposed contrastive
emotion-face loss maximizes the feature similarity of correct
pairs between speech emotion speech and facial expressions
while minimizing the feature similarity of incorrect pairs. It
enables the network to generate natural expressions that
correspond to the current emotional states of speech.

To improve the immersion of the 3D talking face, we also
propose to generate head motion simultaneously correlated
with the context and emotion representations. Head movement
is an important social cue in communication to effectively
convey the speaker’s intent by maximizing the expressiveness
of emotions [6]. For example, nodding the head up and down
can indicate positive reactions, while shaking the head from
side to side can signify negative reactions. Thus, by
incorporating head motion, the realism of the animated talking
faces would be enhanced, improving the user experience.
Unlike facial expressions, head motions should be consistent
with emotions in a broader context, but they do not always
move the same way in response to a speech. To establish the
head motion diversity, we present a head motion synthesizer
that synthesizes the diverse head motions based on the repara-
meterization trick.

Furthermore, for more effective emotional expression

in a test phase, we present a personalized emotional tuning
scheme that represents personalized emotional expre-
ssions for individuals not used during training. For this,
we assume that the minimal audio-visual dataset of target
subjects is available. Using this minimal dataset, the
proposed personalized emotional tuning allows the
network to learn the emotional expression style of the
target subject based on the pivotal tuning inversion [5].
The proposed method ensures robustness in emotional
talking face generation by preventing overfitting to
minimal datasets and effectively learns the personalized
emotional expression styles.

II. RELATED WORKS

2.1. Emotionless 3D Talking Face Animation

With the recent advancements in deep learning, learning-
based automatic talking facial animation generation
without the need for complex equipment has been gaining
popularity. VOCA [4] extracts the speech context features
from a pre-trained DeepSpeech model [21] and learns the
mapping from context features to facial motion, producing
only animations of facial lips. MeshTalk [9] adopts a long
short-term memory (LSTM) architecture to address
temporal face generation from speech sequences and learns
a categorical latent space that disentangles the information
of facial upper and lower motions. By disentangling upper
and lower faces, it produces neutral talking faces with
blinking eyes. FaceFormer [8] adopts the transformer
architecture to address long-term speech sequences. It
autoregressively predicts the next facial motion from
previous speech and facial motion. Codetalker [10]
employs the vector quantized variational autoencoder (VQ-
VAE) and introduces discrete motion priors to generate
speech-driven talking faces.

2.2. Emotional 3D Talking Face Animation

To address the emotional discrepancy between audio and
visual, several studies aim to produce emotional talking
faces from speech. Chen et al. [15] 3DTalkEmo, and
FaceXHuBERT utilized the one-hot emotion condition
instead of directly extracting the emotional state from the
audio to generate the emotional talking faces. Thus, these
methods require a manual process to provide the emotional
condition. Providing the emotional conditions manually to
the network serves as a significant obstacle to automatic
face generation, hindering its application in real-world
scenarios. EmoTalk decomposed emotional speech into
contextual and emotional representations based on the
method of Ji et al. [16]. These methods aim to generate
emotional 3D talking faces by learning the direct mapping
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from the speech to the emotional talking faces without the
consideration of decoupling the context-driven and
emotion-driven shapes. It leads to an increase in ambiguity
during the training, resulting in inaccurate lip motion and
unnatural expressions. To address this, we propose a two-
stage approach with contrastive emotion-face loss that
decouples the facial shapes for context and emotion.
Additionally, the proposed method generates both emotional
talking faces and head movements simultaneously, providing
users with a heightened sense of immersion. This will make
it more applicable and versatile for various 3D applications.

2.3. Personalized Facial Animation

Recently, personalization has become an important issue
in computer vision. This approach is in line with image
manipulation approaches that learn from limited data of a
target subject to generate personalized 2D facial images of
the target subject. To generate personalized images from
limited data of the target subject, a pre-trained generative
model is employed, followed by a small amount of fine-
tuning. These methods aim to learn the personalized static
style, such as eyes, nose, skin color, and hairstyle, to
generate the static personalized image. Another approach
aims to generate audio-driven personalized talking facial
images by learning the unique facial changes that appear
when the target subject speaks [17]. Although these
approaches have been successful in generating personalized
2D images, they cannot be directly applied in 3D
application fields. To address this limitation, we propose a
personalized emotional tuning that enables the network can
effectively animate personalized 3D talking faces even for
unseen subjects during training. We employ the person-
specific emotional embeddings trained from the several
subjects in the training set as pivots. The person-specific

emotional embeddings for a new subject are optimized
within a latent space spanned from pivots to effectively
capture personalized emotional expressions. A small
dataset of a new subject is used for the optimization.
Consequently, our approach can produce personalized
emotional talking 3D faces for new identities not used in
training through personalized tuning.

1. METHOD

We propose an end-to-end personalized speech-driven
emotional 3D talking face and head generation framework.
Fig. 1 illustrates the overall architecture of the proposed
network. In addition, we propose a personalized emotional
tuning to animate personalized emotional talking faces of
unseen subjects during the training.

3.1. Context Encoder

The goal of the context encoder is to extract the
contextual representations from the given speech input
s1.m- To do this, we employ the state-of-the-art pre-trained
speech model, wav2vec2.0 [18]. By leveraging this model,
which was pre-trained on a massive, large-scale speech
dataset, we can effectively mitigate the limited linguistic
diversity of our training set and ensure more robust feature
extraction. After the wav2vec2.0 module, we add the linear
interpolation layer to sample the contextual representation
as a multiple of frame number in face animation. This is
because the context representation sampled from the speech
might have a different sampling rate f; compared to that
of face animation f,,. Through the linear interpolation layer,
we resample the contextual representations to have the data
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Fig. 1. An overall framework of the proposed speech-driven emotional talking 3D face and head generation (right) and personalized

emotional tuning (left).
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context encoder c;.,y can be represented as follows:

Cren = Interpy ey (Ec (Sl:M))'

where E, is the pre-trained context encoder and Interpy, .y
is the linear interpolation operator from M samples to kN
samples. We freeze the context encoder during the training,

3.2. Talking Face Generator

The talking face generator is designed based on the
transformer to learn the context-driven facial shape,
ignoring the emotions of the speech. The one-hot label of
subject identity or previous facial shape v{*; is used as a
query, and the contextual representation cq.y is used as
key and value. For the first frame, a one-hot label of subject
identity is used as a query. Using the context-guided
attention between the contextual representation of speech
and face, the network effectively learns the viseme mapping.
Then, the encoded viseme features are decoded to the
emotionless talking face through a viseme decoder, which
consists of a single linear layer. Thus, the neutral talking
face generator G, is defined as follows:

vty = G (vl @® P, Crens Ba),

where t = 1,...,N is the frame index of face animation,
vl is the output neutral talking face of t-th frame. B, is
the alignment bias mask proposed in FaceFormer [9]. The
alignment bias mask B, enables the transformer archi-
tecture to effectively learn the query-key attention by
aligning the query (i.e., talking 3D faces) and key (i.e.,
contextual representations). The alignment bias mask
By(1<i<t 1<j<kN) isdefined as follows:

0, ki<j<k(+1)
—inf, otherwise

ByGi)) = |

3.3. Emotion Encoder

Similar to the context encoder, we employ the pre-trained
speech emotion recognition (SER) model because the
learning-based speech model has achieved superior
emotion recognition accuracy. The state-of-the-art SER
method [22], which is based on the wav2vec2.0 architecture,
is employed as the emotion encoder. Given a speech input
S1.m, €motional representation ey.p, is embedded through
the emotion encoder. Same with the contextual repre-
sentations, we interpolate emotional representations as
ei1xy to synchronize the emotional representations and
expressions.

ey = Interpy ey (Ee (Sl:M))'

where E, is the pre-trained emotion encoder with a large-
scale emotional speech dataset. We freeze the emotion
encoder during the training.

3.4. Emotion Synthesizer

We design the transformer-based emotion synthesizer to
take input as emotionless talking faces corresponding to the
contextual representation and emotional representations,
simultaneously. For the query of the network, we use the
neutral face of the current frame v and the emotional face of
the previous frame v{. This is because the current neutral face
is used for the viseme mapping of the current contextual
representation and the previous emotional face is used for
expression consistency. The emotional representation ey.;y,
which is encoded through the emotion encoder, is used for the
key and value of the network. Using emotion-guided attention,
the network learns the mapping between emotional repre-
sentations and facial expressions. At last, a single linear layer
is added to decode the expressions for the emotional faces. In
addition, since facial expressions for emotions can vary among
individuals, a person-specific embedding is provided to the
emotion synthesizer to represent the personalized emotional
expression style. Person-specific embeddings p are defined as
learnable vectors specific to each person in the training set.
Thus, emotional talking faces v{ is estimated through the
emotion synthesizer G, as follows:

Ug = Gn(v? @ Uf_l @ D, el:kNlBA):

where v{is the emotional face in t-th frame, p is the
person-specific embedding.

3.5. Head Motion Synthesizer

Unlike emotional expression, head motion has a high
diversity because head motion can be very different even
from the same emotional speech. To ensure the diversity of
the head motion, we employ the reparameterization trick.
Through a single linear layer, the emotional representation
is encoded into mean and variance. For each frame,
diversified emotional representations are computed by
multiplying Gaussian noise N(0,1) by the encoded
variance and adding the encoded mean. It is used as the key
and value in the head motion synthesizer. For the query, we
use the current emotional face vf, the previous head
rotation R;_,, and the previous head translation T;_;. The
current emotional face is used to guide the correlation
between expression and head motion, and the previous head
motion is used for the head motion consistency. This allows
the network to concurrently consider the speaker’s emot-
ional state and the continuity of head movement, thereby
enabling the generation of natural head motions. For the
emotional correlation, the emotional representation e;..y
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is used for the key and value of the network. At the end of
the transformer architecture, a single linear is added to
decode the rotation matrix and translation vector of head
motion. Thus, the head motion is estimated as follows:

[R, Te] = Gh(”é5 D Re—1 © Te—1, €1.4n, Ba),

where G, is the head motion synthesizer, R, and T, are
the rotation matrix and translation vector of the emotional
head in t-th frame. Finally, the emotional talking face v,
with head motion in t-th frame is computed as follows:

Ve =U5Rt+Tt

3.6. Network Training

3.6.1. Reconstruction Loss

The proposed method is composed of two stages to
decouple context-driven and emotion-driven facial shapes
during training. To accurately decouple these, we separately
design the loss functions for the context-driven emotionless
face and emotion-driven expressions. In addition, as the
proposed method generates head motions, head motion loss
is used in training. Thus, the reconstruction loss L. is
defined as the summation of the losses for emotionless
talking faces L, , emotional talking faces L,, head
rotations L,., and translations L., as follows:

Ly = llviiy — 71w ll2s
Le = llviy — viwll2s
L, = IRy — El:N”Z'
Ly =Ty — 7_w1;1v||2'
Lyge =Ly + Lo+ AL, + ALy,

where vy, vviy, Ry, and Ty are the sequence set of
the neutral faces, emotional faces, head rotation, and head
translation, respectively, and 7}y, 7%y, Ry, and Ty
are the ground truth sequences. A, and A, are the balance
factors between losses and we set 4, = A, = 0.01 in our
experiments. For this loss, it is required to obtain ground
truth neutral talking faces synchronized with emotional
talking faces. The dataset we have used contains instances
of the same sentence spoken with and without emotion.
However, since the presence or absence of emotion results
in variations in the length of the speech, it cannot be used
due to synchronization issues. To address this, based on the
superior performance in emotionless talking face
generation, we used the CodeTalker, which is the state-of-
the-art emotionless talking 3D face generation method, to
achieve neutral talking faces.

3.6.2. Contrastive Emotion-Face Loss
We present contrastive emotion-face loss to effectively

learn the mapping between different domains: emotional
representation and facial expression. We define contrastive
emotion-face loss as the cross entropy between speech
features, which includes both context and emotion, and the
facial shape differences based on the presence or absence
of emotion. Fig. 2 shows the details of the proposed
contrastive emotion-face loss. For the speech features, we
concatenate the contextual and emotional representations.
This is because contextual and emotional lie in different
latent spaces unlike the emotionless and emotional faces,
which lie on the same vertex space. Then, speech features
and facial shape differences are fed to the linear layer to
transfer them into the embedding space for measuring
similarity. The speech features ef, is linearly interpolated
with N samples matched with the frame rate of the face
animation. The proposed contrastive emotion-face loss
Lcon 1s defined as follows:

CE (y(v?), NeXp(vg'e{i) >

N exp(v-ef)

N d . pd
+ZCE<Y(eid), NeXp(vL el) >
i=1

j=1 EXp(UEi ’ e]gi)

N
LCOTl
=1

i

where CE(-,) isthe cross-entropy function, y is the one-
hot encoding matrix.

3.6.3. Head Motion Diversity Loss

To encourage the head motion synthesizer G; to
produce natural and diverse head movements, we explicitly
regularize G, by presenting the diversity loss. Following
the diverse image generation task [8, 25], we define the
diversity loss Lg;;, as follows:

. ||R21,1:N - Rzz,lzN”2 + ”Tzl,l:N - Tzz,lzN”2
aw lz; — zll,

where the pair of (Rz1,1:1v' RZZ‘l:N) and (Tzl,l:N' TZZ,l:N)
are generated rotation matrices and translation vectors by
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Fig. 2. Framework for calculating the proposed contrastive
emotion-face loss. White boxes represent the correct pairs and
gray boxes represent the incorrect pairs.
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using two different emotional representations, which are
diversified using Gaussian noise z;, z, sampled differ-
rently. By maximizing the distance between two head
motions with respect to the distance between latent noise
z, and z,, the proposed network focuses more on the
variation of the head movement. In the absence of the
motion diversity loss, mode collapse can readily occur
within the head motion synthesizing network, leading the
network to produce similar head motions for all speeches.

In summary, the overall loss for training the entire
framework is defined as follows:

L = Lyec + AconLcon + AaiwLaivs

where A.,, and Ay, are the balance factors between
losses. We set the A, =1 and A4, = 0.01 in all our
implementations.

3.7. Personalized Emotional Tuning

Fig. 2 (right) shows the framework of the proposed
personalized emotional tuning. Personalized emotional
tuning is to leverage a small dataset from a target individual,
not previously used during training, to generate emotional
expressions of unseen subject. Thus, from a small set of
unseen speech §;., and emotional faces 7y, , the
network is optimized to learn the subtle nuance of facial
expressions corresponds to the target subject’s emotional
state. Here, as the proposed network is trained to produce
personalized emotional expressions using person-specific
embeddings, we optimize the person-specific embedding to
represent the personalized emotional expression from the
unseen small dataset rather than optimize the entire network.
Thus, the objective for the personalized emotional tuning is
defined as follows:

— 3 e ~e
p* = argmin L, (vf.y, D7.n, D ),
p

where p is the person-specific embedding and vf., is the
estimated emotional faces from the emotion synthesizer. In
the network training, the person-specific embedding p is
encoded from the one-hot identity label. In contrast, in the
personalized emotional tuning, we directly optimize the
person-specific embedding p instead of encoding from the
one-hot identity label.

However, optimizing the network strictly on a limited
dataset of target subjects can not only introduce artifacts but
also make it easy to overfit to that particular dataset [2]. To
address this, we present the latent constraint tuning scheme.
We observed that the person-specific embedding is well-
positioned within the latent space because it is trained using
a relatively large dataset. Fig. 3 visualizes the results of

6

o LI TL) D LD
(b)

(c)

oIt IO 0D
Fig. 3. Comparison of talking faces according to the utilization
of person-specific embeddings during the training. (a) is the
ground truth faces, (b) is the network output trained without
person-specific embeddings, and (d) is the network output trained

with person-specific embeddings. (c) and (e) are the vertex
displacements of (b) and (d) with regard to the (a), respectively.

()

talking faces, comparing cases with and without the
utilization of person-specific embeddings. The result shows
that using person-specific embedding assists the network in
training more accurately on an individual’s emotional
expressions. Thus, it confirms that the person-specific
embedding is well-positioned within the personalized
emotional latent space.

Based on this observation, we find that the well-trained
person-specific embeddings can be regarded as the pivots
that represent the personalized emotional expression. Thus,
using the pre-trained person-specific embeddings p as
pivots and fixed generators, we estimate the person-specific
embedding p* of the target subject. Instead of directly
optimizing the person-specific embedding p* of the target
subject, we optimize a weight factor « that represents how
far the target subject’s embedding deviates from the pre-
trained embeddings p The objective L, for persona-
lized emotional tuning is newly defined as follows:

Loum (@) = (Z @ - 1)2.

i

Ltun = Le <vf:N' ﬁf:NﬂZ a; pi ) + Lsum(a)'

i
a® = argmin Ly,
[24

where Lg,,, is the penalty term to restrict the sum of «;
to 1. Thus, the person-specific embedding p* of an unseen
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subject is computed as follows:

p’= Z a;p;-

L

This ensures that during the optimization process, the
convexity of the embedding is preserved, thereby mini-
mizing artifacts and yielding more natural outcomes.

IV. EXPERIMENTAL RESULTS

4.1. Experimental Details

4.1.1. Dataset

We utilize the BIWI dataset [7] for network training and
evaluation because the BIWI is the only publicly available
dataset that includes emotional speech and corresponding
facial scans. VOCASET [4] and Multiface [23] datasets do
not contain the emotional information. BIWI dataset
contains synchronized audio and facial scan pairs of 14
subjects where each subject uttered 40 phonetically
balanced English sentences twice, with neutral and
emotional expressions. Thus, totally synchronized 1,120
speeches and 3D facial scans are included in the BIWI
dataset. The 3D facial scans are captured at 25 fps with
23,370 vertices. In our experiments, we split the BIWI
dataset into a training set of 384 sentences spoken by six
subjects, a validation set of 48 sentences spoken by six
subjects, and a test set of 56 sentences. The test set is split
into four subsets: BIWI-SN, BIWI-SE, BIWI-UN, and
BIWI-UE. BIWI-SN and BIWI-SE set each contain 24
neutral and emotional sentences spoken by six seen subjects,
who are the same subjects in the training set. BIWI-UN and
BIWI-UE set each contain 64 neutral and emotional
sentences spoken by eight unseen subjects, who are not
included in the training set. In each BIWI-UN and BIWI-
UE set, 6 emotional speeches are used for the personalized
emotional tuning and 32 neutral and 26 emotional speeches
are used for the evaluation.

4.1.2. Implementation Details

We use the sampling rate for the speech f; as 49Hz and
for the facial animation f, as 25 fps. In all transformer
architecture, we used N; = 2 blocks with 4 attention
heads, 128 hidden nodes, and layer normalization. We
experimentally observed that the increasing number of
attention blocks and heads does not improve performance.
We used an absolute positional encoding. For the training,
it is required that both neutral and emotional talking faces.
In the BIWI dataset, faces of neutral speech and emotional
speech are included, but they are not aligned. To make the
alignment, we employ CodeTalker to obtain the ground

truth of neutral talking faces from emotional. Since this
method neglects the emotional condition in talking face
generation, neutral talking faces correspond to emotional
speech can be obtained. We used the Adam optimizer with
B1 = 0.9 and B, = 0.99. The learning rate is initialized as
10™* and decayed after 100 epochs with a factor of 0.1.
The training is converged after 100 epochs using a GPU of
NVIDIA 3080 (10 GB).

4.2. Qualitative and Quantitative Evaluation

For the comparison, we use two neutral talking face
generation methods, FaceFormer [8] and CodeTalker [10],
and two emotional talking face generation methods,
FaceXHuBERT [11] and EmoTalk [12]. Fig. 4 visualizes
the qualitative evaluation on BIWI-SE and BIWI-UE
datasets. We also visualize the ground truth data for an
accurate comparison. The results from CodeTalker display
significant discrepancies on the truth surface, as they
generate talking faces by neglecting emotional expressions
even in emotional speeches. In contrast, FaceXHuBERT
and EmoTalk demonstrate the capability to generate
emotional talking faces, as evident by the smiling lips in Fig.
4(a) and opening mouth largely in Fig. 4(b). However, all
these methods do not generate head movement, which is an
important factor in increasing emotional delivery. The
proposed method generates both emotional expression and
head movement from the speech. For the accurate
comparison in expressing emotions, we also visualize our
results without head motions. It is shown that the proposed
method generates emotional expression more accurately
than the comparison methods, especially in smiling lips and
largely opening mouth.

For the quantitative evaluation, we summarize the L,
vertex errors in lip and entire facial regions in Table 1.
Vertex error provides a precise, reproducible, and
quantitative measure of how closely the generated 3D mesh
aligns with the ground truth. In this study, we do not employ
perceptual metrics such as mean opinion scores (MOS), as
these evaluations can vary significantly based on viewers'
cultural backgrounds or individual interpretations of
emotions. Such subjectivity poses a challenge for
maintaining a consistent and objective quality evaluation;
therefore, we prioritize quantitative geometric metrics to
ensure reproducible results.

The result shows that the emotional talking face
generation methods [8,10] including ours show lower
vertex error than the neutral talking face generation
methods [11-12]. In addition, the result shows that the
proposed method outperforms in both lip and facial vertex
error than the comparison methods. Especially in the
talking face generation of unseen subjects, it is demon-
strated that the proposed method with personalized

7
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Fig. 4. Results of 3D talking face generation of ours and comparison methods on BIWI dataset: (a) BIWI-SE and (b) BIWI-UE dataset.

Table 1. Comparison of L_2 vertex error (lip/face) on neutral and
emotional speech on BIWI dataset (10~* mm).

Method\ b1/ SN BIWI SE BIWL.UN BIWI-UE
Dataset -
FaccFormer | 3008/ 7926/ 11350/ 12745/
4354 5514 6.136 7756
4806/ 6025/ 10096/ 10.706/
CodeTalker 5 336 4324 5785 6.263
5553/ 5307/ 10963/ 10201/
FaceXHUBERT 5 o ¢ 3.932 6.310 6.106
5045/ 5328/ 9786/  9.987/
EmoTalk 3.694 3.647 6.068 6.320
Ours 4828/ 4926/ 9745/  9.760/
(w/o tuning) 3.355 3.514 5.756 5.954
Ours 4828/ 4926/ 5298/  5.416/
(w tuning) 3335 3.514 3.866 4.151

emotional tuning significantly outperforms the other
comparison methods. Note that the speech data used in the
personalized emotional tuning is not used for the evaluation.
Thus, it is confirmed that the proposed method not only
accurately generates emotional talking faces from speech
but also accurately produces personalized emotional talking
faces for subjects who are not used in the training through
personalized emotional tuning. Fig. 5 visualizes the gene-
rated talking heads from neutral and emotional speeches.
The left side represents the generated results from neutral
speech and the right side represents the generated results
from emotional speech in the BIWI dataset. The 14
categories of emotion labels are measured in the BIWI
dataset. The speech used in this experiment has the highest

8

for sadness among multiple emotional categories. In the
neutral speech, the result shows that the network outputs
from the neutral face generator and emotion synthesizer
have similar results. In contrast, in emotional speech, the
network outputs from the neutral face generator and
emotion synthesizer are significantly different. The results
from the emotion synthesizer have more emotional expre-
ssion than that of the neutral face generator. In addition, the
proposed network generates more large head movements
from the emotional speech compared to the neutral speech,
as shown in Fig. 5(d). This result represents the overlap
result of the neutral face generator and head motion
synthesizer.

4.3. Evaluation on Personalized Emotional Tuning

By manipulating the person-specific embeddings, the
proposed model can synthesize new talking styles. We
select two person-specific embeddings p; and p; and
interpolate new person-specific embedding as Py =
wp; + (1 — w)p; using linear interpolation. For the newly
synthesized talking style, we plot the lip distance between
upper and lower lips across frames in Fig. 6. The result
shows that the synthesized styles have a smooth translation
of lip distance between the two reference styles. It confirms
that the person-specific embedding effectively represents
the talking styles and is also practical for generating talking
faces of an unseen subject. The proposed method can
generate accurate new talking styles using personalized
emotional tuning. To evaluate this, we visualize the
generated talking faces of unseen subjects according to the
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Fig. 5. Visualization results of talking heads from neutral (left) and emotional (right) speeches. (a) is the output computed from the talking
face generator, (b) is the output computed from the emotion synthesizer, (c) is the final output with head motion, and (d) is the difference

map between (a) and (b).
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@
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Fig. 6. Lip distance between the upper and lower lips conditioned
on different weight w in linear interpolations between two
person-specific embeddings.

personalized emotional tuning in Fig. 7. Here, Fig. 7(a) is
the ground truth faces, Fig. 7(b) is the network output
without personalized emotional tuning, and Fig. 7(d) is the
network output after the personalized emotional tuning.
Note that the speech input for talking face generation is
selected and is not used in the personalized emotional
tuning for a fair comparison. In addition, we intentionally
remove the head motions for an accurate qualitative
comparison. This result shows that the generated talking
faces of the unseen subject do not accurately represent the
emotional expression. In contrast, after the personalized
emotional tuning, it is demonstrated that the network
output has less vertex error with the ground truth faces
compared to that without personalized emotional tuning.
It shows that the proposed personalized emotional tuning
can be effective in generating talking faces of unseen
subjects.

Fig. 8 shows the lip distance according to the usage of
personalized emotional tuning. Note that the visualized
sample in this evaluation is one that was not used in either
the network training or the personalized emotional tuning.

@ &y LAy () C4) L) 08
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Fig. 7. Comparison of talking faces according to the personalized
emotional tuning. (a) is the ground truth faces, (b) and (d) are the
network output without and with the personalized emotional
tunning, respectively. (c) and (e) represent the vertex
displacements of (b) and (d) with regard to the (a).

This result shows that the synthesized talking faces without
personalized emotional tuning exhibit a large discrepancy
from the ground truth lip distance. In contrast, the
synthesized talking faces with personalized emotional
tuning show similar lip distance to the ground truth. It
confirms that the proposed personalized emotional tuning
is effective in representing personalized talking styles. This
demonstrates that the proposed method can be beneficial in
generating personalized talking content.
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Fig. 8. Lip distance between the upper and lower lips according to
the personalized emotional tuning.

4.4. Evaluation on Head Motion

Humans move their heads differently when even
speaking the same sentence. Thus, the diversity of the head
motions is important to increase the naturalness of the 3D
facial animation. To evaluate the diversity, we visualize the
head movements across the time in Fig. 9. It visualizes the
generated head movements from neutral and emotional
speech inputs, separately. Generated head movements from
the neutral speech are demonstrated in Fig. 9(a) and head
movements from the emotional speech are demonstrated in
Fig. 9(b). The head movements are visualized along the x,
y, and z directions, separately. For a fair comparison, we
use the same sentence for this evaluation. We repeat the
head motion generation 20 times to accurately evaluate the
head motion diversity. This result shows that the proposed
method can generate diverse head motions from the speech.
In particular, it is shown that the proposed method generates
more dynamic and diverse head motions from the emot-
ional speech than the neutral speech. This demonstrates that
the proposed network is able to more effectively attempt
emotion transmission by generating dynamic head
movements in emotional speech. Furthermore, it is shown
that the proposed method emphasizes generating head
movements in the y direction than the x and z directional
movements. This is a semantically natural result because
the y direction represents the primary vertical nodding
motion of the head.

4.5. Ablation Study

Based on the fact that context-driven lip motion and
emotion-driven expressions are coupled in the emotional

— x-direetion y-direction  — z-direetion

“Take it easy, he didn't see you had anvthing.”

o e e e

(a) Neutral speech

“Take it easy, he didn't see you had anything.”

(a) Emotional speech

E

Fig. 9. Head motion visualization results. (a) represents the head
motion in neutral speech and (b) represents the head motion in
emotional speech. (a) and (b) is spoken with the same sentence.
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talking face, we proposed a two-stage training approach
that generates context-driven lip motions first and then adds
emotion-driven expressions. To verify the proposed
approach, we conduct the ablation study according to the
generation strategies. Table 2 summarizes the L, vertex
errors of lip and entire facial regions according to
generation strategies: single-stage, two-stage, two-stage
with contrastive emotion-face loss. The single-stage
method is designed by excluding the neutral talking face
loss L,,. The two-stage with contrastive emotion-face loss
Leon 1s the proposed method. The result shows that
employing a two-stage approach has performance
improvement than results of using single-stage generation.
In addition, the results show that using the proposed
contrastive emotion-face loss in a two-stage approach
achieves the lowest vertex error. It confirms that the
proposed two-stage method effectively decouples the
context-driven lip motions and emotion-driven expressions
than the single-stage method.

4.6. Computational Cost

The experimental results show that the proposed method
state-of-the-art
animation methods. However, the main bottleneck in our

outperforms speech-driven 3D face
method is the computational cost, comprising 199.95M
parameters, generates all the facial vertices instead of
blendshape parameters. Despite this complexity, the model
demonstrates practical efficiency in our experimental setup
using an NVIDIA RTX 3080. Given that an 11-second
audio sequence at our target frame rate of 25 fps consists of
275 frames, the total inference time is 6.048 seconds, which
corresponds to approximately 21.99 ms per frame. This
latency is well within the 40 ms threshold required for real-
time playback, demonstrating the practical efficiency of our
vertex-based generation approach.

V. CONCLUSION

Unlike existing speech-driven methods, which generate
emotionless talking faces or pre-defined limited emotional
styles, our method animates emotional talking faces
expressed with personalized emotional styles. By proposing
the personalized emotional tuning scheme, the proposed
method can accurately generate a new emotional talking

Table 2. Ablation study on blation study on L, vertex error
(lip/face) on BIWI dataset (10~* mm).

Dataset 1-stage 2-stage 2-stage+Lcopn
BIWI-SE  5.345/3970 5.143/3.626 4.926/3.514
BIWI-UE  6.057/4.836 5.678/4.399 5.416/4.151




Journal of Multimedia Information System VOL. 13, NO. 1, March 2026 (pp. 1-12): ISSN 2383-7632 (Online)

https://doi.org/10.33851/IMIS.2026.13.1.1

style, which is unseen in the training dataset. By doing this,
the proposed method effectively increases the visual quality
and further increases the engagement of users in virtual
communication. While the current implementation of the
proposed method generates the 3D talking face after
receiving the entire audio sequence, it is also capable of
delayed real-time synthesis by processing the audio in fixed
intervals (e.g., l-second segments). By adopting this
window-based inference strategy, our framework can
achieve seamless emotional animation with minimal
latency, facilitating its use in interactive applications.
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