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Abstract

Speech-driven 3D facial animation is challenging due to
the diversity in speaking styles and the limited availabil-
ity of 3D audio-visual data. Speech predominantly dictates
the coarse motion trends of the lip region, while specific
styles determine the details of lip motion and the overall fa-
cial expressions. Prior works lack fine-grained learning in
style modeling and do not adequately consider style biases
across varying speech conditions, which reduce the accu-
racy of style modeling and hamper the adaptation capabil-
ity to unseen speakers. To address this, we propose a novel
framework, StyleSpeaker, which explicitly extracts speaking
styles based on speaker characteristics while accounting for
style biases caused by different speeches. Specifically, we
utilize a style encoder to capture speakers’ styles from fa-
cial motions and enhance them according to motion prefer-
ences elicited by varying speech conditions. The enhanced
styles are then integrated into the coarse motion features via
a style infusion module, which employs a set of style primi-
tives to learn fine-grained style representation. Throughout
training, we maintain this set of style primitives to compre-
hensively model the entire style space. Hence, StyleSpeaker
possesses robust style modeling capability for seen speak-
ers and can rapidly adapt to unseen speakers without fine-
tuning. Additionally, we design a trend loss and a local con-
trastive loss to improve the synchronization between syn-
thesized motions and speeches. Extensive qualitative and
quantitative experiments on three public datasets demon-
strate that our method outperforms existing state-of-the-art
approaches.

1. Introduction

Speech-driven 3D facial animation has become an increas-
ingly important research area due to its applications in vir-
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Figure 1. Illustrations of the style modeling process of our pro-
posed StyleSpeaker. Unlike previous methods, StyleSpeaker not
only models speaking styles based on both speaker characteristics
and specific speech, but also queries fine-grained representations
based on style primitives.

tual reality, film or game production, and biomimetic tech-
nology. In this task, it is crucial to ensure not only the ac-
curacy of lip motions but also the naturalness of the overall
animation and the consistency of the speaking style char-
acteristics. The error in speech-driven 3D facial anima-
tion arises from three sources: viseme information provided
by the speech, speaking style, and randomness. We focus
only on the first two. The viseme information determines
the coarse motion trends of the lip region, such as opening
and closing, while the speaking style determines detailed
lip motions and overall facial expressions. The speaking
style can be decomposed into two components: first, the
speaker’s inherent style, referred to as “speaker style” in the
following sections, which stems from the speaker’s habit-
ual patterns. The speaker style dictates audio-independent
motion habits, such as the motion patterns in the upper-face
and the symmetry of lip motions during speech. Second,
the specific speech condition, which further indicates mo-
tion preferences and influences the speaking style to some
extent. For example, speech intensity affects the maximum
extent of mouth opening and the variance of changes in lip
region. To summarize, the speaking style is primarily deter-



mined by the speaker identity but is influenced by the driven
speech.

Accurately extracting the speaking style is crucial for
synthesizing precise and characteristic-preserving facial an-
imation. Previous works tend to overlook fine-grained
style modeling and audio-induced style biases. Early meth-
ods [16, 26] can only synthesize facial animation in a single
style. Later works [6, 9, 27, 40] embed one-hot encoding
for individuals in the training set via an embedding layer
and optimize this layer during training to implicitly capture
speaker styles. However, the resulting styles become entan-
gled with speech information, and cannot adapt to unseen
speakers. Based on the prior methods, Imitator [33] adapts
to unseen speakers by fine-tuning some layers of the gen-
eralized model, which incurs additional overhead. Recent
methods [11, 37] begin to explicitly extract styles from fa-
cial motion sequences but ignore the impact of speech con-
ditions and generalization learning in style space, which re-
sults in less accurate style extraction and weakens the adapt-
ability to the styles of unseen speakers.

To address these issues, we propose a novel method,
StyleSpeaker, which differs from previous methods by in-
corporating audio conditions into style considerations and
using style primitives for fine-grained learning. We il-
lustrate in Figure 1 the improvements in the style model-
ing process of our method compared to previous methods.
Specifically, we employ a speaker style extractor to capture
speaker styles. Concurrently, we utilize an audio encoder
to extract high-level audio features and learn audio condi-
tions from them via an audio condition extractor. We then
enhance the speaker styles with the audio conditions to pro-
duce speaking styles, aiming to integrate motion preference
information embedded in the audio conditions into speak-
ing styles. Subsequently, we use a style infusion module
that employs a set of style primitives to derive the fine-
grained style representation for the speaking styles. In prac-
tice, we deconstruct the input speaking styles into founda-
tional representation using style primitives, which are si-
multaneously optimized throughout training. Through it-
erative deconstruction and learning of encountered styles,
these style primitives capture foundational style informa-
tion to construct a comprehensive style space. For unseen
speakers in the training set, we extract their speaking styles,
map them within the style space for fine-grained represen-
tation, and acquire more precise style information. This ap-
proach significantly enhances our model’s adaptability to
diverse speaking styles. In addition, we design two con-
straints: trend loss and local contrastive loss. The trend loss
imposes constraints on the higher-order differences in the
facial motion sequences. Derived from CLIP [25], the local
contrastive loss accounts for the recurrence of many sylla-
bles and facial motions within a speech segment. To avoid
mismatches, we limit the computation of the contrastive

loss to a local range. These two constraints significantly

improve the accuracy of the synthesized animation. We also

design a new metric, Fourier Frequency Error, which effec-
tively evaluates style consistency. The main contributions
of our work are as follows:

* We are the first to enhance speaking styles by incorpo-
rating audio conditions. Our fine-grained learning of the
style space endows the model with strong style modeling
capabilities, allowing rapid adaptation to unseen speakers
without fine-tuning.

¢ We introduce two novel constraint functions, trend loss
and local contrastive loss, to further improve the accuracy
and synchronization of the synthesized motions.

» Extensive qualitative and quantitative experiments on
three public datasets demonstrate that our method outper-
forms existing state-of-the-art approaches for both seen
and unseen speakers.

2. Related Works

2.1. Speech-Driven 3D Facial Animation

Initially, speech-driven 3D facial animation is synthesized
using rule-based methods. The dominance functions [21]
are employed to map speech to parameters controlling fa-
cial motions. Some methods [7, 22] model facial muscle
motions from biological and anatomical perspectives and
establish mappings with speech.

With the advent of 4D face datasets, various learning-
based methods have emerged [13]. Some methods [16, 26]
focus on driving a specific speaker, while more methods
are dedicated to driving different speakers. VOCA [6] pri-
marily generates lower face motions. MeshTalk [27] uses a
categorical latent space to disentangle audio-correlated and
audio-uncorrelated information. FaceFormer [9] first em-
ploys the transformer architecture. CodeTalker [40] utilizes
a discrete codebook approach to decouple motion space.
FaceDiffuser [31], DiffSpeaker [20] and DiffSHEG [3] em-
ploy diffusion models. CorrTalk [5] divides faces into two
regions based on audio correlation and uses two branches
to generate motions separately. TalkingStyle [30] disentan-
gles style codes from motion patterns and proposes a style-
conditioned self-attention mechanism. EmoTalk [23] uti-
lizes a paired emotional content dataset to explicit control
emotion styles. CSTalk [19] proposes a parameter model
for representing faces and learns the motion characteristics
of specific emotions. All these methods use one-hot encod-
ing to represent different speaker styles, which fails to gen-
eralize to unseen speakers. Subsequently, Imitator [33] fine-
tunes the generalized model for the adaptability to unseen
speakers. Wu et al. [37] extracts styles from facial motions
using the temporal convolutional architecture. Mimic [11]
disentangles speaking styles and speech content using two
separate latent spaces. DiffPoseTalk [32] extracts styles for



expressions and poses from parameterized facial sequences.
Yang et al. [41] propose a probabilistic model to preserve
diversity in speech-driven tasks, while Probtalk3D [38] em-
ploys a non-deterministic model with emotion control for
similar purposes. Recently, some works [8, 39, 42] utilize
video or other modality information and pre-trained mod-
els to enhance the naturalness of synthesized 3D anima-
tion. The aforementioned methods overlook style variations
under different speeches for a specific speaker and fail to
learn style in the fine-grained manner, limiting the ability to
model style and adapt to the new styles of unseen speakers.

2.2. Stylized Talking Head Video Generation

Various methods exist for stylized talking head video gener-
ation. Ji et al. [14] disentangle content and emotion infor-
mation from audio and generate videos guided by the pre-
dicted landmarks. Wang et al. [35] and Sinha et al. [29] use
emotion labels as style codes but lack fine-grained individu-
alized control. Jietal.[15] and Liang et al. [18] use audio
as content information and employ reference video frames
as styles. StyleTalk++ [36] and SyncTalk [24] capture fa-
cial expression and head pose information from reference
videos and extract them as style codes to control video gen-
eration. StyleSync [12] encodes the style information into
the W™ space and generates target frames through Style-
Gan inversion[1, 2, 28].

3. Method
3.1. Motivation

To explore the distribution of speaking styles, we extract
features from facial motion sequences of different speak-
ers in different speeches. Inspired by FDD metric [40], we
use upper-face dynamics deviation to reflect the speaking
style information in facial motion sequences. Specifically,
we calculate the standard deviation for each vertex motion
sequence along the temporal dimension and project the re-
sults into 2D space for visualization using t-SNE [34], as
shown in Figure 2 (a). Additionally, we calculate the dis-
crete Fourier transform and extract the first 20 principal fre-
quency components for each vertex motion sequence in X,
y, and z directions, and project the results into 2D space,
as shown in Figure 2 (b). Based on the two visualization
results, we observe significant style differences among vari-
ous speakers, while the same speaker exhibits different pref-
erences under distinct speech conditions. This indicates that
incorporating the style biases brought by audio can enhance
the accuracy of style modeling. Moreover, variations across
different speakers and speech conditions result in a multi-
tude of speaking styles. To effectively handle the large vari-
ety of styles, we construct a style space using fundamental
units to represent all styles, rather than extracting and di-
rectly applying styles as done in previous work. We aim for
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Figure 2. Visualization of motion characteristics under two feature
extraction methods.

the fundamental units to learn and utilize all observed styles
from the training phase as comprehensively as possible, be-
coming an expert capable of representing a broad spectrum
of styles.

3.2. Overview

We focus on synthesizing 3D facial animation that is highly
synchronized with speech and retains the characteristics of
the speaking style. To this end, we propose a novel model,
StyleSpeaker, which comprises four modules: audio en-
coder, style encoder, viseme transformer decoder, and style
infusion module, as shown in Figure 3. We use four con-
straint functions for training. In the following, we will pro-
vide a detailed introduction to our model architecture, train-
ing strategy and objectives, and style adaptation.

Problem Formulation. Let M. = {m,...,my} bea
sequence of facial motions, where each frame m; € RV >3
denotes the displacement of IV vertices over a neutral-face
mesh template . € R™>3 in the xyz three directions at
time ¢. Furthermore, let X be the speech segment. Our
goal is to synthesize the facial motion sequence M ;.7 based
on the speech segment X and speaker information. Af-
terwards, we combine M.z with the template i to ob-
tain the target speech-driven 3D facial animation Oy.p =
{m1+h,...,mp +h}.

3.3. Model Architecture

Audio Encoder. The input audio X’ undergoes feature ex-
traction before being fed into the subsequent network. We
use a self-supervised pre-training model, WavLM [4], as
our audio encoder, which consists of a convolutional fea-
ture encoder and a transformer encoder with gated relative
position bias. We initialize our audio encoder with the pre-
trained WavLM weights and freeze the convolutional fea-
ture encoder during training. To match the frame rate of
the facial motions, we add a linear interpolation layer after
the transformer encoder for resampling the audio features.

We obtain the final audio features A1.7 = {a1,...,ar} €
Rda X T'
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Figure 3. The pipeline of StyleSpeaker. Our framework separately extracts viseme features and style vectors before the final fusion. We
use the audio encoder to extract audio features A .7, which are then fed into the viseme transformer decoder to generate style-independent
viseme features Z1.7 in an autoregressive manner. Concurrently, we extract the speaker style .S, from reference face motions and the audio
condition vector S, from Aj.7. We then use S, to enhance S, producing the predicted speaking style gg. Finally, the style infusion
module integrates S'g into Z1.7 using combined style primitives and synthesizes facial motions.

Style Encoder. To guide the synthesis of 3D facial anima-
tion, it is essential to capture the speaking style of the target
speaker under the target speech, denoted as S, € R%. We
decompose S, into two components: the speaker style vec-
tor S, € R%, which carries the speaker’s typical speaking
habits, and audio condition vector S, € R, which car-
ries the condition information of the target speech. We ex-
tract .S, from the facial motion sequence using an speaker
style extractor, which consists of a temporal convolutional
network (TCN) and feature extraction layers. The detailed
structure is provided in Appendix A. Given that the input fa-
cial motion sequences carry different speech conditions dur-
ing training, we impose a consistency constraint on .S,. for
the same speaker, ensuring that the speaker style extractor
disregards these variations and captures the shared underly-
ing information. We employ an audio condition extractor,
structured similarly to the speaker style extractor, to learn
S, from audio features A;.r. We then enhance S, with

S, to derive the predicted speaking style S’g € R%. The
enhancement is as follows:
S =W, | g | 0 1)

where Spi, € R% represents the style bias. W, € Rdsxgds
and bs € R% are trainable parameters. We obtain S, by:

Sy = S + WSbiass )
where « is used to control the degree of the style bias. We
set @ = 0.1 in our implementation. Additionally, we em-
ploy a speaking style extractor, with the same structure as

the speaker style extractor, to learn the actual speaking style
S, under the target speech as a form of supervision.

Viseme Transformer Decoder. Our viseme transformer
decoder is a multi-layer transformer decoder with biased
causal self-attention to learn the dependencies of the cur-
rent frame on past frames, and cross-modal attention to
align the audio features A ;.7 with the viseme features in
the motion modality. We obtain the viseme features Z,.7 =
{z1,..., 27} € R&*T which are independent of style and
represent the coarse motions. Formally,

Zy7 = Dy(ArT). 3)
Style Infusion Module. The style infusion module inte-
grates the style information S'g into the viseme features
Z,.7 and synthesizes the final facial motion sequence. Most
previous methods directly input the extracted style as a



reference into the subsequent network, whereas our ap-
proach incorporates fine-grained style learning and main-
tains a style primitive table during training, enhancing style
adaptability. Specifically, the module consists of a primitive
attention layer, a style infusion layer, and a mesh decoder.
We use the combination of e pairs of base weights (W;, b;)
to project the style-agnostic Z.7 to the style-infused mo-
tion features Z3., referring to these pairs of base weights
as style primitives. We use these style primitives to decom-
pose speaking styles into more basic representations, and
aim to effectively represent diverse styles using the combi-
nations of the style primitives. Specifically, S’g first under-
goes the primitive attention layer to generate the attention
weights for each primitive. These primitives are dynami-
cally aggregated via the attention vector 7, resulting in the
style infusion layer weights (¥, b) corresponding to S g

W:Ze:qub:imbm “4)
i=1 i=1

where 0 < m; <1, Z _, m; = 1. m; is the attention weight
of i-th style primitive. W € R%m>dm b ¢ R%m The style-
infused motion features Z5., = {z5,...,25} € RdnxT
are then generated by:

Finally, we obtain the predicted face motions M.r =
{m1,...,mr}, which are projected from Z$ - via the mesh
decoder.

3.4. Training

Training Strategy. For a target speaker and speech, we
extract the speaker style S, from the reference facial mo-
tion sequence from other speeches of the same speaker, and
learn the speech condition .S, specific to the target speech.
These two components are then fused as a style reference S g
to synthesize the target motion sequence. We impose con-
sistency constraints on S, extracted from the same speaker
to minimize its distance to the cluster center. Additionally,
we extract the speaking style .S, under the target speech
condition from the ground-truth facial motion sequence to
supervise the predicted speaking style S 4, accelerating con-
vergence. This training strategy effectively decouples the
speaking style into the speaker style and audio-induced
style biases.

Reconstruction Loss. The reconstruction loss L. is:

T
Erec = Z ||mt - thg . (6)
t=1

Style Loss. The style loss is defined as follows:

Lo =18y = Sall5 + |5 — u(S)]5 @)

where S'g is obtained from Equation (2). Let (.S, ) repre-
sent the mean of all .S, extracted from the reference facial
sequences of the same speaker, with the one-hot encoding
of the speaker in the training set as the initial value.

Trend Loss. We impose constraints on the differences at
various orders between facial motion sequences. Previous
works use only the first-order difference as a constraint, but
the facial motions between consecutive frames are minimal
and do not effectively reflect the trend information. We be-
lieve that using differences at various time intervals can bet-
ter constrain the facial motion trends. The trend loss is de-
fined as follows:

—m)ll5, 8

- (mt+r

where R denotes the maximum order, we set K = 5 in our
implementation.

Local Contrastive Loss. Inspired by CLIP [25], we de-
sign a local contrastive loss to align sequences with repet-
itive characteristics. In this work, we use this loss to align
audio features Aq.r with motion features ZJ ., aiming to
improve lip synchronization. The local contrastive loss is
defined as follows:

T
1 a m
Elcon = f ; ()\,CE ) + (1

= 0L + Wl
©)

where A = 0.5. £{7™ and £ represent audio-to-
motion and motion-to-audio local contrastive loss:

£1(5a~>m) _ —IOg eXp (<at7WlZ§> /T> . (10)
Sy exp ((ar, Wiz) /7) - TE (D)

Egm—ﬂl) — —lOg eXp(<VVthS7CLt> /7_) — (11)
S oy exp (Wizg, i) /7) - TF (i)

where (-) denotes the cosine similarity. 7 is the temperature
parameter, which is fixed to 0.1 in our experiments. The
matrix 1W; € R%Xd9m s a set of learnable parameters that
aligns z; from the motion space to the audio space. Since
audio is strongly correlated only with the mouth region, we
apply [ regularization constraint on W; to induce sparsity,
encouraging the aligned features to focus on local regions.
IF (i) is an indicator function that outputs 1 when |i—t| < k,
and 0 otherwise. This setup confines the computation of the
contrastive loss within the range of 2k + 1 frames.

Training Objectives. To train our model, we use L, as
our final loss function, defined as follows:

ﬁlotal = )\recﬁrec + Asﬁs + )\tre»ctre + )\lconﬁlcom (12)

To ensure all loss terms remain at a similar scale, we set the
weights as follows: A = 1.0, Ay = 0.001, A\ye = 1.0, and
Alcon = 0.001.



3.5. Style Adaptation

Our model can rapidly adapt to the new styles of unseen
speakers outside the training set. Given a video without
audio of an unseen speaker, we obtain the 3D facial ge-
ometry sequence as a style reference sequence through a
reconstruction method HRN [17]. We extract S, from the
reference sequence using the trained speaker style extractor
without fine-tuning the original model weights.

4. Experiments

4.1. Datasets

We use two widely adopted 4D datasets, BIWI [10] and VO-
CASET [6], along with the synthetic dataset 3D-MEAD.
All three datasets provide paired spoken English audio and
3D facial geometry sequences.

BIWI Dataset. BIWI is a corpus comprising affective
speech and corresponding dense dynamic 3D face geome-
tries. The dataset contains 40 sentences, each spoken by 14
subjects (8 females and 6 males) with an average duration
of 4.67 seconds. The 3D face geometries are captured at
25 fps, each with 23370 vertices. Following Fan et al. [9],
we select sentences with emotional context and partition the
data as follows: a training set (BIWI-Train), a validation set
(BIWI-Val), and two test sets (BIWI-Test-A and BIWI-Test-
B). BIWI-Train, BIWI-Val, and BIWI-Test-A contain 192,
24, and 24 sentences, respectively, from the same 6 subjects.
BIWI-Test-B contains 32 sentences from 8 unseen subjects.

VOCASET Dataset. VOCASET contains 480 speech
sentences and corresponding 3D facial geometry sequences
from 12 subjects, with an average duration of about 4 sec-
onds. The 3D facial geometries are captured at 60 fps, each
with 5023 vertices. We follow the data split methodology
of VOCA [6] to create a training set (VOCA-Train), a vali-
dation set (VOCA-Val), and a test set (VOCA-Test).

3D-MEAD Dataset. 3D-MEAD is synthesized through
the 3D facial reconstruction method HRN [17] based on
MEAD dataset [35]. The 3D facial geometries are cap-
tured at 30 fps, each with 35709 vertices. More details
are provided in Appendix B. 3D-MEAD comprises 1760
sequences from 44 speakers, which are divided into a train-
ing set (MEAD-Train), a validation set (MEAD-Val) and
two test sets (MEAD-Test-A and MEAD-Test-B). MEAD-
Train, MEAD-Val, and MEAD-Test-A contain 1152, 144,
and 144 sequences, respectively, from the same 36 speak-
ers. MEAD-Test-B contains 136 sequences from 8 unseen
speakers.

4.2. Implementation Details

Our framework is implemented by PyTorch. We train
our model, StyleSpeaker, on a single NVIDIA A40 GPU

for 50 epochs. We employ Adam optimizer for train-
ing, with an initial learning rate set to 0.0001. After 40
epochs, the learning rate is decayed to 25% of the ini-
tial rate. We compare our method with FaceFormer [9],
CodeTalker [40], FaceDiffuser [31], CorrTalk [5], Imita-
tor [33], and Mimic [11]. More details of baselines and
our implementation can be found in Appendix A.

4.3. Quantitative Evaluation

Metric. We quantitatively evaluate the synthesized mo-
tions for accuracy and style consistency. Currently, there
is no widely accepted metric for style consistency evalua-
tion. Previous studies use FDD [40] for this purpose, but
our observations in Figure 2 indicate that motion features
extracted using the discrete Fourier transform provide bet-
ter style distinction between different speakers. Therefore,
we propose a new general metric, Fourier Frequency Error
(FFE), for evaluating style consistency. Specifically, FFE is
calculated by:

; | FMS ) — FOEL)|
FFE(MI:T7M1:T):ZC_1 17 J\lfT><)3 ( 1.T)H27

13)
where M§ .. € R” denotes the sequence of a vertex motion
component in X, y, or z direction. JF represents the discrete
Fourier transform, which extracts the first 20 principal fre-
quency components.

We adopt four metrics: (1) Lip Vertex Error (LVE). It
calculates the maximal [y error in the lip region between
each frame of the synthesized motion sequences and the
ground truth motion sequences, and averages this over all
frames. (2) Face Vertex Error (FVE). It calculates the aver-
age lo error over the entire face between each frame of the
synthesized motion sequences and the ground truth motion
sequences, and averages this over all frames. (3) Face Dy-
namic Time Wrapping (FDTW). It evaluates synchroniza-
tion by computing temporal sequence similarity using Dy-
namic Time Warping. (4) Fourier Frequency Error (FFE).
Comparison. We first evaluate the synthesis capability of
different models on BIWI-Test-A. According to the results
in Table 1, our model StyleSpeaker outperforms other mod-
els in terms of lip accuracy, overall facial motion accuracy
and synchronization, and style consistency. Moreover, to
further compare the comprehensive synthesis capability on

LVE | FVE | FFE |
Method (x10~4mm) (x10-5mm) TPTW  (x10-2)
FaceFormer [9] 53077 8.7978 1.147 1.82
CodeTalker [40] 47914 8.2758 1.156 1.63
FaceDiffuser [31] 42977 7.6533 1.097 1.46
ConTalk [5] 4.0858 7.4356 1.090 137
Ours 3.8036 6.3635 0.995 1.26

Table 1. Quantitative evaluations on BIWI-Test-A.



LVE | FVE | FFE |
Method (x1073mm) (x10~*mm) FDTW | (x1072)
Imitator [33] 1.2934 1.2748 1.204 2.29
Mimic [11] 1.2630 1.2194 1.221 2.29
Ours 0.9423 1.0391 1.167 1.87
Imitator 3.9451 4.5677 2.111 7.98
Imitator* 2.2391 2.2515 1.438 3.41
Mimic 2.4400 2.3133 1.440 342
Ours 2.0236 2.1251 1.422 3.10

BIWI-Test-B VOCA-Test

Ours vs. Competitors
Lip Sync  Realism Lip Sync Realism

Ours vs. FaceFormer [9] 82.22 80.00 82.22 84.44
Ours vs. CodeTalker [40] 76.67 75.56 80.00 72.22
Ours vs. FaceDiffuser [31] 66.67 63.33 68.89 67.78
Ours vs. CorrTalk [5] 65.56 55.56 58.89 63.33
Ours vs. GT 46.67 42.22 43.33 41.11
MEAD-Test-B

Ours vs. Competitors

Lip Sync Realism  Style Consistency

Table 2. Quantitative evaluations on MEAD-Test-A (top 3 rows)
and MEAD-Test-B (bottom 4 rows). * denotes the fine-tuned Imi-
tator.

both seen and unseen speakers, we conduct experiments on
3D-MEAD, which encompasses a wider variety of styles.
For MEAD-Test-B, we use a single motion sequence from
the target speaker as a style reference. According to the re-
sults in Table 2, our model outperforms Imitator and Mimic
across all metrics on both MEAD-Test-A and MEAD-Test-
B, particularly in LVE and FFE. This demonstrates that our
model synthesizes more accurate lip motions and possesses
stronger style adaptation capability.

4.4. Qualitative Evaluation

Visual Comparison. We visually compare our method
with competing methods in Figure 4. Our model syn-
thesizes more accurate lip motions. For example, in the
pronunciation of /s/ sound in “expensive”, the synthesized
lip motion from our model forms a narrow slit, closely
matching the ground truth (GT). The lip closure during
/m/ sound in “me” and the opening during /0a/ sound in
“that” are also more closely aligned with the GT. Addition-
ally, our model captures more precise facial details for both
seen and unseen speakers, such as preserving facial wrin-
kles and muscle contractions during speech, as well as the
asymmetry of the lips when speaking. This highlights our
model’s stronger capabilities in style learning and adapta-
tion. Notably, even without applying specific constraints to
the eye region, some of the synthesized motion sequences
exhibit blinking actions, suggesting that periodic motions
like blinking are effectively captured by our style modeling.
See the supplementary video for more visualization exam-
ples.

User Study. To evaluate the performance of different
methods perceptually, we conduct a user study on BIWI-
Test-B, VOCASET-Test, and MEAD-Test-B, focusing on
lip synchronization, realism, and style consistency. For
BIWI-Test-B and VOCASET-Test, we obtain 30 videos for
each method and create 150 A vs. B pairs (30 videos x
5 competing methods). For MEAD-Test-B, we obtain 32
videos for each method and create 96 A vs. B pairs (with
the GT videos for style evaluation). We invite 30 par-

Ours vs. Imitator* [33] 71.00 83.00 68.00
Ours vs. Mimic [11] 74.00 78.00 71.00
Ours vs. GT 42.00 39.00 46.00

Table 3. User study results on BIWI-Test-B, VOCA-Test, and
MEAD-Test-B.

ticipants with good vision and perception to complete the
study. Each pair is judged by at least 3 different partici-
pants, and 450, 450, 300 entries are collected for BIWI-
Test-B, VOCASET-Test, and MEAD-Test-B. The percent-
age results indicate that our model achieves the best percep-
tual performance in terms of lip synchronization, realism,
and style consistency, as shown in Table 3.

4.5. Ablation Studies

We conduct ablation experiments to assess the effectiveness
of different modules and loss constraints, as shown in Ta-
ble 4.

Constraints. We observe a marked increase in all met-
rics after removing the trend loss, suggesting that motion
trends over different time intervals encapsulate deep motion
information and significantly enhance model performance.
In contrast, applying the velocity loss from previous work
yields only marginal improvements. Similarly, removing
the local contrastive loss results in notable metric increases,
highlighting its role in aligning audio with synthesized mo-
tions. The comparisons with the contrastive loss demon-
strate the necessity of our added local constraints.

Audio Enhancement. Audio enhancement further refines
the extracted style by capturing motion preference details

LVE | FVE | FFE |
Method (x10~'mm) (x10~°mm) TPIV+ (x10-2)
Full 3.8036 6.3635 0.995 1.26
W/0 Lire 3.9428 6.5712 1.008 1.33
with Ly (R = 1) 3.9236 6.5653 1.007 1.33
w/0 Licon 3.9092 6.5564 1.006 1.31
with contrastive loss 3.8801 6.5028 1.005 1.30
w/o S, enhancement 3.8943 6.4541 1.004 1.28
w/o style primitives 4.1017 6.7258 1.026 1.33
Full 2.0236 2.1251 1.422 3.10
w/o style primitives 2.1847 2.1973 1.429 3.30

Table 4. Ablation study results on BIWI-Test-A (top 7 rows) and
MEAD-Test-B (bottom 2 rows).
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Figure 4. Visual comparisons with competing methods on BIWI-Test-A (left) and MEAD-Test-B (right).
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Figure 5. Comparisons of lip distance in synthesized animations
under two audio conditions for the same speaker.

specific to the given speech condition based on the speaker
style, making style information more accurate and enhanc-
ing the motion details in the synthesized facial animation.
We select two speech samples from the same speaker in
MEAD-Test-A, which correspond to large and slight lip ar-
ticulations respectively, to enhance the speaker style. Based
on these two speaking styles, we synthesize facial anima-
tions driven by the same speech and plot the lower-upper
lip distances across frames for both styles in Figure 5, from
which we observe the subtle impact of the audio conditions
on lip motions.

Style Primitives. The style primitives decompose the
speaking styles into more fundamental information, which
significantly enhances the model’s style learning and adap-
tation capabilities. Results in Table 4 demonstrate the cru-
cial role of style primitives for both seen and unseen speak-
ers. We present comparative examples of model outputs
with and without style primitives in Figure 6. Style primi-
tives enhance large-scale style learning, such as the degree

under

make

w/o style primitives Ours

Figure 6. Visualization of the ablation study on the effect of the
style primitives.

of mouth opening, while also refining small-scale details,
such as the direction of mouth corners, resulting in more
expressive and precise facial animation.

5. Conclusion

In this paper, we propose StyleSpeaker, which achieves
fine-grained style learning while accounting for audio-
induced style biases, endowing our model with strong ca-
pabilities in style modeling and adaptation. Additionally,
our proposed trend loss and local contrastive loss exhibit ef-
fectiveness in improving model performance. Extensive ex-
periments demonstrate that our model outperforms existing
state-of-the-art methods in accuracy and style consistency
on both seen and unseen speakers. However, the potential



of our model for style modeling may not have been fully
realized due to the limited variation in speech conditions
within the dataset. In future work, we will focus on enhanc-
ing style modeling under varying conditions and emotions.
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