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Abstract

Recently, 3D Gaussian Splatting (3DGS) has shown
impressive performance in synthesizing realistic speech-
driven portrait videos. However, previous 3DGS-based
methods perform poorly in lip synchronization due to
the limitation of small training data. Additionally, the
synthesized portraits suffer from jittery poses due to in-
accurate head pose parameter estimation. In this work,
we propose VividTalker, a highly synchronized talking
face generation method based on 3DGS, which produces
stable pose movements and lip shapes corresponding to
various audios. Specifically, our method consists of a
Audio2Lip module and a Video2Pose module. In the Au-
dio2Lip, we pretrain an Audio2Mesh module on a newly
constructed large-scale 3D audiovisual dataset, and then
perform fine-tuning on the target subject to adapt its
speaking style. For the Video2Pose, we used a head fea-
ture point matcher and a body pose stabilizer to opti-
mize head pose parameters, which were then fed into
the head pose stabilizer to achieve natural head move-
ments. We also introduced head-aware features to mit-
igate the head-torso separation issue. Extensive experi-
ments demonstrate that our method can render lifelike
talking videos with better visual quality compared to
previous approaches.

Keywords: talking head synthesis, lip-synchronization,
stable pose, 3D Gaussian Splatting

1. Introduction

Synthesized audio-driven talking head videos hold sig-
nificant potential in various domains, including virtual re-
ality [27], film production [15], and human-computer inter-
action [34]. Recent advancements in view synthesis tech-
niques such as Neural Radiance Fields (NeRF) [22] and 3D
Gaussian Splatting (3DGS) [14] have greatly propelled this
field. These methods produce talking head videos with pho-
torealistic visual quality, representing a substantial leap in
fidelity over previous approaches.

However, compared to some traditional methods based
on Generative Adversarial Networks (GAN) [35, 43, 45],
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Fig. 1. Performance comparison between existing 3D-based
talking face synthesis models [4, 9, 17, 18, 19, 33] and our
approach in terms of fidelity, audio synchronization, and in-
ference efficiency. Our method, VividTalker, delivers supe-
rior performance while maintaining inference speed com-
parable to TalkingGaussian. Bubble size indicates the per-
frame inference time of each method.

although NeRF-based and 3DGS-based methods [9, 17, 31,
33] can maintain identity information of different portrait
lip shapes, such as lip size and thickness, they fail to accu-
rately simulate lip movements under different audio condi-
tions. Additionally, there is an urgent issue of noticeable
jittering in the synthesized portraits during speech, which is
unacceptable for generating a realistic talking head.

To address aforementioned challenges, we propose
VividTalker, a head talking synthesis framework utilizing
3D Gaussian Splatting technology to generate synchronized
realistic talking portrait videos. Our approach is composed
of two primary modules: the Audio2Lip, which enhances
lip movement synchronization across various audio condi-
tions, and the Video2Pose, which produces motion perfor-
mances consistent with human perceptual expectations.

In the Audio2Lip, we introduce prior knowledge of lip
movements through an Audio2Mesh module, which aids in
alleviating the constraints of small sample learning. Specif-
ically, we constructed a novel 3D audiovisual dataset com-
prising various speech audios and their corresponding lip



mesh sequences. Subsequently, we pretrained an Au-
dio2Mesh module to predict the lip mesh for the given audio
inputs and employed these meshes to drive the deformation
of 3D Gaussian primitives at the lip positions. Due to the
Audio2Mesh module’s lack of consideration for the speak-
ing styles of different portraits, a domain gap arises between
the generated lip mesh and the target portrait’s lip mesh. To
address this issue, we propose a full fine-tuning process to
align the predicted lip mesh with the target subject’s distri-
bution.

For Video2Pose module, departing from previous meth-
ods [17, 19] that depend on a limited number of facial key-
points to estimate head pose, we introduce a head feature
point detector and matcher inspired by Simultaneous Local-
ization And Mapping (SLAM) to gather more comprehen-
sive supervisory information. By employing bundle adjust-
ment to calculate projection loss, we achieve more precise
estimations of head rotation angles and translation parame-
ters. Additionally, we incorporate a head pose stabilizer to
mitigate posture jitter that can arise from varying optimiza-
tion levels across video frames. To generate a motion-stable
torso, we implicitly learn the pose variation rule of the torso
by conditioning on the head pose parameters obtained by
the above method. Moreover, we integrate head perception
features as additional input conditions to the model, miti-
gating the issue of head-torso separation.

The primary contributions of this paper are summarized
as follows:

* We propose an Audio2Lip module that integrates prior
information on lip movements from a 3D audiovisual
dataset into the training of dynamic Gaussian radiance
fields, resulting in more precise lip synchronization.

* We design a Video2Pose module that fully utilizes in-
formation between video frames to generate smooth
and continuous pose movements. Furthermore, we
mitigate the problem of head-torso separation.

¢ We construct a novel 3D audiovisual dataset, which in-
cludes audio from various speaking subjects and their
corresponding lip mesh sequences. This dataset is
available for research purposes.

» Comprehensive experiments indicate that the proposed
VividTalker produces more realistic and synchronized
talking portrait videos in terms of lip synchronization
and visual quality.

2. Related Work
2.1. 2D-Based Talking Head Synthesis

Certain methods [28, 35, 43] ensure that audio matches
lip movements by modifying facial regions, particularly

the lips. For instance, Wav2Lip [28] introduces a lip syn-
chronization expert to supervise the accuracy of lip move-
ments. However, these methods typically use a few refer-
ence frames to reconstruct the lips, which hampers their
ability to maintain the subject’s identity. Moreover, some
other approaches [12, 38, 41] aim to generate talking an-
imations from a single image. For example, EAMM [12]
and Real3D-Portrait [38] create facial animations of talking
heads from just one image. Nevertheless, these methods
often struggle to produce natural lip and body movements
and fail to preserve the subject’s identity, leading to unre-
alistic visual representations. In contrast, our VividTalker
leverages 3D Gaussian Splatting (3DGS) [14] to synthesize
talking portrait videos. By deforming 3DGS in canonical
space, we can represent dynamic 3D scenes while preserv-
ing the consistency of the subject’s identity and retaining
scene details.

2.2. 3D-Based Talking Head Synthesis

Early 3D-based approaches often utilized 3D Morphable
Models (3DMM) [13, 32] as intermediate representations
to inject 3D prior knowledge. However, the coarse mod-
eling of human heads by 3DMM led to additional errors.
With the advent of Neural Radiance Fields (NeRF) [22],
this technique has been employed to tackle the task of head
talking synthesis. AD-NeRF [9] represents the first end-to-
end method based on NeRF. Building on AD-NeRF, RAD-
NeRF [33] integrates Instant-NGP [25], thereby acceler-
ating both training and inference speeds. ER-NeRF [19]
achieves a compact and efficient rendering approach by in-
troducing a tri-plane hash encoder and a regional attention
mechanism. GeneFace [37] and SyncTalk [26] improve the
realism of head talking synthesis videos through the use
of pre-trained audiovisual encoders. Although the above
methods based on NeRF have achieved acceptable perfor-
mance, their inference speed remains a limitation. Some
3DGS-based methods [4, 17, 18] addresses facial distortion
issues in NeRF-based methods and achieves efficient video
synthesis, yet it still encounters challenges with lip-audio
synchronization and posture jitter. In contrast, our proposed
VividTalker excels with its advantages in audio-lip synchro-
nization, natural body posture, and real-time inference, en-
hancing both the realism and efficiency of video synthesis.

3. Method

In this section, we present the proposed method,
VividTalker. Our approach consists of two primary com-
ponents: the Audio2Lip and the Video2Pose, as depicted in
Fig. 2. The detailed descriptions of these components are
provided in the subsequent subsections.



Fig. 2. Framework of the proposed VividTalker. Given a cropped reference video of a talking head and the corresponding
speech, VividTalker extracts lip features and head poses using the Audio2Lip and Video2Pose. Subsequently, using tri-plane
hash representation and 3DGS rasterizer, the portrait is modeled to output a speech-driven video. In the Audio2Lip, the black
dashed arrow indicates that this process is only executed during the training of the Audio2Mesh Module.

3.1. Audio2Lip

3D Audiovisual Dataset. In this work, we have con-

structed a dataset named 3D-HDTF, derived from a large

high-resolution audiovisual dataset, HDTF [44], to pretrain

the Audio2Mesh module discussed subsequently. Specif-

ically, we utilized the existing 3D face reconstruction

method, SPECTRE [7], to predict the shape, expression,

and pose parameters of FLAME [20]. FLAME is a para-  Fig. 3. The detailed structure of Audio2Mesh Module.
metric head model that uses linear transformations to de-

scribe identity and expression-depe_nd_ent shape variationsgjge lip-syncing very challenging. Moreover, these meth-
as well as standard linear blend skinning (LBS) to model 445 ysually utilize audio encoders speci cally designed for
neck, jaw, and eyeball rotat|on§. We obtained a mesh COM-gpeech recognition tasks, such as DeepSpeech [1] and Hu-
posed of thousands of 3D vertices through FLAME's for- geRT [11], to extract audio features. However, these audio
ward pass, serving as 3D supervisory information. Focusingencoders focus on learning the feature distribution from au-
solely on the lip motion changes, we set the pose parame-ig tg text rather than from audio to lip movements, which
ters for neck and eyeball rotations to zero across all videoyggy|ts in their inability to accurately describe the actual lip
frames and discarded the 3D vertex data of non-lip regions. yqtion. Finally, the intricate relationship between speech

Additionally, we Itered out unusable samples (e.g., failed 4 lip makes it arduous to learn the mapping from speech
face detections, misaligned audiovisual data) to improve the;q lip directly.

dataset's quality. Finally, we collected paired audio mesh
sequences to create our dataset, dividing each audio mesh To tackle these issues mentioned above, we pre-trained
sequence into training and test sets at a ratio, with all Se-an Audio2Mesh module on the previous|y constructed 3D
quences processed at 25 fps. audiovisual dataset. This module learns the mapping be-
tween the feature distribution of audio and the correspond-
Audio2Mesh Module. Due to task limitations, existing ing feature distribution of lip shapes, signi cantly aiding
NeRF-based and 3DGS-based methods are mostly conin guiding lip synthesis. The detailed structure of the Au-
strained to learning the correspondence between audio andio2Mesh module is depicted in Fig. 3. As shown in the
lip movements from 5-minute speech videos, making pre- gure, our Audio2Mesh module comprises a feature trans-



form network and a FLAME facial model renderer. For Here, D= denotes the Euclidean distance between mesh se-
the feature transform network, we utilize a stacked one- quences, and m is a manually set threshold parameter to
dimensional convolutional neural network to reduce the di- measure the distance between unsynchronized mesh ver-
mensionality of HUBERT features H extracted from differ- tices. We use V to represent the ground truth of the pre-
ent audio inputs to low-dimensional features Conv1lD(H). dicted 9. In our task, Y indicates whether the audio is
These features are then decoded using multiple fully con-synchronized with the 3D facial model (with Y = 1 for
nected layers to obtain a feature vector F 2*RConsider-  synchronization and Y = 0 otherwise).

ing that the shape of the lips during movement contains the  Finally, our synchronization loss function can be de ned
speaker's identity features, we introduce the FLAME facial as follows:

model renderer to embed the identity information as a prior

into the entire training process. Speci cally, the feature Lsync =! 1lrec +! 2L cons (7)
vector F is subsequently split into two components, corre- _ . . o
sponding to the expression featurg?2 R*° and the jaw The Audio2Mesh module is trained by minimizing the

pose feature R, 2 R3 within the FLAME model. By in- above loss. Ultimately, we attened the 3D meBhinto a
corporating these features along with the lip identity feature One-dimensional feature vector to be used as the lip feature
Pientty €xtracted by the 3D face reconstruction method extracted from the audio.

into the FLAME face model renderer, we can reconstruct a

facial mesh sequence consisting of thousands of 3D verticeperson-Speci ¢ Fine-Tuning.  In practice, even if two in-
that is related to the speaker's identity. Given the differen- dividuals utter the same content, their lip movements can
tiable nature of the entire reconstruction process, we canvary due to distinct speaking styles. The aforementioned
optimize our feature transform network through backprop- Audio2Mesh module takes into account person's identity
agation. The reconstruction process's loss function can beinformation, but it neglects the speaking style of the target

formulated as follows: object. This makes it dif cult to accurately model the lip
_ movements. To mitigate this issue, we perform full person-

F = Dec(ConviD(H)) @) speci ¢ ne-tuning on the pre-trained Audio2Mesh module
- Pexp @ tq adapt it to new speaking style;. Speci cal!y, we extract a
T Piaw video segment of the target subject and utilize the SPEC-

TRE method to obtain the corresponding mesh sequence
V¥ = FLAME(P exp; Pjaw ; Pidentity ) 3) and shape features. Moreover, we introduce a motion loss

=V +BePeyxp + B Pjaw *+ B sPideniy Lmotion [39] based on the synchronization loss function
1 X to ensure temporal consistency between adjacent frames,
Liec = i kv ¢ ikg 4) thereby eliminating jitter in the predicted mesh sequence
i2L .
Here,¥ =1f¢ g}, andV =fvig}, denote the predicted KL KL
and actual head mesh sequences, respectively, both consist-motion = kv; ¥, k3+! kVi Vi1 ( v Y, )k3
ing of N three-dimensional vertices V. represents the av- t=0 t=1

€
tere, T denotes the manually set number of adjacent
tively. Notably, L represents the set of lip vertices, meaning frames, and ! represents the weight used to balance the
the reconstruction loss is de ned as the mean squared errofV0 terms. Subsequently, we further train the Audio2Mesh
(MSE) loss computed between the lip vertices within the module based on the network weights previously learned
head mesh sequences. The mentioned V apg® can  froma large-scale corpus.

be obtained via SPECTRE. To enhance the Audio2Lip mod-
ule's ability to distinguish between different audio features,
we introduce a contrastive loss [5] that aligns the distribu- Head Pose Estimator. Head pose estimation involves cal-
tion of the predicted mesh sequerni¢e= f¢ igi“il with the culating a person's facial orientation in 3D space based on a
actual mesh sequence V = i@i\:‘l . The loss function is 2D facial image, typically represented by rotation angles R

erage head mesh sequence, whilg B; and Bs represent
the basis matrices of expression, jaw pose and shape respe

3.2. Video2Pose

de ned as follows: and translation vectors T. Prior to estimating the head pose
s parameters, an optimal focal length is determined through
De = v ¢ ) (5) multiple iterative calculations. The objective of each itera-

tion is to minimize the error between the projected 3D coor-
dinates of the 3D Morphable Model (3DMM) onto the 2D
Leons =YDZ2+(1 Y)max(m D g;0)> (6) landmarks and the actual landmarks in the video frames.

i2L



To further reduce computational complexity, we generally  In the second stage, we perform a joint optimization of
select landmarks from a subset of video frames as supervithe 3D feature points and head pose to achieve more pre-
sory information and set the focal length within a prede ned cise results. Utilizing gradient descent, the algorithm can
range. Appropriate step sizes are then employed in the iteraautomatically adjust the spatial coordinates, rotation angles
tions to determine the most accurate focal length. The focalR, and translation vectors T to minimize the alignment loss
length f can be determined using the following formula: Ltine - This process is formulated as follows:

; . D, X
f =arg fiz[fT:P;f . Li(P2o; P (fisRi;Ti))  (9) Lfne = kPi(R;T) M k3 (12)
i
Here, I; denotes the mean squared error between the land- o
marks, and B (fi;R;; T;) represents the landmarks pro- Through the two-stage optimization process, the result-
jected through the 3DMM model given the focal length f N9 head pose parameters are signi cantly closer to the
rotation parameters;Rand translation parameters. T sp ground truth.

corresponds to the actual landmarks in the video frames.

Once the focal length f is determined, we optimize the head Head Pose Stabilizer. While we have obtained relatively

pose parameters using the landmarks from all video frames. .
The optimization process can be formulated as follows: accurate pose parameters through the Head Feature Point

Matcher and Bundle Adjustment, the varying accuracy of
. _ ; . . pose parameter estimation across video frames necessitates
Ropt: Topt = g i L(P20;Pap (Fopi RiT))  (10) the stabilization of head pose parameters. To address this,
we employ the Savitzky-Golay lIter [30] to smooth the pose
The optimized head pose parameters are markedly SUPeinbarameters. This Iter ts the head pose using polyno-
to the results estimated using only a subset of video framesypja| least squares over several consecutive video frames.
Through this module, our method achieves pose parameters
that conform to general head motion patterns, thereby re-
ducing head jitter and signi cantly enhancing the realism
of talking portraits.

Head Feature Point Matcher. Previous approaches typi-
cally compute projection loss using a limited number of key
points identi ed by facial keypoint detection algorithms,
leading to potential pose estimation errors due to inaccu-
racies in keypoint detection. To enhance the accuracy of
rotation parameters R and translation parameters T, we
employ a feature point detection algorithm [6] to capture
dense feature points, followed by image feature matching
techniques [29] to track these points across different video
frames. Given the possibility of incorrect matches during
the matching process, we apply Random Sample Consensu
(RANSAC) [8] to Iter these matches. Through this mod-
ule, our method aligns a greater number of more precise
key points across all frames, thus improving the accuracy
of head pose parameter estimation.

Head-Aware Torso Generator. To simulate torso move-
ment, we trained a dynamic Gaussian radiance eld to in-
dependently render the torso. As depicted in Fig. 2, we use
the head poses obtained from the Head Pose Stabilizer as
conditions to infer torso movements, aiding the model in
implicitly learning torso posture variations, thereby achiev-
ﬁmg natural renderings.

Moreover, inspired by [37], we use the rendered results
of the head Gaussian radiance eld as input conditions for
training the torso Gaussian radiance eld. This approach
helps alleviate the head-torso separation issue that may arise
during substantial head movements. Speci cally, we use the
Bundle Adjustment. Given a set of feature points and synthesized head image colokdg as pixel conditions for
head pose parameters, we introduce a two-stage optimizathe torso radiance eld. The entire rendering process for the
tion framework [9] to enhance the accuracy of head posetorso can be formulated as follows:
estimation. Initially, we randomly initialize the 3D coordi-

nates of a series of feature points and project them onto a =THM(;C 1ead) (13)
2D plane to align them with the 2D feature point coordi-
nates obtained from the Head Feature Point Matcher. The RT;)!IC torso (14)

alignment between the projected feature points P and the ] ] ]
corresponding matched feature points M is evaluated by theHere, denotes the deformation of each Gaussian prim-

following function: itive, THM refers to the tri-plane hash multilayer per-
X ceptron [17], represents the center point of each Gaus-
L conrse = kPi M k2 (11) sian primitive, and ! signi es the rendering process of the

3DGS rasterizer.



Table 1. Quantitative comparison under the self-reconstruction setting. The top, second-best, and third-best results are shown

in red, , and , respectively. Since Wav2Lip and DINet have access to the ground truth with the exception of
the mouth region, the PSNR, LPIPS and SSIM metrics are deemed inapplicable. We achieve the best performance on most
metrics.

Methods PSNR”" LPIPS_ SSIM*  FID_ NIQE_ BRISQUE_ LMD_ AUE_ Sync-C* FPS”

Ground Truth N/A 0 1 0 0 0 0 0 8.368 N/A

Wav2Lip [28] - - - 20.114 13.060 47.732 4,198 1.427 @ 9.502 18

DINet [43] - - - 10.702 12.884 45177 3.918 1.830 6.890 21

AD-NeRF [9] 31.193 0.088 0.923 21.960 12.458 50.807 2.898 2.563 5.039 0.1

RAD-NeRF [33] 31.881 0.065 0.936 11.643 12.207 45.739 3.021 2.129 5.183 29

ER-NeRF [19] 31.550 0.036 0.931 6.785 11.943 37.549 2845 1889 5.588 31

GaussianTalker [4] 32.417 0.051 0.942 8.607 12.396 43.404 290 2479 5.242 104

TalkingGaussian [17] 32.550 0.031 0.946 6.722 12.257 40.638 2.736 1.006 5.984 139

InsTaG [18] 30.137 0.047 0916 10.369 12.115 40.935 2.955 1.988 6.344 116

Ours 34.332 0.025 0.962 5.724 12.284 38.746 2535 0.838 6.524 135
4. Experiments Table 2. Quantitative comparison under the lip-

synchronization setting. We utilize two different audio sam-

4.1. Experimental Settings ples to driven the same subject.

Dataset. To compare with previous methods, we em-
ployed the dataset from publicly-released video sets [9, Audio A Audio B
31, 37]. Speci cally, this dataset consists of four high-  Methods Sync-C*  Sync-E_  Sync-C*  Sync-E_
de nition speech video segments. The average length of Ground Truth 5.999 0 5131 0
these videos is approximately 6640 frames, with a frame Wav2Lip [28] 8371 6013 9248  6.012
rate of 25 FPS. Moreover, each video segment has been pinet [43] 5694 8777 6.875  8.096
cropped to ensure the speaker remains centered in the AD-NeRF [9] 3.843 10267 4283  10.308
frame, and all video resolutions have been standardized to raD-NeRF [33] 3.793 10.234 4611 10.014
512x512. ER-NeRF [19] 3.887  10.167  4.547 9.980
GaussianTalker [4] 3.679 10.488 4.327 10.248
Comparison Baselines. In our experiments, we compare E:gg?&sgan (17] 44‘-&128 9123-821 . 55;327 o 8(—;06
VividTalker with the following methods: 1) 2D genera- ours il TR

tion methods based on GAN networks, including those
that do not require person-speci c training (Wav2Lip [28]
and DINet [43]). 2) NeRF-based methods, such as AD- 4.2. Quantitative Evaluation

NeRF [9], RAD-NeRF [33], and ER-NeRF [19], which

render talking heads by training a person-speci ¢ radiance Comparison Settings and Metrics. To comprehensively
eld. 3) The most relevant 3DGS-based methods, such asevaluate head reconstruction quality, our quantitative com-
GaussianTalker [4], TalkingGaussian [17], and InsTaG [18], parison is divided into two settings: self-reconstruction
which nicely incorporate 3DGS into talking portrait synthe- and lip-synchronization. In the self-reconstruction setting,
SIS. we split the four aforementioned high-de nition video seg-
ments into training and test sets, using the audio, eye clo-
sure conditions, and pose sequences from the test set to re-
using the PyTorch framework and trained it on an NVIDIA construct the talking portraits for quality assessment. Vari-
RTX 4070 GPU. The pre-training and ne-tuning of Au- ous image quality evaluation metrics are employed, includ-
dio2Mesh take approximately 4 hours and 10 minutes ing Peak Signal-to-Noise Ratio (PSNR), Structural Similar-
respectively to converge. For the dynamic 3DGS ren- ity Index Measure (SSIM) [36], Learned Perceptual Image
derer [17], we trained the face and lips of each portrait Patch Similarity (LPIPS) [40], and Frechet Inception Dis-
separately for 50,000 iterations, followed by a joint train- tance (FID) [10]. While high PSNR images may not al-
ing for an additional 10,000 iterations. The Adam [16] and ways align with human visual perception in terms of texture
AdamW [21] optimizers were employed during training. details [42], we also employ two no-reference evaluation

Implementation Details. We implemented VividTalker



Fig. 4. Qualitative comparison of facial synthesis by different methods. Our method has the best visual effect on lip move-
ments without the problem of separation of head and torso. Please zoom in for better visualization.

methods: Natural Image Quality Evaluator (NIQE) [24] ous state-of-the-art method, TalkingGaussian.
and Blind/Referenceless Image Spatial Quality Evaluator  In terms of motion quality, our method surpasses exist-
(BRISQUE) [23] for a more comprehensive measurementing NeRF-based methods and 3DGS-based methods across
of image quality. Additionally, we use Landmark Distance all metrics. Although one-shot generation methods like
(LMD) [3], SyncNet Con dence Score (Sync-C) [28], and Wav2Lip and DINet excel in the Sync-C metric, they per-
Action Unit Error (AUE) [2] to evaluate the motion quality form poorly in LMD and AUE due to the absence of
of the reconstructed portraits. LMD and Sync-C assess lip-person-speci ¢ training. 2) In the lip-synchronization set-
sync accuracy, while AUE measures facial motion accuracy.ting, our method maintains excellent generalization perfor-

For the lip-synchronization setting, we use audio tracks mance with different input audio tracks. With the support of
from unseen videos to drive the model trained in the rst the Audio2Lip, our model effectively learns lip movement
setting and evaluate its lip-sync performance. This set- patterns from high-quality and diverse audio features, thus
ting aims to focus on the model's performance under cross-overcoming the limitations of small-sample 3DGS methods.
domain audio input conditions. Speci cally, we use audio Additionally, we compared frames per second (FPS) to
samples from SynObama [32] and NVP [34] as two test evaluate the ef ciency of each method. As shown in Ta-
audios, A and B. Due to the absence of ground truth im- ble 1, our method maintains excellent performance in in-
ages, we quantitatively measure lip-sync quality using non-ference FPS, closely matching TalkingGaussian, thereby
comparative metrics, including SyncNet Con dence Score demonstrating the high ef ciency of VividTalker.
(Sync-C) and SyncNet Error Distance (Sync-E).

4.3. Qualitative Evaluation

Evaluation Results. We present the experimental results Evaluation Results. To more intuitively assess image
for the two settings in Tables 1 and 2, respectively. 1) In quality, we present a comparison between our method and
the self-reconstruction setting, our method achieves the besbthers in Fig. 4. In this gure, VividTalker demonstrates
image quality and surpasses most methods in motion qualimore precise facial details. Compared to Wav2Lip and
ity. Regarding image quality, our method excels in nearly DINet, our method better preserves the subject's identity
all aspects, thanks to signi cant optimizations in lip move- while offering higher delity and resolution. Compared
ment and pose. Notably, in terms of the PSNR metric, our to ER-NeRF, our method avoids head-torso separation via
method improves by approximately 2 units over the previ- the Head Pose Stabilizer and produces more accurate lip
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