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ABSTRACT Generating conversational facial expressions in real time still faces significant limitations,
and most studies focus on lip-sync animation with limited attention to upper-face movements such as
eyebrow and eye-region motion. Nevertheless, generating detailed facial movements using deep learning
models requires considerable computational time and cost. In this paper, we propose a hybrid upper-
face animation framework that can be applied to various virtual agents with near-real-time computational
performance. Unlike full-face facial-animation models, the proposed model directly generates only nine
upper-face blendshape channels corresponding to eyebrow and eye-region movements, while lip motion
is generated by an external real-time lip-sync module. The proposed framework consists of an emotion-
conditioned upper-face generator and a liveness generator. Emotional upper-face animation is generated
by a lightweight Transformer-based regressor conditioned on acoustic features, emotion category, emotion
intensity, and speaker style, while a separately trained generative motion prior uses speech features as weak
temporal and prosodic cues to produce natural liveness variations.

The proposed generators contain 4.18M parameters in total, approximately 1/30 the number of parameters
of EmoFace and 1/150 that of EmoTalk, and achieve a CPU inference time of 13.16 ms for approximately
3-s audio clips. Liveness-motion fusion increased the motion amplitude ratio from 0.724 to 0.997. This
indicates that the proposed method can generate upper-face motion with an amplitude close to that of real
facial motion. Furthermore, in a user study with 36 participants, the proposed method achieved the highest
mean Animacy rating and showed no significant post-hoc differences from EmoFace.

INDEX TERMS Blendshape animation, conversational facial animation, virtual agent facial animation, HCI,
deep learning, augmented/virtual/mixed realities.

I. INTRODUCTION

Conversational facial animation is an essential component of
virtual agents and digital humans. It helps establish rapport
with users and enhances social presence. Previous studies
have demonstrated the importance of facial expressions as
nonverbal cues in interactive and conversational systems [[1]],
[2]]. However, generating realistic talking-face animation with
low computational cost remains challenging for interactive
virtual agent applications. Furthermore, some deep learning
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methods generate 3D mesh vertices or high-dimensional fa-
cial geometry, which can lead to high computational cost
and long processing times [3]], [4]. These limitations raise
the question of how speech-driven facial animation can be
effectively designed for conversational agents. Recent stud-
ies have emphasized accurate lip synchronization, but lip
and mouth movements are not sufficient to achieve natural
conversational facial behavior. In real conversations, upper-
face expressions, such as eyebrow movements and subtle
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changes around the eyes, contribute to conveying emotional
nuance and speech intent [5], [6]. To address these issues,
we propose a lightweight hybrid framework for speech-driven
upper-face animation. The proposed framework decomposes
facial animation into lip synchronization and upper-face an-
imation. The generated upper-face movements are combined
with audio-driven lip motions produced by an existing real-
time lip-synchronization API. The proposed upper-face ani-
mation module consists of two main components: an emotion-
conditioned upper-face generator and a CVAE-GAN-based
liveness generator. The main contributions of this study are as
follows. First, we propose a facial-animation framework that
combines an existing real-time lip-synchronization system
with an upper-face motion generator. The proposed method
predicts only nine upper-face motion channels, whereas
EmoTalk [[7] predicts 52 blendshape coefficients and Emo-
Face [§8] predicts 174 MetaHuman controller values. The
two proposed generators contain 4.18M parameters in to-
tal and achieve a CPU inference time of 13.16 ms for ap-
proximately 3-s audio clips. Second, we introduce an emo-
tion—liveness composition method that separately models
emotion-related motion and natural liveness variation before
combining them. The emotion-conditioned generator pro-
duces controllable upper-face expressions, while the liveness
generator produces natural upper-face movements that cannot
be fully determined from audio features alone. With liveness-
motion fusion, the motion amplitude ratio increased from
0.724 to 0.997, close to the reference value of 1.0. Third,
a user study with 36 participants showed that the proposed
method achieved the highest mean Animacy rating and did
not significantly differ from EmoFace.

Il. RELATED WORK

A. PARAMETRIC, BLENDSHAPE, AND ACTION-UNIT
REPRESENTATIONS

Early facial-animation systems represented motion through
manually specified geometric parameters, phoneme-to-
viseme rules, and reusable animation units [9], [10]]. These
approaches remain attractive in real-time applications be-
cause they expose compact and predictable controls. JALI, for
example, provides animator-oriented viseme and expressive
controls for lip synchronization [11]. However, the range and
temporal variation of such systems are bounded by the rules
and motion units designed in advance.

Modern systems commonly represent facial motion as
dense mesh vertices, blendshape coefficients, or Facial Ac-
tion Coding System (FACS) Action Units (AUs). Dense
vertices preserve geometric detail but are tied to a specific
topology and introduce a high-dimensional output space.
Blendshapes provide a compact rig-specific parameteriza-
tion, whereas FACS describes visible facial movements us-
ing semantically interpretable AUs [5]]. OpenFace makes AU
occurrence and intensity estimates available from ordinary
video, allowing AU trajectories to be used for data construc-
tion and evaluation [12]. Chen et al. further showed that
speech-related AUs can be predicted from audio and used
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as localized control signals in talking-head generation [[13|].
Their work concentrates primarily on speech-related mouth
motion; in contrast, we generate upper-face AU trajectories
and combine them with an independent lip-animation mod-
ule. This representation isolates eyebrow and eyelid behavior
from character-specific mesh topology, although a fixed AU-
to-rig mapping is still required for rendering.

B. SPEECH-DRIVEN FACIAL ANIMATION AND UPPER-FACE
AMBIGUITY

Deep speech-driven animation replaces handcrafted map-
pings with learned temporal models. Karras et al. jointly
learned facial pose and emotion from audio [3]], while Pham
et al. mapped acoustic features to head rotation and facial AU
or blendshape activations using a recurrent architecture [[14].
VOCA learned a subject-conditioned mapping from speech
to 3D facial deformation and generalized across speakers
and languages [15]. FaceFormer later used an autoregressive
Transformer and self-supervised speech features to model
longer temporal context [4].

The upper face presents a different problem from phonetic
articulation. Lip and jaw motion are strongly constrained
by speech content, whereas blinks and many brow move-
ments are only weakly or inconsistently determined by the
acoustic signal. They may nevertheless correlate with prosody
and emphasis, so treating all upper-face behavior as com-
pletely audio-independent is also inaccurate. MeshTalk ex-
plicitly separated audio-correlated and audio-uncorrelated fa-
cial components and showed that such disentanglement helps
avoid static upper-face animation while preserving speech-
related motion [6].

A further limitation of deterministic pointwise regression is
that several facial trajectories may be plausible for the same
utterance. Minimizing a L; or Ls loss against one reference
can therefore favor an average trajectory with reduced motion
amplitude. Recent systems address this one-to-many mapping
through learned motion priors. CodeTalker predicts discrete
codes from a VQ-VAE motion codebook [16]; FaceDiffuser
uses a conditional diffusion process and supports both vertex
and blendshape representations [[17]]; and Yang et al. formu-
late speech-driven facial motion as a probabilistic problem
and evaluate both speech fidelity and output diversity [[18].
These works motivate probabilistic modeling for upper-face
motion, where natural variation should not be collapsed into
a single deterministic sequence.

C. EMOTION- AND INTENSITY-CONTROLLABLE FACIAL
ANIMATION

Emotional animation requires the model to preserve speech-
related motion while controlling affective expression.
EmoTalk introduces an emotion-disentangling encoder and
cross-reconstruction strategy to separate emotional infor-
mation from speech content [[7]. EMOTE uses a temporal
variational motion prior together with decoupled speech and
emotion losses, enabling explicit emotional control while
maintaining speech-related articulation [19]. Chen et al.
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FIGURE 1. Overview of the proposed speech-driven facial animation framework. Emotional upper-face motion and natural motion variation are fused and

combined with external lip synchronization.

directly condition facial animation on emotion type and a
controllable intensity value [20]]. EmoFace employs separate
speech and emotion encoders to predict facial controller tra-
jectories and additionally models blinks and eye movements
for a MetaHuman-oriented rig [8].

More recent work has increased the granularity or stochas-
ticity of emotional control. DEITalk models time-varying
emotional intensity [21]]. ProbTalk3D uses a VQ-VAE-based
probabilistic formulation conditioned on audio, identity, emo-
tion class, and emotion intensity [22]. EmoVOCA trains emo-
tional 3D talking-head generators with explicit emotion and
intensity inputs [23[]. DEEPTalk learns a probabilistic cross-
modal emotion embedding and a hierarchical VQ-VAE mo-
tion prior for diverse emotional facial motion [24]. NVIDIA
Audio2Face-3D provides a real-time, deployment-oriented
framework with retargeting support and is useful as a practical
system comparison [25].

D. VARIATIONAL AND ADVERSARIAL SEQUENCE
GENERATION

Variational autoencoders learn a regularized latent distribu-
tion from which multiple outputs can be sampled [26]], while
generative adversarial networks train a generator against a
discriminator that distinguishes generated samples from ob-
servations [27]. VAE-GAN formulations combine an explicit
latent encoder with an adversarially learned realism criterion
[28]]; Wasserstein objectives with gradient penalties are fre-
quently used when additional adversarial-training stability is
needed [29]. In speech-driven talking-face generation, Vou-
gioukas et al. used multiple discriminators to encourage frame
quality, audio-visual synchronization, and natural facial be-
haviors including blinks and eyebrow movements [30].

VOLUME 11, 2023

lll. METHOD
A. OVERALL FRAMEWORK

Our framework synthesizes facial motion from an audio fea-
ture sequence Ai.r through two components: an emotion-
conditioned upper-face generator and a liveness generator,
as illustrated in Fig. [T} First, the emotion-conditioned gen-
erator G, produces emotion-specific upper-face motion from
the speech signal, emotion label, emotion intensity, and
speaker identity. The liveness generator G; generates audio-
conditioned motion variations that improve the naturalness
and dynamics of the upper facial animation sequence. Pre-
vious talking-face studies have shown that upper-face move-
ment is weakly correlated with the speech signal. Thus,
instead of predicting a single animation sequence through
deterministic regression, we train a CVAE-GAN to learn a
plausible upper-face motion prior from weak audio cues and
a stochastic latent variable. The overall process is formulated
as follows:

X’{’:eTmO Ge(Al T7e717sld) (1)

z1.k ~ po(z1k | Avr)
N(u (Aq1.7) dlag(
(

*(Aur))), @

X3 = Gi(Avr, z1x) | 3)
1
live _ ? Z Xu hve (4)
T=1
AX?’MVG = max (X;"Hve — plive, 0) ) 5)
3
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Here, G, denotes the emotion-conditioned facial-motion
generator, whereas G; denotes the CVAE-GAN-based upper-
face liveness generator. X{5™° denotes the emotion-
conditioned base motion, and X“1¥° denotes the upper-
face liveness motion generated from the upsampled latent
sequence and frame-level acoustic features. X* is the final
upper-face motion. e and i denote the emotion label and
emotion intensity; sjq is an actor-level style embedding used
to condition the emotion-conditioned generator; and « is a
scaling factor applied to the positive mean-centered liveness
residual AX1Ve,

Following MeshTalk’s temporal convolutional audio en-
coder [6]], both generators take 80-dimensional log-Mel spec-
trograms extracted from 16-kHz speech as input. The audio
encoders consist of four temporal convolutional layers with a
kernel size of 5 and GELU activations. The emotion generator
produces a 64-dimensional acoustic representation, which is
projected to the 128-dimensional Transformer hidden space,
whereas the liveness generator produces a 128-dimensional
acoustic representation.

B. LIVENESS MOTION GENERATOR

Speech is correlated with movements of the jaw and lips,
whereas upper-face movements, including those of the eye-
brows and eye region, are less directly related to speech.
Consequently, the same speech signal can correspond to
different plausible upper-face movements, which cannot be
adequately represented by a deterministic mapping. To model
this uncertainty, we apply a temporal VAE to learn the prob-
ability distribution of speech-conditioned upper-face motion.
The temporal latent variables capture motion variations that
cannot be fully predicted from speech. By sampling latent se-
quences from the learned audio-conditioned prior, the model
can generate diverse and natural liveness motions.

As illustrated in Fig. the liveness motion generator
consists of a posterior encoder, an audio-conditioned prior
network, and a temporal motion decoder. The audio encoder
transforms the normalized log-Mel spectrogram into a frame-
aligned acoustic representation A.7.

The posterior encoder and the audio-conditioned prior
network each use two temporal convolutional layers with a
hidden dimension of 256 and a kernel size of 5. The tempo-
ral latent representation has 128 dimensions and a temporal
resolution of 3 Hz, obtained by applying a stride of 10 to the
30-fps motion sequence. The motion decoder subsequently
generates upper-face movements using four temporal convo-
lutional layers with a hidden dimension of 256 and a kernel
size of 5.

During training, the posterior encoder receives the acoustic
representation and the ground-truth upper-face motion as in-
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puts and predicts the mean and log-variance that parameterize
the posterior distribution g,(z}.;. | XY.;, Ar.r). Using the
acoustic representation, the audio-conditioned prior network
similarly predicts the mean and log-variance that parameter-
ize the prior distribution pg(z}.;. | A1.r). The sampled latent
sequence is upsampled to the motion frame rate and decoded
with the frame-level acoustic representation to generate the
upper-face liveness motion.

1) Discriminator

The discriminator takes the nine-channel motion sequence as
input and does not use audio features. The temporal resolution
is reduced by a factor of four using two stride-2 convolutional
layers, and the final convolution outputs real-fake scores over
local temporal windows.

2) Training Objective
For the liveness generator, the position, velocity, and ac-
celeration reconstruction losses are computed as L; dis-
tances between the predicted and ground-truth motion se-
quences and their first- and second-order temporal differ-
ences. The temporal latent distribution is regularized using a
KL-divergence loss between the approximate posterior and
the audio-conditioned prior. We apply a small free-bits al-
lowance [31] and gradually increase the KL weight during
training [32]] to encourage the model to utilize the temporal
latent variables.

In addition, a prior-matching loss is used to train the audio-
conditioned prior to approximate the posterior distribution:

L ior = Dxr (sgg0] | o) , (8)

where g, and py denote the approximate posterior and the
audio-conditioned prior, and sg[-] denotes the stop-gradient
operation.

For adversarial training, the discriminator distinguishes
real upper-face motion sequences from motions generated
using samples from the prior distribution. The liveness gen-
erator is optimized using the combined reconstruction, KL-
divergence, prior-matching, and adversarial objectives:

ﬁGl = ‘Ciec + ﬁ(s)‘ci(L + )‘Prior‘ci)rior + )\advﬁgdv' (9)

C. EMOTION-CONDITIONED UPPER-FACE GENERATOR

In this study, we adopt a regression-based model to generate
emotion-specific facial movements from temporal acoustic
information and emotional conditions. As shown in Fig. [3]
the proposed generator takes frame-level acoustic features,
emotion labels, emotion intensity, and speaker style as in-
puts. These conditioning variables are encoded into a single
condition vector and injected into each Transformer block
through AdalLN-Zero modulation [33]]. Based on the inputs,
the model predicts facial movements that are temporally
aligned with the speech signal and consistent with the in-
tended emotion. Subsequently, the generated emotion-related

VOLUME 11, 2023
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FIGURE 2. The posterior encoder is used only during training, whereas the learned audio-conditioned prior generates the latent sequence during
inference. The 3-Hz latent sequence is upsampled to 30 Hz and decoded together with frame-level acoustic features to produce nine-channel upper-face

liveness motion. The discriminator is used only during adversarial training.

motion sequence is fused with subtle liveness movements to
produce the final facial animation.

The acoustic representation is projected into a 128-
dimensional hidden space and then processed by four
AdalLN-Zero Transformer blocks, each with four attention
heads. Emotion, emotion intensity, and speaker style are rep-
resented using embeddings of dimensions 24, 16, and 24,
which are concatenated into a single conditioning vector.
The Transformer output is further refined by two temporal
convolutional layers with kernel sizes of 5 and 3. Finally, a
1 x 1 convolutional motion head generates the upper-face
emotion motion sequence. The emotion-conditioned genera-
tor predicts emotion-related movements around the eyebrows
and eyelids. Its output consists of AUO1, AU02, AU04, AUO7,
and an eye-widening feature, which are converted into nine
upper-face motion channels for facial retargeting. The AUOS
(Upper Lid Raiser) estimates did not sufficiently capture eye-
widening variations in the MEAD dataset. Therefore, we re-
placed AUOS with a geometric eye-widening feature derived
from MediaPipe facial landmarks.

1) Eye-widening feature

Eye widening was quantified separately for the left and right
eyes using geometric descriptors based on the normalized
distance between the upper and lower eyelids.

As illustrated in Fig. [] the horizontal eye width w, was
measured as the distance between the inner and outer eye-
corner landmarks, and the vertical eyelid opening A, was
measured as the distance between the upper- and lower-eyelid
landmarks.
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L
wide,L hl
¥y =

— rWidC,R — hf (10)
wk + €’ ! wR €

where hf and iR denote the average vertical openings of
the left and right eyes, and w* and wR denote their horizontal
widths.

To reduce the effect of individual differences in neutral eye
shape, we subtracted each subject’s mean neutral baseline,
calculated from the neutral-expression videos, and set neg-
ative residuals to zero.

neu,L __ 1 wide,L
P = e 2 e (1)
! teN;
neu,R __ 1 wide,R
i T Nnpeu Fi ) (12)
L eN;
wide,L wide,L neu,L
dyet = max (et < gpetti0), o a3)
wide,R __ wide,R neu,R
d;, = max (”i,z — I ,0) . (14)

where N; denotes the set of valid frames in the neutral-
expression videos of subject i, and N = |N].

The positive residuals were subsequently divided by the
99th percentile computed from the training set and clipped
to the range [0, 1].

2) Training Objective
For the emotion-conditioned generator G,, we employ posi-
tion, velocity, and acceleration losses. These losses are com-
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FIGURE 4. Geometric measurement of eye widening.

puted using L; distances between the predicted and ground-
truth motion sequences and their first- and second-order tem-
poral differences. The overall objective of G, is

ﬁGe = E;os + Af/elﬁf/el + Agccﬁgcc' (15)

D. TRAINING DATA USAGE

We treat emotional upper-face expressions and natural upper-
face movements as two distinct components. The emotion-
conditioned generator is trained on MEAD, whereas the live-
ness generator is trained separately on BEAT. MEAD is a
talking-face video dataset featuring eight emotion categories
at three intensity levels [34]]. The speech corpus consists of
common, generic, and emotion-related sentences, enabling
the model to learn from acoustic variation, emotion cate-
gory, emotion intensity, and speaker style. MEAD is used to
train G,, which generates emotional upper-face animation.
We extracted five upper-face Action Unit features from the
MEAD videos using OpenFace and converted them into facial
motion sequences. To match the ARKit 52 blendshape repre-
sentation [35]] used for virtual-agent animation, four of the
five features were mapped to separate left and right channels
(e.g., browDownLeft and browDownRight), except for AUO1
(inner-brow raising), which was represented by the ARKit
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FIGURE 5. Nine ARKit-compatible upper-face motion channels and their
corresponding Facial Action Units. Left and right refer to the anatomical
sides of the face.

channel browInnerUp. Previous evaluations of automated AU
detection systems reported lower detection performance for
AUOS5 than for other AUs [36]. To improve the estimation of
eye widening, we derived the corresponding motion channels
from MediaPipe facial landmarks. The resulting nine
upper-face motion channels and their corresponding Facial
Action Units are illustrated in Fig. |5} BEAT is a multimodal
motion-capture dataset containing synchronized speech, fa-
cial motion, and full-body motion sequences [38]. Its facial
motion is represented using 52 ARKit blendshape channels.
We selected nine upper-face channels from the 52 ARKit
blendshape channels. These channels are identical to the out-
put channels of the emotion-conditioned generator and were
used to train G;.

IV. QUANTITATIVE EVALUATION

Upper-face movements are not fully determined by the speech
signal alone. Even for the same utterance, different upper-face
movements may be produced depending on speaker style,
emotional state, and natural behavioral variation. Thus, it
is difficult to determine whether an upper-face animation is
superior or more natural based on a lower reconstruction
error relative to a single reference sequence. In particular, a
deterministic regression model may generate weak and static
movements compared with real facial motion by producing
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FIGURE 6. Spatial distribution of upper-face motion generated by
EmoFace, EmoTalk, and the proposed method across four emotion
conditions. Warmer colors indicate regions with greater facial
deformation or motion magnitude. A CCO-licensed 3D face model from
Filmic Worlds [39] was used for visualization.

near-average predictions to reduce positional error.

Thus, the quantitative evaluation focuses on four aspects.
First, audio—visual synchronization is evaluated to determine
whether it is maintained when lip movements are generated
by an external real-time module. Second, the generated upper-
face movements are analyzed to determine whether their
motion magnitude and speed are comparable to real facial
movements, rather than excessively static or exaggerated.
Third, the integration of emotional and liveness-related move-
ments is assessed to determine whether it compensates for the
lack of motion energy in the emotion-conditioned generator’s
output. Finally, the computational efficiency of the proposed
module for real-time interactive agents is evaluated in terms
of the number of model parameters and inference time. Based
on these considerations, we report reconstruction-based met-
rics, motion statistics, emotion-preservation measures, and
computational efficiency rather than relying on a single met-
ric.

A. EXPERIMENT SETUP

1) Datasets

For component-level evaluation, the emotion-conditioned
generator was evaluated on the held-out MEAD test set,
whereas the liveness generator was evaluated on the held-
out BEAT test set. Both datasets were split at the speaker
level to ensure that speakers in the test set did not appear
in the training set. For the system-level comparison, we
used RAVDESS [40] as an external evaluation dataset. Four
RAVDESS emotion conditions were selected: angry, happy,
fearful, and disgusted. The same emotion set was used in
the user study to maintain consistent conditions between the
quantitative and perceptual evaluations. All compared meth-
ods were evaluated using the same speech utterances and
rendering conditions. EmoFace produces 174 MetaHuman
facial controller values, whereas EmoTalk produces 52 blend-
shape coefficients. For quantitative comparison, the same
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nine upper-face channels were selected from their outputs.

2) Implementation Details

Both generators were trained with the AdamW optimizer [41]]
at a learning rate of 2 x 10~*. The emotion-conditioned
generator was trained for 40 epochs with a batch size of
16. The velocity and acceleration loss weights were set to
‘g = L.0and X; . = 0.2. The liveness generator was
trained for 60 epochs with a batch size of 64. The veloc-
ity and acceleration loss weights were set to A\, = 1.5
and A\ .. = 1.25. The prior-matching and adversarial loss
weights were set to Aprior = 1.0 and Ayqy = 0.01. The
KL weight was increased from 0 to 0.02 over 10,000 steps
after an initial 500-step warm-up, with free bits set to 0.02
per temporal latent dimension. The discriminator was trained
using a binary cross-entropy objective. Ground-truth motion
was used as real samples, while motion generated from the
audio-conditioned prior was used as fake samples. Both the
generator and discriminator were updated once per training
step.
Both generators were trained on an NVIDIA RTX A6000
GPU. For the final system, the fusion scaling coefficient was
fixed at a = 0.5.

B. COMPONENT-LEVEL BEHAVIOR OF THE TWO
GENERATORS

TABLE 1. Quantitative evaluation of the proposed generators on their
respective held-out test sets.

Velocity Acceleration Velocity

Generator MAEL MAE] MAE]  ratio— 1
Emotion generator 0.1475 0.0327 0.0241 0.286
Liveness generator 0.1290 0.0153 0.0104 1.372

Table [T] presents the results of independently evaluating
each generator on its respective speaker-independent held-
out test set. The emotion-conditioned generator was evaluated
on the MEAD test set, whereas the liveness generator was
evaluated on the BEAT test set. As the two generators were
trained on different datasets and designed for different gener-
ation objectives, the results should not be compared directly
between them.

The emotion-conditioned generator achieved an MAE of
0.1475. However, its velocity ratio was only 0.286, indicat-
ing that the generated motion magnitude was approximately
28.6% of the reference motion. This suggests that the gener-
ator can reproduce the overall emotional expression but tends
to generate weaker temporal facial movements. The liveness
generator achieved a velocity ratio of 1.372, indicating that
its average frame-to-frame motion magnitude was approx-
imately 37.2% greater than that of the reference motion.
Accordingly, a scaling coefficient o was used to control the
contribution of the liveness motion and prevent exaggerated
movements during fusion.
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TABLE 2. Comparison of upper-face fusion strategies at o« = 0.50 on the
RAVDESS evaluation set (n = 352).

Method Emotiol\r;[ };rgs?vation Vel{[c:;lg :ti. ) Clipfing
Emotion only - 0.743 0.0%
gitritﬁt’idition 0.0640 1214 253%
%‘%“:edies_idﬁal 0.0245 1.095 35.4%
Positive residual 0.0153 1.014 10.0%

R, = max(L, — L, 0)

Emotion preservation MAE is measured against the emotion-only output.
The velocity ratio compares mean absolute frame-to-frame motion with the
reference motion. Clipping denotes the proportion of pre-clipping values
outside [0, 1].

TABLE 3. Audio-visual synchronization on RAVDESS (100 clips per
condition). Values are mean (SD). Real video is a reference point, not a
competing condition: SyncNet is trained on photographic faces, so
absolute scores on rendered virtual characters are not comparable to it.

Method LSE-D | LSE-C 1 Offset

Real video 7.775(1.27) 3.863(1.74) —2.09(1.53)
EmoTalk [[7]] 8.372(0.69) 0.935(0.38) —3.85(2.75)
EmoFace (8] 8.007 (0.79) 0.749(0.33) —0.84(6.00)

Oculus LipSync [42] 7.506(0.61) 1.145(0.31) —1.19(1.22)

Table 2] reports the results of comparing three simple
fusion methods for efficiently integrating the emotion and
liveness motion sequences without increasing computational
complexity. All methods use the same outputs from the two
generators and differ only in the fusion operation. L, =
Xﬁ"hve denotes the liveness motion at frame 7, and L =
% Z;T:1 L, denotes its temporal mean. The emotion preser-
vation MAE measures the absolute difference between the
emotion-conditioned output and the fused result, with lower
values indicating better preservation of the original emotional
expression. The velocity ratio indicates the motion velocity
relative to the reference motion, while the clipping ratio
represents the proportion of output values that exceed the
valid range [0, 1] before clipping. Direct addition showed the
largest deviation from the emotion-conditioned output and
frequent clipping. The signed residual method also exhibited
a high clipping ratio, making it less suitable for stable fusion.
In contrast, the positive residual method achieved the lowest
emotion preservation MAE (0.0153), a velocity ratio closest
to the reference value (1.014), and the lowest clipping ratio
(10.0%). Therefore, it was adopted in the final system be-
cause it minimizes deviation from the emotion-conditioned
output while maintaining motion dynamics close to the refer-
ence motion, without requiring an additional trainable fusion
model.

Table |3| summarizes the lip-synchronization results from
100 RAVDESS clips for each condition. In the proposed
pipeline, the proposed generators produce upper-face motion,

8

TABLE 4. Quantitative comparison on the RAVDESS evaluation set. MACE
measures the maximum channel-wise reconstruction error, while MAE
measures the overall reconstruction error. Motion amplitude and velocity
ratios are optimal near 1.

Motion amplitude  Velocity

Method MACE | MAE | Velocity MAE | ratio — 1 ratio — 1
EmoFace 0.588  0.195 0.012 2.252 0.767
EmoTalk 0.359  0.160 0.013 0.986 1.071
Ours(Emotion) ~ 0.668  0.250 0.011 0.724 0.584
Ours(Full) 0.673 0.261 0.013 0.997 0.787

TABLE 5. Comparison of model size and inference efficiency based on
model forward-pass time and real-time factor (RTF). For the proposed
method, inference time is reported as the sum of the emotion- and
liveness-generator forward-pass times, excluding the external lip-sync
module.

Parameters GPU Time CPUTime GPU CPU

Method o) (ms/clip)  (ms/clip) RTF RTF
EmoFace 126.77 11.38 101.30  0.0033 0.0284
EmoTalk 640.57 63.90 484.73 0.0177 0.1342
Emotion generator 1.45 3.69 6.10 - -
Liveness generator 2.74 2.98 7.05 - -
Ours (two-model sum) 4.18 6.67 13.16 0.0018 0.0036

and an external real-time lip-sync module generates lip mo-
tion. Lip synchronization is evaluated using LSE-D and LSE-
C from SyncNet [43]], [44]]. The external module achieved
the best LSE-D and the highest LSE-C among the animated
conditions, indicating that its use does not degrade temporal
synchronization. The original RAVDESS videos are included
only as a reference.

Figure [6] illustrates the spatial distribution of upper-face
motion under the four emotion conditions. The proposed
method generated clear emotion-dependent spatial patterns,
consistent with the quantitative motion analysis.

For the system-level comparison on RAVDESS, the met-
rics reported in Table [] are used to evaluate reconstruction
error and motion characteristics. Inspired by the emotional
vertex error (EVE) used in EmoTalk, MACE measures the
maximum absolute reconstruction error among the selected
upper-face channels at each frame, averaged over the eval-
uation sequence, whereas MAE measures the overall abso-
lute reconstruction error over all frames and channels. The
emotion-conditioned generator produced lower motion am-
plitude and temporal velocity than the reference. After adding
the liveness component, the motion amplitude and velocity
ratios increased to 0.997 and 0.787. Among the compared
methods, EmoTalk achieved the lowest MACE and a velocity
ratio closest to 1, whereas the proposed full model achieved
the motion amplitude ratio closest to that of the reference
videos. The MACE-based metric measures only frame-level
errors relative to a single standardized reference sequence
extracted using OpenFace and is therefore interpreted as a
supplementary indicator.
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TABLE 6. Mean user ratings and Friedman test results for the four facial
animation methods (N = 36).

Ours
Measure EmoFace Ours EmoTalk (Emotion Only) p
Emotional Expression  2.87 3.01 2.12 3.06 < .001
Anthropomorphism 231 246 191 2.52 .057
Animacy 256 285 218 2.72 < .001
Likeability 273 275 235 2.68 379
Overall Average 262 277 214 2.75 .009

Ratings were collected using a five-point Likert scale. Each measure rep-
resents the mean of three questionnaire items. The p-values were obtained
using Friedman tests. Bold values indicate the highest mean in each row.

C. MODEL SIZE AND INFERENCE EFFICIENCY

Table [5] compares the parameter count and inference cost
of each method. The proposed emotion and liveness gener-
ators contain a total of 4.18M trainable parameters, which
is approximately 30 times fewer than EmoFace and 150
times fewer than EmoTalk. The reported parameter count
and inference time exclude the external lip-sync module.
Inference time was measured on a dual-socket Ubuntu server
equipped with two AMD EPYC 9124 16-core processors
and an NVIDIA RTX A6000 GPU. The proposed model
achieved a CPU RTF of 0.0036, approximately 1/8 of the RTF
of EmoFace and 1/37 of that of EmoTalk. In addition, the
proposed method achieved an RTF of 0.0080 (SD = 0.0009)
on a Windows 11 desktop equipped with an AMD Ryzen
Threadripper 2950X processor. Even when execution was
restricted to a single thread, it maintained an RTF of 0.0146
(SD = 0.0005).

V. USER STUDY

All participants in the two user studies reported below pro-
vided informed consent before participation, and both studies
received an exemption determination from the Institutional
Review Board of the Korea Institute of Science and Technol-
ogy (KIST-202607-HR-001).

To evaluate upper-face emotional expression in a virtual
character, short video clips were generated using only the
nine upper-face motion channels. The area below the nose
was covered so that participants evaluated only the upper-face
expression. Fig.[/|shows example video clips used in the user
study. The clips used RAVDESS speech samples from four
emotional conditions: happy, disgusted, angry, and fearful.
Four emotion conditions were selected to keep the session
length manageable under the within-subject design, in which
each participant evaluated all four methods: Ours, Ours (Emo-
tion Only), EmoFace, and EmoTalk. The questionnaire was
adapted from the Godspeed Questionnaire Series (GQS) [45]],
with minor modifications, and included three items for each
of the four measures. The user study was conducted with 40
adults ranging in age from their 20s to their 60s who were
recruited through Prolific. A cyclic Latin square design was
used to reduce potential order effects. Four participants who
failed the attention-check question were excluded, and the
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remaining 36 participants were included in the final analysis.
Table [6] presents the mean ratings and Friedman test results.
Table|[/| presents the significant post-hoc comparisons.

TABLE 7. Significant post-hoc comparisons following the Friedman tests
using two-sided Wilcoxon signed-rank tests with Holm correction [46].

Measure Higher-rated method Lower-rated method Holm-:;djusted
Emotional Expression EmoFace EmoTalk .001
Ours EmoTalk .004
Emotion Only EmoTalk < .001
Animacy Ours EmoTalk .005
Emotion Only EmoTalk 021
Overall Average EmoFace EmoTalk .009
Ours EmoTalk .008
Emotion Only EmoTalk .008

Significant differences among the methods were found for
Emotional Expression, Animacy, and the Overall Average,
but not for Anthropomorphism or Likeability. All signifi-
cant post-hoc differences were found in comparisons with
EmoTalk. The proposed method received significantly higher
ratings than EmoTalk for Emotional Expression, Animacy,
and the Overall Average, but showed no significant differ-
ences from EmoFace. In particular, it achieved the highest
Animacy rating (2.85). These results suggest that the pro-
posed method can generate upper-face animation sequences
with quality comparable to EmoFace using fewer parameters,
including both emotional expressions and natural movements.
No significant differences were found between EmoFace
and the proposed method in the post-hoc comparisons. Al-
though the full model received the highest mean Animacy
rating (2.85), it did not differ significantly from the emotion-
conditioned generator. However, EmoTalk generates emo-
tional expressions from acoustic features, making it difficult
to interpret its lower ratings as evidence of inferior quality.
EmoTalk’s audio-driven approach is useful for automatically
reflecting emotions inherent in speech, but it may be less
suitable for conversational virtual agents that require explicit
emotion control.

A. ADDITIONAL PERCEPTUAL EVALUATION

For an additional perceptual evaluation, 20 participants
evaluated full-face animations, and Table [§] summarizes
the mean ratings and Friedman test results. The proposed
method used nine upper-face channels and 17 mouth-related
blendshape channels mapped from Oculus LipSync out-
puts. In the manually specified mouth-expression condi-
tion, mouthSmileLeft/Right were set to 0.3 for the happy
condition, whereas mouthFrownLeft/Right were set to 0.3
for angry, fearful, and disgusted conditions. For disgust,
mouthLowerDownLeft/Right were additionally set to 0.2.
EmoTalk used all 52 ARKit blendshape outputs, while Emo-
Face was retargeted from 174 MetaHuman controller values
to 52 blendshape channels. All methods were compared under
the same rendering conditions.
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Emoface

EmoTalk

Ours

Fear

Disgusted

FIGURE 7. Examples used in the user study. Each column shows an emotion condition, and each row shows a method. The mouth region was masked so

that participants evaluated only the upper-face expression.

TABLE 8. Mean user ratings and Friedman test results for the four
facial-animation methods (N = 20).

Ours
Measure (Manual Mouth) EmoTalk Ours EmoFace p
Emotional Expression 3.63 2.82 3.18 3.07 .033
Anthropomorphism 2.80 2.02 2.53 230 .037
Animacy 3.03 2.57 2.87 2.70 .06l
Likeability 3.42 2.78 2.85 292 .006
Overall Average 3.22 2.55 2.86 2.75 122

Ratings were collected using a five-point Likert scale. Each perceptual
measure represents the mean of three questionnaire items. The p-values
were obtained using Friedman tests. Bold values indicate the highest mean
in each row.

TABLE 9. Significant post-hoc comparisons following the Friedman tests
using two-sided Wilcoxon signed-rank tests with Holm correction.

Measure Higher-rated method Lower-rated method Holm-a;’djusted
Emotional Expression Ours (Manual Mouth) EmoTalk .047
Anthropomorphism  Ours (Manual Mouth) EmoTalk .019
Likeability Ours (Manual Mouth) EmoFace .049

Pairwise post-hoc comparisons were conducted using two-
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sided Wilcoxon signed-rank tests with Holm correction for
multiple comparisons. The results are presented in Table [0}
Significant differences were found between Ours (Manual
Mouth) and EmoTalk for Emotional Expression and Anthro-
pomorphism. For Likeability, a significant difference was
found between Ours (Manual Mouth) and EmoFace. This
result suggests that not only upper-face motion but also mouth
expressions can contribute to perceptual quality. The current
proposed system separately processes upper-face emotional
motion and lip synchronization using an external module. In
future work, emotion-related mouth features, such as mouth-
corner movements and mouth shapes, should be integrated to
achieve more natural coordination between emotional expres-
sion and lip synchronization.

VI. ABLATION

We evaluated the liveness generator in terms of deterministic
versus latent-variable modeling, continuous VAE versus dis-
crete VQ-VAE representations, and the use of adversarial
training. A diverse range of plausible upper-face motion se-
quences can be generated from the same speech input, making
it difficult to assess generation quality using reconstruction
error alone. Therefore, in addition to MACE and MAE, we
evaluated the temporal characteristics of the generated motion

VOLUME 11, 2023



IEEE Access

Kim et al.: Lightweight Speech-Conditioned Upper-Face Animation for Virtual Agents

TABLE 10. MACE (Maximum Absolute Channel Error) captures the largest
channel-wise reconstruction error, while MAE (Mean Absolute Error)
measures the overall reconstruction error. The HF (high-frequency) and
velocity ratios are optimal near 1.

HF ratio Velocity ratio

Variant MACE | MAE | N N
Ground truth - - 1.000 1.000
Deterministic regression  0.374 0.188 0.637 1.424
VQ-VAE latent 0.426 0.198 0.495 0.499
w/o adversarial training 0.391 0.194 0.785 1.845
Full 0.327 0.170 0.983 1.650

TABLE 11. Comparison of conditioning strategies for the emotion
generator on the MEAD held-out test split. MACE and MAE are frame-wise
errors against the reference; the velocity ratio compares the
frame-to-frame motion magnitude and is best near 1.

Velocity
Method MACE| MAE| ratio — 1
AdalLN 0.561 0.165 0.469
Concat. 0.578 0.169 0.407

using the velocity ratio and HF ratio. The frequency-band
boundaries were determined from the spectral distribution
of 1,000 BEAT test clips. The cumulative reference power
reached 95% at 3.53 Hz; therefore, 5 Hz was selected as a
practical upper bound that fully covers the dominant motion-
frequency range. For the lower bound, 68% of the spectral
power was concentrated below 1 Hz. To increase sensitivity to
faster temporal changes, this low-frequency component was
excluded by setting the lower bound to 1.5 Hz.

Table[T0]presents the ablation results. The VQ-VAE variant
showed the highest MACE and the lowest velocity ratio,
suggesting that the discrete latent representation may have
limitations in modeling continuous temporal motion. Without
adversarial training, the HF ratio decreased from 0.983 to
0.785, and the velocity ratio increased from 1.650 to 1.845.
The full model achieved the lowest MACE and MAE and an
HF ratio closest to the reference value. We compared two con-
ditioning strategies for the emotion generator: injecting the
emotion and intensity conditions into each Transformer block
through AdalLN-Zero modulation and concatenating them
with the input features. The evaluation was conducted on the
MEAD test split, which was not used for training or vali-
dation. Table [TT] presents the results. AdaLLN-Zero achieved
MACE and MAE values of 0.561 and 0.165, which were
lower than those of the concatenation-based Transformer. The
velocity ratio of AdaLN-Zero was also closer to the ground-
truth value.

Vil. DISCUSSION
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A. IMPLICATIONS OF SEPARATING LIP-SYNC AND
UPPER-FACE GENERATION

The results support designing lip-sync and upper-face gen-
eration as separate modules rather than using a full-face
animation model for interactive virtual agents. Although lip
movements were handled by an external real-time module,
the proposed system achieved comparable audio—visual syn-
chronization performance (Table[3). The upper-face generator
used only 4.18M parameters, corresponding to approximately
1/30 of EmoFace and 1/150 of EmoTalk. However, the com-
parison uses the total parameter count, which includes the
Wav2Vec 2.0 [48]] components of EmoFace and EmoTalk. No
significant post-hoc differences were observed between the
proposed method and EmoFace. These results suggest that
a substantial reduction in model size is possible without a
significant perceptual difference from EmoFace.

The proposed system processed each audio clip substan-
tially faster than its duration on the CPU, suggesting that it can
operate without GPU resources. However, the system requires
a complete audio clip before generating the corresponding
motion sequence.

B. DESIGN OF THE TWO-GENERATOR ARCHITECTURE
The quantitative evaluation results support the use of separate
emotion-conditioned and liveness generators. The emotion-
conditioned regression model reproduced the intended ex-
pressions. However, it generated less motion than the refer-
ence. The same tendency was observed with different condi-
tioning methods. To address this limitation, the liveness gen-
erator was added to make the overall motion magnitude closer
to the reference. The mean-centered positive residual method
preserved the emotional expression while compensating for
the lack of motion. In contrast, directly adding the outputs
of the two generators distorted the emotional expression and
caused output saturation.

C. ABLATION STUDY

The ablation study suggests that adversarial training con-
tributes to preserving the temporal characteristics of upper-
face motion. Without adversarial training, motion energy
within the defined high-frequency band decreased, although
the overall motion magnitude did not. This result shows that
motion magnitude alone is insufficient to assess the tempo-
ral structure of a generated sequence. The VQ-VAE-based
liveness model showed reductions in both overall motion
and motion energy within the defined high-frequency band,
suggesting that the discrete latent representation may limit the
generation of subtle temporal transitions.

D. LIMITATIONS

The results of the proposed system should be interpreted con-
sidering the following limitations. First, the proposed system
performs inference at the clip level. It generates the complete
facial animation sequence after receiving an audio clip as
input. This approach is suitable for pipelines that play the
audio and facial animation simultaneously. However, it does
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not allow the generated animation to be modified immediately
during playback. Second, eye blinking and head rotation
were not included in the output of the proposed system. Eye
blinking is weakly related to speech and emotion conditions,
and both blinking and head rotation can substantially affect
frame-to-frame motion statistics. Therefore, these compo-
nents were excluded from the present evaluation. However,
both are essential for conversational virtual agents and should
be addressed in future work. Third, the upper-face movements
used in this study were estimated from video data rather than
directly captured using motion-capture equipment. The refer-
ence motion was extracted using OpenFace action units. The
training targets for the emotion-conditioned generator were
also derived from OpenFace features, and some components
were computed using MediaPipe landmarks. Therefore, the
reported errors, ratios, and other metrics should be interpreted
as relative differences under the same extraction conditions
rather than as measures of absolute motion accuracy. Finally,
the frame-to-frame variation remained relatively small com-
pared with the variation in the reference motion, although the
overall motion magnitude was restored to a similar level. The
positive residual method may have contributed to this result,
which suggests that the current fusion strategy may not fully
preserve temporal motion. Therefore, a key next step is to
develop a more advanced fusion method that preserves both
emotional expression and temporal motion.

E. FUTURE WORK

First, the current system generates only nine upper-face mo-
tion channels. Future work should expand the output chan-
nels to include more detailed facial movements, such as eye
blinking and head rotation. This extension would enable the
system to model upper-face and head movements together
and generate more natural animation for interactive virtual
agents.

Second, a more advanced extraction method is needed
to build accurate and consistent training targets efficiently.
The current approach uses OpenFace action units and Me-
diaPipe landmarks, which may introduce estimation errors
during feature extraction. Therefore, future work should im-
prove landmark-based calculation methods or develop a new
method for extracting facial movements from video data.

Lastly, the system should be extended to generate mouth
shapes that convey emotion in addition to using an external
lip-sync module. Mouth movements are also important for
emotional expression. Therefore, a fusion method is needed
to combine speech-driven lip movements with emotion-
expressive mouth shapes.

VIIl. CONCLUSION

In this study, we proposed a lightweight speech-driven upper-
face animation framework. Compared with existing full-face
generation frameworks, the proposed system processes lip
motion and upper-face motion separately and directly gener-
ates nine upper-face channels corresponding to eyebrow and
eye-region movements. The upper-face animation module
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consists of an emotion-conditioned generator and a liveness
generator, whose outputs are fused using a positive mean-
centered residual method. This design preserves emotion-
related facial expressions and compensates for insufficient
upper-face motion. In addition, the modular architecture en-
ables the generated upper-face animation to be combined with
an external real-time lip-synchronization module. This archi-
tecture offers an efficient approach to talking-face animation.
In the evaluation, integrating the output of the liveness gener-
ator with that of the emotion-conditioned generator increased
the upper-face motion amplitude ratio from 0.724 to 0.997,
bringing it close to the reference motion amplitude observed
in the RAVDESS data. Among the evaluated fusion methods,
the positive residual method showed the lowest error relative
to the emotion-conditioned output and a velocity ratio of
1.014, which was closest to 1. In addition, the two proposed
generators contain only 4.18M parameters in total. For ap-
proximately 3-s speech inputs, the system achieved a CPU
real-time factor (RTF) of 0.0036, which demonstrates lower
computational cost than the other methods evaluated. In the
user study, the proposed method achieved the highest mean
Animacy rating and showed no significant difference from
EmoFace. In the additional perceptual evaluation, emotion-
related mouth shapes were manually specified in addition
to the generated upper-face motion and lip-synchronization
output. Significant differences were observed in some percep-
tual measures, which suggests that natural emotional facial
expression may require consideration of not only upper-face
motion but also emotion-related mouth movements. Overall,
this study suggests that emotional upper-face expressions and
natural facial motion can be generated using lightweight mod-
els, while lip synchronization can be handled separately by
an external real-time lip-sync module. This modular design
therefore provides a practical alternative for real-time talking-
face animation systems. In future work, the framework should
be extended to model additional facial and head movements
such as eye blinks and head rotation. Emotion-related mouth
shapes and mouth-corner movements should also be inte-
grated more naturally with the upper-face animation.
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