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Abstract
Speech-driven talking face video generation has attracted growing interest in recent research. While person-
specific approaches yield high-fidelity results, they require extensive training data from each individual
speaker. In contrast, general-purpose methods often struggle with accurate lip synchronization, identity
preservation, and natural facial movements. To address these limitations, we propose a novel architecture that
combines an alignment model with a rendering model. The rendering model synthesizes identity-consistent
lip movements by leveraging facial landmarks derived from speech, a partially occluded target face, multi-
reference lip features, and the input audio. Concurrently, the alignment model estimates optical flow using
the occluded face and a static reference image, enabling precise alignment of facial poses and lip shapes.
This collaborative design enhances the rendering process, resulting in more realistic and identity-preserving
outputs. Extensive experiments demonstrate that our method significantly improves lip synchronization and
identity retention, establishing a new benchmark in talking face video generation.

K E Y W O R D S

Talking Face Generation, Speech-Driven, Lip and Identity Priors

1 INTRODUCTION

The objective of audio-driven talking face video generation is to create high-quality talking faces that are synchronized with
spoken input. This task holds substantial value across various applications, including visual dubbing1,2,3, digital assistants4, and
animated films5. Consequently, it has attracted significant attention from both industry and academia over the past decades.

Talking face video generation methods can primarily be categorized into two types: person-specific and general person
methods. Person-specific approaches4,6,7,8,9,10 excel at generating realistic talking face videos. However, they require distinct
datasets for each individual and require re-training or fine-tuning for every new speaker, which considerably escalates training
costs and complicates practical deployment. This limitation has spurred interest in generating talking face videos for general
persons1,2,3,11,12,13,14,15,16,17,18.

Two primary challenges arise in general talking face video generation: 1) accurately generating head and mouth movements
that are synchronized with the audio, and 2) producing visually realistic results. To tackle these challenges, one approach involves
using reconstruction-based models, which utilize an encoder-decoder architecture to generate talking videos in an end-to-end
manner2,12,13. However, this method requires the model to learn pixel-level movements, which complicates the training process
and hinders convergence.

An alternative strategy employs facial feature points as an intermediate structure to facilitate video generation3,5,14,19,20,21,22.
This two-stage model approach allows the system to avoid directly learning low-level pixel appearances, thereby enabling it to
focus more effectively on the facial motion trajectories of the individual. The initial stage model, IPLAP14, first introduced
the use of Transformers23 to predict facial feature points, addressing the limitations of LSTM models in capturing long-
term dependencies. To date, this model maintains state-of-the-art performance, and we utilize it to generate intermediate
representations that are synchronized with the audio input.
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In the subsequent stage, however, the lack of visual content in the input audio and intermediate landmarks presents a significant
challenge. Generating realistic face videos while preserving identity information based solely on audio and intermediate
landmarks remains a critical research issue that requires further exploration.

Existing methods, such as3,5, rely on a single static reference image to provide visual appearance and identity information.
However, the identity data derived from a single face is often insufficient, leading to unnatural distortions and stretching in the
generated results. Consequently, these methods struggle to achieve satisfactory visual quality.

Other approaches, such as19,24, utilize multiple reference images to offer richer details. However, when head movements
dominate the frame, using multiple reference images without proper feature alignment can interfere with the generation process,
despite the potential for enhanced identity representation. To address this issue, IPLAP14 introduced an optical flow prediction
network to align the features of the reference images, guiding the generation model towards improved outcomes.

Nevertheless, conventional optical flow prediction networks may experience reduced accuracy when there are significant
differences in head motion magnitude and color between the reference and original images. This discrepancy can result in
substantial artifacts in the generated guidance image, adversely affecting the performance of the guided model. Additionally,
simply warping the reference image to create a guidance image can lead to the loss of original lip details and fails to provide
audio-related guidance. As a result, the model struggles to accurately capture the lip features of the individual, hindering the
generation of lip movements that are synchronized with the audio input.

To address the above challenges, we have developed a novel face generation framework that leverages multi-reference lip
features, audio features, and aligned facial information to produce realistic face frames while preserving identity. We encompass
a landmark-to-video generation network, which consists of an alignment model based on optical flow and a rendering model.

The alignment model predicts accurate optical flow by integrating inferred landmarks, occluded images, and reference images.
It guides the rendering model by warping both the image features and those of the occluded original image. The rendering model
is designed to accurately generate the lower part of the face, synchronized with the audio, using insights from the alignment
model alongside an audio-aware cross-attention module.

Recognizing that the guidance information from the alignment model may yield distorted images rather than natural facial
features, we have introduced a new module structure based on multiview lip perception. This structure enhances the rendering
model’s ability to accurately fit the lip features of the individual, moving beyond mere de-artifacting of the alignment model’s
outputs. Extensive experiments demonstrate that our method generates more realistic talking face videos and better preserves
identity information and lip details compared to existing techniques. Our main contributions are:

• We propose a generation model framework comprising an alignment model and a rendering model, specifically designed to
facilitate talking face generation guided by audio, multi-reference lip features, and aligned appearance information.

• We introduce an optical flow prediction network that utilises reference images and occluded original images to yield more
accurately aligned reference images.

• We present a rendering generation network that is guided by a multi-reference lip module and an audio-aware cross-attention
module, enhancing the realism of generated person features and lip details.

2 RELATED WORK

2.1 Speech-Driven Talking Face Generation

Existing methods for audio-driven talking face generation can be classified into two main categories: person-specific methods and
general person methods. Person-specific techniques, leveraging 3D Morphable Models (3DMM)25 and Neural Radiance Fields
(NeRF)26, have demonstrated the ability to synthesize high-fidelity talking face videos. For example, NVP4 and FACIAL10 first
predict 3DMM expression parameters from audio and subsequently employ a neural rendering network to generate the video.
Other works6,7,9 achieve audio-driven talking face video generation by manipulating dynamic neural radiance fields based on
audio input and rendering the corresponding facial images.

However, these methods require video data of the target speaker for retraining or fine-tuning, which can be impractical in
many real-world scenarios. This limitation highlights the need for methods applicable to general faces. A body of literature
addresses general person talking face generation, including approaches such as2,12,16,17,18,21,27. Generally, methods in this domain
can be categorized into intermediate representation-based and reconstruction-based techniques13.
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Our proposed method effectively addresses these limitations by integrating multi-reference lip features and aligned facial
information, enabling high-quality talking face generation without the need for extensive retraining on target-specific data.

2.2 Reconstruction-Based Talking Face Generation

Reconstruction-based methods primarily employ an encoder-decoder architecture to generate talking face videos in an end-
to-end fashion. For example, Wav2Lip2 utilizes this structure to synthesize talking face videos with the assistance of a lip
synchronization discriminator. Building on Wav2Lip, SyncTalkFace12 introduces an audio-lip memory that provides additional
visual information specifically for the mouth region. In contrast, PC-AVS15 modularizes the talking face into distinct feature
spaces for speech content, head pose, and identity, subsequently combining these features to generate the final video. TalkLip13

employs a fine-tuned large lip-reading model, AVHubert, and integrates contrastive learning to enhance training effectiveness.
Despite their advantages, reconstruction-based methods are limited by the inherent structural design of the encoder-decoder

framework. This requires the model to learn pixel-level motion, accounting for both the motion structure and rendering of the
face, which complicates the training process. Furthermore, this complexity typically requires an increased number of parameters,
resulting in higher training costs.

Our proposed method overcomes these challenges by utilizing a novel framework that effectively leverages multi-reference lip
features and audio-guided alignment, streamlining the learning process while ensuring high fidelity in talking face generation.

2.3 Intermediate Representation-Based Talking Face Generation

Intermediate representation-based methods employ two cascaded models that learn intermediate facial representations, such
as facial landmarks or 3D meshes, for face synthesis from coherent speech input. Many audio-driven talking face generation
methods3,5,14,19,20,21,22,28 utilize facial landmarks as their intermediate representation, e.g., Suwajanakorn et al.28 use a recurrent
neural network (RNN) to map audio input to mouth landmarks, subsequently synthesizing high-quality mouth textures. Other
studies6,21,24 leverage long short-term memory (LSTM) models to learn the mapping between audio and landmark movements.
MakeItTalk5 integrates LSTM with a self-attention mechanism to predict landmark displacements from audio and generates face
videos through a ResUnet network. IPLAP14 employs a Transformer23 model to learn the relationship between audio and facial
landmarks, enhancing mapping accuracy.

Compared to reconstruction methods, intermediate representation-based techniques enable models to avoid directly learning
low-level pixel appearances, allowing for a more focused understanding of facial and mouth motion trajectories5. Additionally,
the separation of motion trajectory learning and rendering generation results in more compact and generalized models.

Our proposed method also consists of two stages: generation from audio to landmarks and rendering from landmarks to
video. However, it introduces unique features that differentiate it from existing methods. First, we present a novel optical flow
estimation network that effectively incorporates prior appearance information to guide the generation process. Second, our
rendering generation network is enhanced by multi-reference lip features and audio features, ensuring the preservation of the
person’s identity and yielding more realistic lip details. Experimental results demonstrate that our method outperforms existing
approaches.

3 PROPOSED METHOD

Our objective is to generate a lip-synchronized talking face video from an audio sequence and an initial input video. The
proposed method consists of two main stages, as illustrated in Figure 1.

In the first stage, we utilize the IPLAP speech-to-facial landmark model to predict facial landmarks from the input speech
sequence. The model takes as input the speech signal, reference facial landmarks, and the upper half of the actual facial landmarks.
It outputs the positions of the lip and lower jaw landmarks. Leveraging a Transformer architecture, the model captures long-term
dependencies in the audio and facial landmark data, thereby enhancing prediction accuracy through the integration of reference
facial landmarks.

The second stage encompasses a two-part generation model: the alignment model and the rendering model. Initially, the
rendering model extracts lip information corresponding to the person’s identity by utilizing reference lip features, the occluded
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F I G U R E 1 Overview of the Architecture of Our Proposed Method

F I G U R E 2 Lip Flow Module

real face, and audio features. Subsequently, the alignment model generates optical flow based on the predicted facial landmarks,
reference face, and occluded real face. These optical flow features are used to warp the image data. Finally, the warped features,
combined with the reference image, guide the rendering model to produce the synthesized video.

Our approach does not only ensure accurate synchronization of lip movements with the audio but also preserves the identity
and realism of the generated talking face.



PLEASE INSERT YOUR ARTICLE TITLE HERE 5

3.1 Audio-To-Landmark Generation

To predict facial landmarks from speech, we utilize the IPLAP14 speech-to-facial landmark generation model. This model
takes as inputs the reference facial landmarks, mel-spectrogram, and the upper half of the actual facial landmarks, employing a
Transformer to capture long-sequence relationships and feature dependencies. The output is the location of the lip and lower jaw
landmarks.

Specifically, we begin by using a facial landmark detector to extract 2D facial landmarks from the video. The model
incorporates three input branches: the reference facial landmark set {lri ∈ R2×nr }Nl

i=1 from the original video, the mel-spectrogram
sequence {mt ∈ Rh×w}T

t=1 corresponding to the video frames, and the upper half of the real label facial pose landmarks
{lp

t ∈ R2×np }T
t=1. Here, nr and np denote the total number of facial landmarks and facial pose landmarks, respectively. The

model extracts prior knowledge from the reference facial landmark set lri , combines it with the speech features and facial pose
landmark features, and incorporates positional encoding to accurately predict the locations of the lip and lower jaw landmarks
synchronized with the audio.

3.2 Landmark-To-Video Generation

To enhance the rendering model’s pixel feature guidance, we developed a generation model comprising two key components: the
alignment model Ma and the rendering model Mr. Initially, we combine the predicted lip and lower jaw landmarks with the real
upper half landmarks to create a comprehensive set of facial landmarks {Li ∈ R3×H×W}t+k

i=t–k surrounding the t-th frame of the
video, incorporating 2k + 1 frames.

Next, we concatenate the occluded real face image Im
t ∈ R3×H×W with the facial landmarks along the channel dimension.

We also extract multiple frames of lip reference images {Il
i ∈ R3×H×W}N

i=1 and their corresponding lip landmark points
{Ll

i ∈ R3×H×W}N
i=1 from the original video, which are then fed into the multi-reference lip module of the rendering model. This

module fuses the features with real lip information, enhancing the accuracy of mouth shape generation.
To further refine the realism of the facial appearances generated by the rendering model, we input the occluded real face

Im
t , multiple reference face images {Ir

i ∈ R3×H×W}N
i=1, and their corresponding facial landmarks {Lr

i ∈ R3×H×W}N
i=1 into the

alignment model. This model computes the flow fields {Fi ∈ R2×H×W}N
i=1, which are then used to warp the reference images

and features to align with the target head pose and expression.
Finally, the rendering model synthesizes the target face image by leveraging the audio features, the warped and aligned

reference images and features, the occluded real face image, and the multi-reference mouth images. This comprehensive approach
ensures that the generated video maintains high fidelity in both lip synchronization and facial realism.

3.2.1 Alignment Model

The alignment model Ma is primarily focused on lip flow prediction, being essential for generating accurate facial movements in
response to audio input. As in Figure 2, the model architecture consists of two encoders Er and Em that extract features from the
reference image Ir and the occluded real face image Im

t , respectively.
First, we concatenate the features extracted from both encoders along the channel dimension, creating a richer feature

representation. This combined feature set is then input into a feature fusion module built with Resblocks, which enhances the
model’s capacity to learn complex patterns in the data.

To guide the prediction of the flow field more effectively, we incorporate facial landmarks L into the alignment model using
the SPADE29 layer. This allows the model to leverage spatial information from the landmarks to improve the accuracy of flow
field predictions. The functional representation of the alignment model is:

Fi = Ma(Im
t , Lr

i , Ir
i , Lt–k:t+k) i = 1, .., N

where Fi denotes the flow field that guides the warping of reference images and their corresponding features. By utilizing the
appearance information from both the reference image and the occluded real face image, alongside the facial landmarks, the
alignment model predicts a more accurate flow field, facilitating the precise warping of features for the rendering model.

Additionally, to aggregate visual features warped by the flow fields from multiple reference images, the alignment model
includes an output layer that predicts a spatial weight wi ∈ RH×W for each reference image Ir

i . The aggregated aligned image is
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F I G U R E 3 Multi-Ref Lip Module

computed as:

Ir =
∑N

i=1 wiFi(Ir
i )∑N

i=1 wi

where Ir represents the aggregated aligned image. This process ensures that the most relevant visual information from multiple
references is effectively combined, enhancing the overall quality of the generated output.

To guide the high-dimensional features of the rendering model, we warp and align the features f r1
i ∈ Rc1×h1×w1 and

f r2
i ∈ Rc2×h2×w2 extracted by the encoder Er at two spatial resolutions. These aligned features calculated by:

f r1
i , f r2

i = Er(Lr
i , Ir

i ) i = 1, 2, . . . , N

f rx =
∑N

i=1 wiFi(f rx
i )∑N

i=1 wi
x = 1, 2

where f rx represents the aggregated aligned high-dimensional features at resolutions x = 1 and x = 2.
To mitigate the effects of color discrepancies and artifacts caused by large head motions, we concatenate the feature of the

occluded real face image with the warped features along the channel dimension. This concatenation provides a robust guide for
the rendering model’s generation process. The operations are:

f m1 , f m2 = Em(Im
t )

Ic, f cx = concat[Im
t , Ir], concat[f mx , f rx ] x = 1, 2

where f m1 and f m2 are the features extracted from the occluded real face image by the encoder Em at two different spatial
resolutions. The jointly guiding image Ic and the features f cx are produced after channel concatenation.

Finally, the concatenated outputs Ic and f cx are fed through the SPADE layer into the decoder of the rendering model. This
process ensures that the generated facial animations are realistic and accurately synchronized with the audio input, addressing
key challenges in talking face generation.

3.2.2 Rendering Model

The rendering model Mr is composed of two primary components: the multi-reference lip module and the audio-aware cross-
attention module. This model is designed to generate high-quality facial animations that accurately synchronize with audio input,
addressing key challenges in talking face generation.

As in Figure 3, the process begins by extracting features from the occluded real face image f m ∈ Rc×h×w and the reference lip
features f l

i ∈ Rc×h×w using two distinct encoders. These features are then concatenated along the channel dimension and passed
into a feature fusion module F constructed from Resblocks, which facilitates the combination of information from both sources.
The resulting fused features fi ∈ Rc×h×w are computed as:

fi = F
(
concat[f m, f l

i ]
)

i = 1, 2, . . . , N
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F I G U R E 4 Audio-Aware Cross-Attention Module

To obtain the final multi-reference lip feature that captures the speaker’s identity, we take the average of the set of fused
features:

f = AVG(fi) i = 1, 2, . . . , N

where f represents the aggregated multi-reference lip feature.
Next, we integrate the audio-aware cross-attention module as shown in Figure 4, which plays a crucial role in synchronizing

the visual features with the corresponding audio. This is accomplished by fusing the mel-spectrogram mt of the video frame with
the aggregated image features f . The audio features for the t-th frame are obtained using the audio encoder Ea:

f a
t = Ea(mt)

The cross-attention mechanism is implemented using:

fg = Softmax
(
(Wqf )(Wkf a

t )T)× (Wvf a
t )

where Wq, Wk, and Wv are three distinct 1 × 1 convolutional layers that project the features into the appropriate dimensions for
attention computation. Here, fg represents the fused features that guide the generation of the mouth shape synchronized with the
audio.

Finally, the rendering model generates the target image Ît by combining the attention-fused features fg with the features Ic and
f cx obtained from the alignment model. This is achieved through a decoder that employs SPADE and PixelShuffle30 layers to
produce the final output. The overall function of the rendering model is expressed as:

Ît = Mr
(
Im
t , Il

i , Lt–k:t+k, Ic, f c1 , f c2 , mt
)

i = 1, . . . , N

where Ît is the synthesized image for the t-th frame, ensuring that the generated facial animations are not only visually coherent
but also accurately synchronized with the input audio, thereby effectively addressing the challenges associated with realistic
talking face generation.

3.2.3 Loss Function for Landmark-To-Video

Our loss function for the alignment model is based on the structure-aware perceptual loss Lw, which leverages the VGG-19
network to enhance the accuracy of flow fields and weights. This loss function compares the ground truth image It with the
warped and aligned image Ir:

Lw =
∑

i

∥ϕi(Ir) – ϕi(It)∥1

where ϕi denotes the activation output from the i-th layer of the VGG-19 network, allowing us to capture perceptual differences
between the generated and target images at multiple levels of abstraction.

For the rendering model, we employ a combination of reconstruction loss Lr and style loss Ls. Both losses follow a structure
similar to Lw and are used to compare the generated image Ît with the ground truth It, thereby improving the quality of the
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T A B L E 1 Quantitative comparison of different methods on LRW and LRS2 datasets.

Method Dataset PSNR↑ SSIM↑ LPIPS↓ FID↓ LipLMD↓ LSE-D↓

Wav2lip

LRW

26.87 0.8897 0.0760 26.29 0.996 7.91

PC-AVS 19.64 0.6001 0.3008 67.57 3.707 7.78

EmoGen 19.43 0.5181 0.2424 46.54 4.800 8.74

IPLAP 27.08 0.8903 0.0583 23.59 1.251 8.51

DiffDub 26.27 0.8541 0.1099 27.53 3.095 8.30

Ours 30.88 0.9327 0.0356 15.05 0.985 8.14

Wav2lip

LRS2

25.82 0.8581 0.1027 18.22 1.414 6.76

PC-AVS 18.51 0.5558 0.3626 50.76 8.412 6.78

EmoGen 19.99 0.5115 0.2766 48.11 6.451 7.91

IPLAP 28.28 0.8792 0.0617 15.61 1.538 7.11

DiffDub 25.99 0.8056 0.1311 37.60 2.186 8.08

Ours w/o Ali 25.42 0.8503 0.0978 23.31 1.574 -

Ours w/o Lip 31.22 0.9171 0.0364 11.64 1.185 -

Ours w/o Aud 32.70 0.9245 0.0370 10.41 1.202 7.65

Ours 32.93 0.9261 0.0355 9.89 1.128 6.97

generated results:
Lr =

∑
i

∥ϕi(̂It) – ϕi(It)∥1

Ls =
∑

i

∥Gϕ
i (̂It) – Gϕ

i (It)∥1

where Gϕ
i represents the Gram matrix derived from the activation layer output ϕi, which captures style information by comparing

the correlations between feature maps.
To further enhance the realism of the rendered images, we also incorporate the patch GAN loss Lg and feature matching loss

Lf , inspired by the pix2pixHD framework31. The overall loss function L for our model is thus defined as:

L = λwLw + λrLr + λsLs + λgLg + λf Lf

where λw, λr, λs, λg, and λf are the weighting parameters that balance the contributions of each loss component during training.
For our experiments, we set the parameters as follows: λw = 2.5, λr = 4, λs = 1000, λg = 0.25, and λf = 2.5.

This comprehensive loss function effectively guides the model to generate high-fidelity talking face videos that accurately
synchronize with audio while preserving the identity and realism of the speaker’s appearance.

4 EXPERIMENTS

4.1 Experimental Settings

Implementation Details: During inference, we adhere to the settings outlined in14 for processing video frames and audio.
Specifically, video frames are center-cropped and resized to 128× 128 pixels. The audio is processed using a window size of 800
samples and a hop size of 200 samples, resulting in an 80× 16 mel-spectrogram at a sampling rate of 16 kHz. This configuration
allows for effective extraction of audio features while maintaining temporal coherence in the spectrogram representation. This
choice also ensures compatibility and a fair comparison with existing methods.
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In the alignment model, ref – N is set to 3 during training to enhance accuracy through multiple reference frames, while during
inference, it is adjusted to one-fifth of the video length for efficiency. The rendering model uses ref – lip set to 5, leveraging
diverse lip features for better identity representation. All experiments are run on 4 L40 GPUs for adequate computational power.

Datasets: We train our method on the LRS2 dataset32, which comprises a rich collection of video clips. For evaluation
and comparison with existing methods, we utilize the test sets of two public datasets: LRS2 and LRW33. The LRW dataset is
specifically designed for audio-visual word classification, containing 500 distinct words, each represented by a video of 29
frames (approximately 1 second) synchronized with audio. The LRS2 dataset consists of 48,164 video clips, including 45,839
for training, 1,082 for validation, and 1,243 for testing. We follow IPLAP14 in our experimental setup and sample 45 videos
from the test set of each dataset to ensure a robust evaluation of our method’s performance.

Metrics: For quality assessment of the generated images, we employ several metrics: PSNR12 and SSIM34 measure the
similarity between generated images and real images, providing insights into fidelity and structural similarity. Also, LPIPS35

and FID36 evaluate feature similarity, offering a detailed understanding of perceptual differences.
To assess lip synchronization capabilities, we utilize LMD3 and LSE-D2. LMD quantifies the distance between generated and

real lip landmarks, providing a direct measure of synchronization accuracy. LSE-D, on the other hand, employs a pre-trained
SyncNet37 to quantify lip synchronization performance, ensuring comprehensive evaluation of our method’s efficacy.

Comparison: We compare our method against four state-of-the-art talking face generation techniques: EmoGen, PC-AVS,
Wav2Lip, IPLAP, and DiffDub. EmoGen38 generates lip-synced videos while allowing for emotion control through the injection
of emotion labels. PC-AVS15 enables pose-controllable talking face generation using modular audiovisual representations.
Wav2Lip2 employs an adversarially trained encoder-decoder model to create synchronized talking face videos. IPLAP14 focuses
on generating talking face videos by driving 2D landmarks based on input audio. Finally, DiffDub17 generates audio-synchronized
mouth shapes via an inpainting renderer based on a diffusion auto-encoder.

This comprehensive experimental setup, including carefully selected metrics and comparison methods, provides a robust
framework for evaluating the effectiveness of our method in generating high-quality talking face videos.

4.2 Experimental Results

Quantitative Results: Table 1 demonstrates that our method significantly improves image quality metrics, including PSNR,
SSIM, and FID. These improvements indicate that our approach generates more detailed lip features while effectively preserving
the identity of the individual. Specifically, higher PSNR values reflect enhanced signal fidelity, while SSIM scores suggest better
structural similarity to the ground truth. Our method also excels in lip synchronization, achieving the best performance in the
LMD metric, which quantifies the distance between generated and real lip landmarks.

However, we observe that our model slightly lags behind Wav2Lip and PC-AVS in audiovisual synchronization, as measured
by the LSE-D metric. We attribute this to subtle temporal jitters in the lip landmarks produced by the LandmarkGenerator, which
can negatively affect the synchronization accuracy.

Visualization of Generated Images: Figure 5 illustrates that our generated images are visually closer to the real ground truth
labels compared to competing methods, exhibiting fewer artifacts. Moreover, our approach excels in restoring fine details of the
person’s lips, further enhancing the realism of the generated outputs. This ability to capture subtle lip movements highlights the
effectiveness of our alignment and rendering strategies in producing high-quality talking face videos.

4.3 Ablation Study on the Alignment Model

To assess the effectiveness of the alignment model, we conducted an ablation study comparing the full model with a variant that
excludes the alignment module, as presented in Table 1. Our findings indicate a notable decrease in image quality metrics when
the alignment model is removed. This decline underscores the critical role of the alignment model in preserving the subject’s
identity and ensuring high-quality image generation. Specifically, the metrics such as PSNR and SSIM, which quantify fidelity
and structural similarity, showed significant reductions, affirming that the alignment model effectively enhances the overall
performance of our system. This confirms that integrating the alignment module is essential for achieving accurate and realistic
talking face videos.
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F I G U R E 5 Qualitative Comparison of Different Methods on LRS2 Dataset

4.4 Ablation Study on the Multi-Ref Lip Module

To validate the effectiveness of the multi-Ref lip reference module, we conducted an ablation study by removing this module
from the rendering model, as detailed in Table 1. The results reveal a marked decline in both image quality metrics and the lip
synchronization metric (LipLMD) when the multi-Ref lip reference module is excluded. This decrease highlights the critical
contribution of the multi-Ref lip module in generating realistic lip details. Specifically, the reduce in performance of PSNR and
LipLMD indicate that the module does not only enhance the fidelity of the generated images but also significantly improves the
accuracy of lip movements. These findings confirm that the multi-Ref lip reference module is essential for producing high-quality,
synchronized talking face videos.

4.5 Ablation Study on the Audio-Aware Cross Attention Module

To validate the effectiveness of the audio-aware cross-attention module, we performed an ablation study by removing this module
from the rendering model, as illustrated in Table 1. The results indicate that incorporating the audio-aware cross-attention
module leads to significant improvements in image quality metrics, such as PSNR and SSIM, as well as in lip synchronization
metrics, including LipLMD and LSE-D. The enhancements in these metrics suggest that the audio-aware cross-attention module
effectively aligns audio features with visual content, resulting in clearer image details and more accurate lip movements. The
mathematical foundation behind this improvement lies in the attention mechanism, which allows the model to focus on relevant
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audio-visual correlations, thus enhancing both the quality of generated images and the synchronization of lip movements. These
findings confirm the critical role of the audio-aware cross-attention module in achieving high-quality, synchronized talking face
videos.

4.6 Impact of Number of Reference Images and Lips

To assess the impact of the number of reference images and lips on model performance, we conducted ablation experiments,
as shown in Tables 2 and 3. Table 2 reveals that the model achieves optimal performance with 25 reference images, reaching
a PSNR of 32.93 and an SSIM of 0.9261, while the FID drops to 9.89, indicating improved image quality. Similarly, Table 3
demonstrates that using 5 reference lips yields the best results.

We further observe that: (1) performance improvements tend to plateau around 25 reference images and 5 reference lips,
as supported by both our empirical visual observations and quantitative ablation study results; and (2) increasing the number
of references results in significantly longer inference times and higher GPU memory usage. Taken together, these lead us to
empirically select 25 reference images and 5 reference lips, which offer an effective balance between generation quality and
computational efficiency.

T A B L E 2 Results of different reference images.

Ref Num PSNR↑ SSIM↑ LPIPS↓ FID↓

N=1 27.86 0.8718 0.0917 20.16
N=5 29.32 0.8912 0.0588 13.15
N=10 31.71 0.9159 0.0419 10.64
N=25 32.93 0.9261 0.0355 9.89

T A B L E 3 Results of different lip numbers.

Lip Num PSNR↑ SSIM↑ LPIPS↓ FID↓

N=1 31.88 0.9191 0.0362 10.06
N=3 32.59 0.9251 0.0359 9.89
N=5 32.93 0.9261 0.0355 9.89

5 CONCLUSION

In this paper, we proposed a comprehensive model framework for talking face generation that integrates an alignment model
and a rendering model, utilizing multi-Reference lip features and aligned appearance guidance. Our approach begins with
the multi-Ref lip feature extraction module, which effectively fuses reference lip features with the upper facial features of
the target individual. We then employ an audio-aware cross-attention module to merge audio features with facial features,
significantly enhancing lip synchronization. Finally, the optical flow alignment model warps the reference person’s image,
guiding the rendering process to produce high-quality outputs. Experimental results demonstrate that our method surpasses
existing approaches in preserving person identity, enhancing lip detail, and ensuring accurate mouth synchronization. For future
work, we aim to explore the integration of more complex audio-visual cues and investigate real-time applications to further
enhance the robustness and applicability of our model.
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