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Figure 1. Multi-singers Animation. (a): Previous methods construct the 3D facial animation conditioned with an input of single-person

audio. (b): With a hybrid song from multi-singers, we argue that it is essential to construct the emotional interaction between each singer for

accurate 3D head generation. Motivated by this, we propose the PaChorus framework conditioned on a segment of mixed audio consisting

of background music and vocals from multi-singers. With inter-singer interaction modeling, our method can generate emotion-consistent

animation sequences.

Abstract

Singing is a vital form of human emotional expression and
social interaction, distinguished from speech by its richer
emotional nuances and freer expressive style. Thus, investi-
gating 3D facial animation driven by singing holds signifi-
cant research value. Our work focuses on 3D singing facial
animation driven by mixed singing audio, and to the best
of our knowledge, no prior studies have explored this area.
Additionally, the absence of existing 3D singing datasets
poses a considerable challenge. To address this, we col-
lect a novel audiovisual dataset, ChorusHead which fea-
tures synchronized mixed vocal audio and 3D motions for
chorus singing. In addition, We propose a partner-aware

†Corresponding author (xuemx@scut.edu.cn, huaidongz@scut.edu.cn).

3D chorus head generation framework driven by mixed au-
dio inputs. The proposed framework extracts emotional
features from the background music and dependence be-
tween singers and models the head movement in a latent
space from the Variational Autoencoder (VAE), enabling
diverse interactive head animation generation. Extensive
experimental results demonstrate that our approach effec-
tively generates 3D facial animations of interacting singers,
achieving notable improvements in realism and handling
background music interference with strong robustness. The
dataset will be released for research purposes at the project
page: https://xxiexm.github.io/PaChorus/.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Animating facial movements to reflect singing perfor-

mances has significant applications in virtual entertainment,

digital avatars, and immersive user experiences. Com-

pared to conversational facial animation, singing-driven fa-

cial animation requires a higher level of expressiveness

and synchronization with complex audio inputs. Unlike

speech, which often involves limited head and lip move-

ments, singing incorporates broader head gestures, dynamic

changes in mouth shape, and alignment with rhythm and

melody, making it a more challenging task. Capturing these

nuances accurately is essential for producing lifelike and

engaging singing animations.

Despite recent advances in 3D facial animation, the ma-

jority of approaches [1–4], have focused predominantly

on speech-driven animation. Traditional methods typically

rely on speech audio-to-lip mapping or facial keypoint gen-

eration. Many of these methods utilize pre-defined facial

expressions or employ frame-by-frame synthesis that cap-

tures basic lip and jaw movements. However, such ap-

proaches are limited in their scope and cannot be easily

adapted to singing-driven animation due to their lack of em-

phasis on musical expressiveness and synchronization with

rhythm and melody. More recently, the generation of audio-

driven animation has attracted more attention in the commu-

nity [5–8]. However, these methods construct the pipeline

with the condition of a mono-singer’s audio. Despite the

generalization of these methods to multi-singer scenarios

is possible, the modeling of interaction features between

singers is out of consideration, as shown in Fig. 1 (a). These

limitations hinder their effectiveness in achieving the nat-

uralistic head movements, interactive gestures, and tempo

alignment crucial for realistic chorus-head animation.

To address the above challenges, we introduce a novel

task: singing head animation driven by mixed singing

voices. We present the PaChorus, Partner-aware Chorus
3D head generation framework, which is designed to learn

the emotional features from the background music and in-

teraction between singers, enabling the realistic generation

of lip, facial, and head 3D animation. As shown in Fig. 1

(b), when Singer1 or Singer2 is silent, their mouths remain

closed, and only the head moves subtly in sync with the

background music. During segments where both singers are

vocalizing, interactive gestures and synchronized singing

become more evident, enhancing the sense of chorus per-

formance.

Our framework is specifically designed to handle com-

plex singing input from multiple vocal sources, synthesiz-

ing facial animations that capture not only accurate lip-

sync but also expressive head and upper facial movements

synchronized to the musical beat. By leveraging advance-

ments in multi-speaker separation [9–12] and rhythm-aware

gesture synthesis [13–16], our model bridges the gap be-

tween traditional facial animation and the unique demands

of singing, offering a new pathway toward realistic, expres-

sive singing animations.

In summary, our main contributions are as follows:

• First exploration of multi-singer facial animation
driven by mixed vocals: This work pioneers the study

of generating expressive 3D facial animations for multi-

singer choral performances driven by mixed audio, set-

ting a foundation for future research.

• Introduction of the Chorus Dataset: We propose the

first 3D multi-singer, multi-modal singing dataset, Cho-
rusHead, which extends the research potential for down-

stream tasks in this domain.

• Latent space for interactive head pose generation: We

design a VAE-based latent space with stochastic combina-

tions conditioned on head pose generation in the proposed

PaChorus framework, to improve interaction and realism

in multi-singer animation.

We also conduct various comparisons on the ChorusHead

dataset with the existing methods. Extensive experiments

show that the proposed method can generate more realistic

head animation in the condition of mixture audio.

2. Related Work
Extensive research has delved into the domain of speech-

driven 3D facial animation generation, yet the landscape of

song-driven animation remains largely unexplored. This is

primarily due to the scarcity of singing-specific datasets and

the distinctive acoustic and aesthetic complexities inherent

to singing. In light of this, we present a comprehensive re-

view of the latest advancements in speech-driven 3D facial

animation, alongside an examination of emerging efforts

that focus on song-driven animation for a solo singer.

2.1. Speech-Driven Facial Animation Synthesis

The generation of audio-driven facial animations has be-

come a significant focus within the field of multi-modal

visual synthesis, with broad applications in modern mul-

timedia, including virtual avatars, gaming, and film pro-

duction. Research in this domain can be classified into

two primary categories: 2D-based and 3D-based meth-

ods. 2D approaches often rely on techniques like optical

flow [17], keypoint detection [18], or disentangled repre-

sentations [19] to create lifelike facial animations synchro-

nized with audio. While these methods have seen success in

applications such as film dubbing and 2D gaming, they face

notable limitations in extending to 3D applications, such as

VR/AR, film production, and 3D gaming, where the com-

plexity of spatial dynamics demands more robust solutions.

To address the need for 3D facial animation, several rule-

based methods have been proposed [20–22], aiming to map

input audio to 3D facial rigs. However, these rule-based sys-

tems typically require labor-intensive manual annotations
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and fine-tuning of parameters to achieve realistic results.

To mitigate this, data-driven approaches have emerged [23–

26], which leverage large datasets to automate the learn-

ing of audio-to-facial mappings. Some methods [25] utilize

monocular 3D face reconstruction from video data, demon-

strating strong generalization across different subjects, but

the limitations of monocular reconstruction techniques can

restrict the quality of the final animation.

VOCA [27] employed CNN to map audio to facial

expressions. FaceFormer [1], the first approach to in-

troduce Transformer architectures in this domain, models

both the alignment and contextual relationships between

audio and 3D vertices, achieving notable performance.

Subsequent Transformer-based methods [2–4] have further

demonstrated reliable facial animation for speech-driven

scenarios. Recently, diffusion-based methods [28–30] have

gained attention, with works such as DiffPosetalk [30] and

FaceDiffuser [28] improving the diversity of output while

maintaining the quality of the generation. To improve

emotional expressiveness, Emotalk [31] and EMOTE [32]

propose a decoupling framework that separates emotional

content from linguistic information through emotional ex-

change and cross-reconstruction mechanisms. This strategy

effectively enhances the emotional representation capacity

of facial animation systems. In parallel, ExpClip [33] in-

troduces a prompt-based approach to annotate facial action

units (AUs), enabling finer-grained control over facial ex-

pressions.

Despite these advancements, existing methods primar-

ily focus on individual speakers and speech-driven con-

texts, often overlooking the complexities of interpersonal

dynamics, which is essential for creating highly expres-

sive and interactive animations. Moreover, while speech

typically involves constrained expressions, singing, partic-

ularly in multi-singer choir performances, demands more

exaggerated emotions and a wider range of head and fa-

cial movements to convey expressive intent. Therefore, ad-

dressing these challenges necessitates the development of

a dedicated dataset focused on multi-singer choir interac-

tions, which is crucial for advancing research in this do-

main.

2.2. Song-Driven Solo Facial Animation

In recent years, researchers have made initial attempts in

the field of singing-driven facial animation generation, both

in 2D and 3D contexts [5], [6], [7]. VOCAL [5] developed

the Ma-Ps singing model based on rich domain priors, fo-

cusing primarily on lower facial predictions, while neglect-

ing the upper face and head pose, which are crucial for ex-

pressive singing. Song2Face [6] proposed a network driven

by singing voice and singer labels to generate facial anima-

tions, yet this approach is limited to handling vocals without

background music interference. However, in typical musi-

cal audio signals, vocals are often intertwined with back-

ground music. To address this challenge, MusicFace [7]

developed a decoupling and fusion strategy that separates

audio signals into vocals and background music, leveraging

an attention mechanism to model their interaction. Singing-

Head [8] introduced a 27-hour 3D singing dataset, but the

captured performances are limited to individual singers.

It is noteworthy that the nature of chorus singing, charac-

terized by heightened expressiveness and complex interac-

tions among multiple singers, poses unique challenges not

addressed by current methodologies. To fill this gap, we

develop a multimodal dataset featuring diverse and expres-

sive 3D singing animations derived from aligned audio-text-

flame triplets, aimed at creating vibrant singing representa-

tions that align with both content and emotional expression.

This new dataset will support multilingual capabilities and a

broad thematic range, thus addressing the limitations of cur-

rent single-singer approaches and paving the way for more

sophisticated multi-singer animation generation.

3. ChorusHead Dataset
Considering the absence of the chorus 3D singing facial

animation dataset, we present ChorusHead, a large-scale

dataset with chorus audio and motion. The dataset compar-

ison is shown in Tab. 1. Specifically, we collected a large

dataset of publicly available chorus singing videos from the

internet, with a resolution of 1024×1024 at 30 FPS. To pro-

vide a dataset with reliable labeling for chorus model train-

ing and testing, we process the collected data in three steps:

audio track separation, video clipping and filtering, and 3D

head animation generation.

Audio track separation. To collect the vocal track for each

singer, we pass the mixed vocal audio through a song sep-

aration model to obtain distinct audio tracks. We tested

various state-of-the-art pre-trained models [9–11, 34] in

the field of audio processing on our dataset and observed

minimal performance differences between audio-visual and

audio-only methods. To achieve a balance between model

efficiency and separation quality, we opted for an audio-

only approach, incorporating MossFormer2 [35] as the tool

for voice separation. Notably, nearly all existing models ex-

perience significant performance degradation in noisy envi-

ronments, highlighting a key unresolved issue in voice sep-

aration research. To address this, we utilized spleeter [36]

to separate voice and background music, effectively simpli-

fying the task and producing cleaner vocal output.

Video clipping and filtering. For the initial filtering of raw

videos, we prioritized selecting chorus videos where singers

face forward with a fixed camera, which makes it easier to

generate reliable 3D head animation. Also, since the cur-

rent version of MossFormer2 [35] only performs well on

duet song separation, we only reserve the video with two

singers for further labeling. A streamlined and effective au-
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tomated workflow was designed as follows: First, we ap-

plied Spleeter [36] and Voice activity detection(VAD) [37]

to detect the start and end timestamps of the vocal segments,

trimming any unnecessary silent sections from the videos.

Next, we split the video frames into two halves, labeled as

Singer1 and Singer2, respectively. Using MTCNN [38], we

then cropped the faces from both halves and saved them,

aligning the image indices with the video frame numbers.

Since some frames may have missing faces in either half,

we performed a second filtering step by identifying contigu-

ous sequences longer than 150 frames (5 seconds at 30 FPS)

in both Singer1 and Singer2. We also annotated the range

where faces are simultaneously present in both parts.

3D head animation generation. To ensure the quality of

facial expressions and mouth movements, we used EMOCA

v2 [39] to extract pseudo-GT, consisting of 53 expression

(face + jaw) coefficients and 3 pose coefficients. To address

jitter issues caused by certain factors, we applied Gaussian

smoothing. In the final filtering step, we visualized the

pseudo-GT alongside the corresponding RGB video, manu-

ally removing segments with minimal mouth movement or

evident errors.

Table 1. Comparison of talking/singing face animation datasets.

Datasets Task Dura. BGM 2D 3D Multi-person Inter-head

MEAD [40] Talking 40.0h - � - - -

HDTF [41] Talking 15.8h - � - - -

VOCASET [27] Talking 0.5h - - � - -

3D-ETF [31] Talking 6.5h - - � - -

RAVDESS [42] Singing 2.6h - � - - -

Song2Face [6] Singing 2.0h � � - - -

Musicface [7] Singing 40.0h � � - - -

SingingHead [8] Singing 27.0h � � � - -

ChorusHead (Ours) Singing 8.0h � - � � �

4. Methodology
Due to the limitation of the song separation model Moss-

Former2 [35], we only utilize the videos with two singers

for model training. For clarity in this section, we formulate

the problem definition and present our method in the scope

of two singers. Kindly note that the proposed trained model

is flexible for three or more singers’ chorus animation gen-

eration. Please refer to Sec. 5.5 for more details.

4.1. Problem Definition

In the case of two singers, given a choral audio M ac-

companied by background music, our goal is to gener-

ate expressive animations F = (FS1, FS2) for multiple

singers while also modeling the inter-singers interaction.

Each M consists of two vocal sequences AS1
1:t,AS2

1:t and

background melody sequence AB
1:t, where t ∈ [1, T ] indi-

cates the number of the frames. For each singer, we use

FS = (fS
1 , · · · , fS

t ) to represent 3D motion sequence.

Specifically, we represent any motions using a 3D Mor-

phable Face Model (FLAME) [43], which is decomposed

into facial expression coefficients α ∈ R
53 and pose coeffi-

cients β ∈ R
3. Thus, each 3D head animation fS ∈ R

53+3

is formulated as:

fS = {α, β}. (1)

For the previous mono audio-driven methods, the system

output f̂S
1:t can be formulated as:

f̂S = Pθ(AS), (2)

where Pθ(·) indicates the generation model with learnable

parameters θ. In this paper, considering a hybrid song as in-

put, we propose a Partner-aware Chorus generation frame-

work that addresses the challenge of generating interaction-

driven singing animations for choral performances. Our

model can be described as:

f̂S1 = Pθ(AH = AS1,AP = AS2,AB),

f̂S2 = Pθ(AH = AS2,AP = AS1,AB),
(3)

where AH indicates the host vocal, AP indicates the partner

vocal. If three or more singers are involved in the song, we

mixture all the partner vocals except the host vocal into one

track, that is AP = AS −AH .

4.2. Partner-aware Chorus Generation Framework

In this section, we propose a Partner-aware Chorus Genera-

tion Framework, PaChorus. As shown in Fig. 2, the frame-

work is designed with two branches and end-to-end train-

ing. The first branch Partner-aware Motion Prior Learning

(upper left of Fig. 2), takes the partners’ vocal and back-

ground music as inputs and predicts the pose coefficients β
only. At the same time, the second branch Multi-Singers

Animator (bottom left of Fig. 2)), extracts features from

the host vocal and aims to predict all the FLAME coeffi-

cients fS . Specifically, the two-branch framework is a re-

formulation of Eq. (3):

Δβ̂S = Pθ1(AP ,AB),

f̂S = Pθ2(AH),
(4)

where θ1 and θ2 are the learnable parameters in the first and

second branches, respectively. The full framework design is

based on the insight that while the host vocal should control

all the animation coefficients, the partner vocals as well as

the background music should only provide emotion priors

and affect the host’s head movement. In the following, we

introduce the Host Animator and the Partner-aware Motion

Prior in details.

4.3. Host Animator

To generate lip and facial animation furfuilling the condi-

tion of host’s vocal, Host Animator utilizes the host audio

cues to generate synchronized facial movements for solo

singing performances. Following established practices in
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Figure 2. Overview of PaChorus framework. PaChorus includes two branches: Partner-aware Motion Prior Learning and Host Animator.

The prior learning branch is designed for pose animation generation based on the modeling of inter-singers interaction and music, and the

host animator branch is introduced to generate faithful lip and facial animation conditioned on the host’s vocal.

previous research, we use Wav2Vec [44] as the audio en-

coder. The separated audio is first processed through a pre-

trained Wav2Vec2.0 model to extract content-related fea-

tures, which are then mapped to lip movements. This allows

us to capture detailed voice characteristics and their tempo-

ral dynamics. The extracted audio features are further en-

coded via a learned transformation network, mapping them

into the desired latent space suitable for facial animation.

To model the lip movements, we employ a lip mask ex-

tracted from the FLAME model, which focuses on the re-

gions of the face responsible for lip movements. The lip mo-

tion features are passed through a linear layer, and tempo-

ral alignment is ensured through linear interpolation. This

allows the model to map varying input frame rates into a

consistent output frame rate suitable for generating smooth

lip movements that match the corresponding audio.

The overall structure of the decoder is based on a self-

attention layer and transformer, using the previously en-

coded audio features to predict a sequence of coefficients

that represent both head and facial movements. These co-

efficients are subsequently converted into vertices using the

FLAME model to represent the 3D facial structure. By ap-

plying a residual transformation, we ensure that the output

vertices can incorporate personalized variations while main-

taining smooth and coherent facial animations.

4.4. Learning Partner-aware Motion Prior

Based on our observations of choral performances within

ChorusHead dataset, we found that when one singer is ac-

tively singing, the other tends to respond with subtle facial

movements, such as turning toward their partner and shar-

ing a similar emotional expression. This suggests that hu-

man interactions in a group are not solely dictated by the

individual performances, but also by how performers react

to each other, creating a sense of synchrony and interaction.

Such reactions are often influenced by both the partner’s

singing and the background music.

To capture these behaviors, we propose a partner-aware

motion prior learning that models head pose generation

based on these interpersonal dynamics. Due to the head

movement diversity, we model the motion prior in prob-

ability. Specifically, we adopt a VAE-based [45] frame-

work to learn a partner-aware interactive latent space. A

conditional variational autoencoder (CVAE) model [46] is

adopted to construct our partner-aware interaction module,

which is built on transformer [47] layers and conditioned on

background music and partner’s audio embeddings. Dur-

ing training, the encoder of the CVAE maps the head poses

into a latent Gaussian space, producing a distribution q(z|x)
with a mean μ and variance σ2. The latent variable z is sam-

pled from this distribution, defined as:

z ∼ N (μ, σ2). (5)

In the decoder, the network learns to generate head poses

from the sampled latent distribution. Crucially, instead of

generating absolute poses directly, our model predicts the

residual pose relative to the initial pose FS
0 from the first

frame. This residual-based prediction ensures that head mo-

tion remains smooth, continuous, and stable over longer se-

quences during inference:

β̂1:t = FS
0 +Δβ1:t. (6)

Furthermore, we incorporate the features from singing part-

ner’s audio AP and background music AB into the CVAE

conditioning, enabling the module to adapt to both rhythmic

patterns and the partner’s individual voice.
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4.5. Optimization

The optimization process involves the mean square error

loss Lmse to ensure animation generation accuracy and KL-

divergence loss Lkl to align the latent distribution in VAE:

Lmse = 1
t

∑t
i=1 ‖f̂i − fgt

i ‖2,
Lkl =

∑
(σ2 + μ2 − log(σ2)− 1).

(7)

Also, we adopt the velocity loss Lv same to the previous

methods [4, 27], to improve temporal consistency. The

overall loss function can be formulated as:

Lall = w1Lmse + w2Lkl + w3Lv, (8)

where w1 = w3 = 1, w2 = 0.005 is set empirically. During

the training, the parameters in MossFormer2 and TCN of

wav2vec is frozen, and all the other model’s parameters are

trained together in an end-to-end manner.

5. Experiment
5.1. Implementation details

We implemented the framework PaChorus in PyTorch [48],

and all the training process are executed on a NVIDIA

RTX3090 GPU. We trained our model for 100 epochs using

Adam [49] optimizer, with learning rate setting to 0.0001.

We conducted experiments on the ChorusHead dataset,

which was divided into training, validation, and testing sets

with splits of 60%, 10%, and 30%, respectively. Each sam-

ple was segmented into audio clips and corresponding ac-

tion sequences for singer1 and singer2 using a 5-second

sliding window with a 0.5-second stride. To accelerate data

loading, we stored the processed data in LMDB format. For

each method compared in the experiments, we follow the

official setting to train and test their model with the least

of modification to adapt to our dataset by generating each

singer’s motion based on separate vocal audio condition.

5.2. Experimental Setup and Evaluation Metrics

To assess the effectiveness of our multi-person singing ani-

mation generation, we evaluate both lip synchronization and

overall facial realism as mainstream audio-driven facial an-

imation methods [1–4, 29].

Lip synchronization. We assess the alignment of generated

facial movements by comparing vertex positions between

generated animations and ground truth. We use multiple

metrics to evaluate our experiments:

• Lip Vertex Error (LVE) calculates the average maximum

L2 distance across all lip vertices per frame.

• Face Vertex Error (FVE) calculates the average maximum

L2 distance among face region vertices.

• Face Dynamic Deviation (FDD) calculate the upper facial

dynamic deviation of upper face region.

Table 2. Evaluation results of different methods on the Cho-

rusHead, showing performance on LVE, FVE, and FDD. Lower

values indicate better performance.

Method LVE ↓ FVE ↓ FDD ↓

Pretrained

FaceFormer [1] 2.0489 1.4862 1.4865

CodeTalker [2] 2.2691 1.9294 2.7021

Imitator [4] 2.2754 1.7211 1.8558

SelfTalk [3] 1.7956 1.6522 2.7456

Finetuned

FaceFormer [1] 1.5883 1.4657 2.3542

CodeTalker [2] 1.7676 1.8626 2.4829

Imitator [4] 1.8125 1.4219 2.3267

SelfTalk [3] 1.6687 1.5624 1.9458

Diffspeaker [29] 1.5833 1.5672 2.2121

PaChorus (Ours) 1.1922 1.3083 1.2314

Head movement. Most previous work has overlooked the

statistical evaluation of head movement metrics, which are

particularly crucial for generating realistic and expressive

singing face animations. The metric we applied:

• Pose Parameters Error (PPE) compute the L2 distance be-

tween the predicted and ground truth global head rotation

parameters.

5.3. Comparison to Existing Methods

Currently, there are no existing methods tailored for song-

driven animations involving multiple singers. To ensure ex-

perimental fairness, we extend the single-person animation

approach to multi-person datasets. All methods are fine-

tuned on our ChorusHead dataset, enabling a fair compar-

ison with the results. We then benchmark our proposed

model against several 3D animation generation methods,

evaluating its performance across multiple metrics to show-

case its strengths and highlight differences from other ap-

proaches. Notably, most existing methods are designed

specifically for mesh sequences and predict vertex offsets

directly, which limits their accuracy in modeling head ro-

tations. To ensure fairness in comparison, we evaluated all

lip-related metrics with a fixed head posture.

As the quantitative results are shown in Tab. 2, PaCho-
rus outperforms the mono audio-driven methods. The pre-

trained models on talking datasets exhibit the lowest per-

formance across multiple metrics, including LVE, FVE,

and FDD. This suggests a domain gap between talking and

singing, indicating that methods tailored for speech cannot

be directly applied to singing contexts. Additionally, the re-

sults also show that our PaChorus achieves state-of-the-art

performance across multiple metrics.

5.4. Ablation study

To evaluate the effectiveness of our proposed model compo-

nents for multi-person song-driven head animation based on

hybrid singing voice, we conducted an ablation study. Each
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Table 3. Comparison of model variations across different metrics.

Methods LVE ↓ FVE ↓ FDD ↓ PPE ↓
w/o BGM 1.2519 1.3395 1.3985 0.1295

w/o Lkl 1.2589 1.3241 1.3214 0.1461

w/o prior 1.2409 1.3419 1.3421 0.1246

PaChorus (Ours) 1.1922 1.3083 1.2314 0.0948

ablated variant of our model omits a specific component,

and we analyze how this affects each metric to understand

the contribution of each part to overall model performance.

Effectiveness of BGM. As the result in Tab. 3, Background

music serves as a rhythmic guide for the generated ani-

mations. Compare “w/o BGM” with “Ours”, the LVE of

“w/o BGM” is slightly increased to original. Notably, back-

ground music contains rhythm and other related informa-

tion, which influences the speed and timing of head move-

ments. Additionally, the increase in PPE implies that the

head pose consistency is also impacted due to the absence of

rhythmic cues, leading to less expressive head movements.

Effectiveness of Lkl. The KL divergence loss (Lkl) within

the CVAE framework plays a crucial role in regularizing

the latent space, ensuring that the distribution of latent

variables aligns with a prior distribution. As indicated in

Tab. 3, when the Lkl is omitted, there is a noticeable in-

crease in the performance metrics, particularly in PPE. This

suggests that without the regularization effect of KL diver-

gence, the model’s ability to maintain proper alignment is

compromised. Specifically, the accuracy of head pose gen-

eration significantly decreases, leading to negative guidance

on head movements.

Effectiveness of prior. The prior component within the

CVAE framework captures cues from the background mu-

sic’s rhythm and the partner’s speech features, enabling

more expressive and synchronized animations. Omitting the

prior results in increased LVE and FVE as shown in Tab. 3 ,

indicating a loss in both lip and facial synchronization. Ad-

ditionally, PPE increases, suggesting that the absence of the

prior diminishes head pose accuracy.

5.5. Multi-singers Animation Generation

As shown in Fig. 3, we demonstrate our model’s ability

to generate multi-singer animations with synchronized lip

movements for each individual. Due to current limitations

in multi-speaker audio separation models, which are not yet

fully reliable for extracting voices from group singing, we

simulate separated vocal tracks by using re-recorded covers

of the same song by different singers. These pre-separated

tracks serve as input for our inference pipeline, allowing

each track to drive synchronized lip movements through the

Host Animator module. The distinct vocal characteristics of

each singer naturally lead to subtle variations in lip shapes

for each syllable, enhancing the animation’s vibrancy and

singer1

“you”
/ ju /

“straight”

“because”
/ k /

“far”
/ f /

/ e /

singer2 singer3 singer4

Figure 3. Multi-singer choral performance of song because of you.

Table 4. User study results from Amazon Mechanical Turk.

Method PaChorus Win Rate (%)

FaceFormer 80.0

CodeTalker 86.7

Imitator 93.3

SelfTalk 83.3

Diffspeaker 78.6

realism. By incorporating background music and partners’

vocal features within the Motion Prior module, we achieve

partner-aware interactive head poses, capturing responsive,

musically aligned head dynamics between singers.

5.6. Qualitative Evaluation

To further assess the perceptual quality of our method, we

conducted a user study via Amazon Mechanical Turk. 30

participants assessed animations rendered in grayscale to

minimize visual distractions and direct attention to motion

dynamics and audio-visual synchronization. From our test

dataset, we randomly selected 50 samples and generated

animations using our method and other finetuned baseline

approaches. Evaluators were instructed to select the bet-

ter animations based on two criteria: 1) lip synchroniza-

tion accuracy and 2) head motion naturalness during inter-

action. As demonstrated in Tab. 4 and Fig. 4, our method

demonstrates statistically significant superiority over com-

peting approaches.
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Figure 4. Visualization comparison between existing audio-driven 3D animation methods.

6. Conclusion

In this work, we introduced a novel framework, PaCho-

rus, designed for multi-singer facial animation driven by

a choral song, focusing on generating expressive and syn-

chronized singing animations. Unlike traditional single-

speaker animation models, our framework addresses the

unique challenges of multi-person interactions and gen-

erate more vivid animation. By integrating components

that model both mutual interactions between singers and

rhythmic synchronization with background music, PaCho-

rus produces realistic animations where singers’ expres-

sions, head movements, and lip synchronization align seam-

lessly with the audio input. Our quantitative and qualitative

evaluations demonstrate the effectiveness of the proposed

framework, showing improved performance across various

metrics. Extend application also shows our ability to gener-

ate multi-singers animation.

Limitation. The absence of an effective audio decomposi-

tion model for 3 or more singers limit the data collection

process on a larger scope. We will keep seeking a more

powerful tool, or try to construct a new pipeline that do not

rely on audio-decomposition in the future.

Broader Impact. We set a new benchmark for multi-singer

facial animation, paving the way for more immersive and

interactive virtual performances. We will release the dataset

once published, and it may inspire further exploration of

mixed audio-driven methods in the community.
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