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Figure 1. More animated results by FixTalk.
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Figure 2. The detailed pipeline of Baseline, especially FDM.

In the main paper, we propose a novel framework,
namely FixTalk, to enhance talking face generation in ex-
treme cases by addressing the limitation of identity leak-
age and rendering artifacts. In this appendix, we provide
more information about 1) Network Architecture and Train-
ing Details. 2) More Results. 3) More discussion. In addi-
tion, we strongly recommend watching the supplementary
video.

1. Network Architecture and Training Details
1.1. Network Architecture
In Sec. 3, we briefly introduce the pipeline of the baseline.
Here, we provide a more comprehensive explanation of
the implementation details, especially for FDM. As shown

in Fig. 2, the entire framework is based on an encoder-
decoder structure. The Baseline simplifies the transfor-
mation Fs→d from the source image Is to the driven im-
age Id by introducing an abstract reference image Ir as
transformation Fs→d = Fs→r + Fr→d (r is omitted in
the following statements). Therefore, Baseline employs
a shared-parameter encoder E to extract multi-scale fea-
tures {fs

1:5, f
s} = E(Is) and {fd

1:5, f
d} = E(Id) from

both the source and driven images. To effectively disen-
tangle different motion components from identity, Baseline
defines three orthogonal motion spaces by three Compo-
nentaware Latent Navigation (CLN) (only one is depicted
in Fig. 2), which together form the Face Decoupling Mod-
ule (FDM). Specifically, each space employs a set of learn-
able orthogonal bases stored in bank B = {b1, ..., bn},
each representing one specific facial movement, ensuring
that the motion spaces remain disentangled. Then each
CLN utilizes a lightweight MLP to predict the weights
W = {w1, ..., wn} for each base, and further obtain the
driving feature fd =

∑n
i=1 wibi, which is then added to

fs and fed into the generator G to produce the final result
Ig . To preserve the identity information, G incorporates the
multi-scale features fs

1:5 of the source image, excluding the
reference feature.
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Figure 3. The detailed architectures of components in our model.
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Figure 4. The detailed pipeline of audio-driven setting in FixTalk.

Ig = G(fs + FDM(fd), fs
1:5) (1)

We adopt the same Encoder E, Generator G as
EDTalk [29], whose detailed structures are presented
in Fig. 3. Please refer to their original paper for more tex-
tual descriptions. Besides, we have also provided a detailed
description of the composition and workflow of EMI in the
main paper, as well as the structure of the driven-identity
memory Md and the motion-source memory Mm-s within
EDI.

Here, we further detail the architecture of the Compres-
sor Π and the Decompressor Λ in Fig. 3. Specifically, Com-
pressor Π is composed of an average pooling layer and
a weighted sum operation to effectively condense the in-
put features. The Decompressor Λ is implemented using a
StyleGAN2 [14] generator, where the compressed features
fs
π and fd

π are injected into the layers via the style modula-
tion operation, enabling efficient reconstruction and genera-
tion. This detailed design ensures robust feature processing
and effective animation generation within our framework.

Our method not only supports video-driven talking head

generation but also extends to audio-driven talking head
generation, which is another significant contribution. As
shown in Fig. 4, this is achieved by replacing the encoder
E in the driven video branch with an audio encoder Ea.
This audio-driven network takes audio feature sequences
A = a1:T as input. These sequences are processed through
a series of convolutional layers to generate audio features
fa
1:N , enabling the model to generate talking heads synchro-

nized with the input audio. This design ensures flexibility
in handling both video and audio inputs for talking head
generation.

1.2. Training Details
Our method is trained on two datasets: VFHQ [40] and
MEAD [34].

VFHQ. The VFHQ dataset is a comprehensive collection
of over 16,000 high-quality video clips, meticulously cu-
rated from a diverse range of interview scenarios. Each
clip in VFHQ is recorded in high resolution, ensuring pre-
cise details in facial features, skin texture, and movement
dynamics. The clips feature subjects from diverse demo-
graphic backgrounds, including variations in age, gender,
and ethnicity, ensuring that models trained on VFHQ are
not biased toward specific groups.

MEAD. MEAD is a multimodal emotional audio-visual
dataset consisting of 60 speakers recorded in a controlled
laboratory environment. Of these, data from 43 speakers
is publicly accessible. Each speaker delivers 30 sentences,
encompassing expressions of eight distinct emotions: neu-
tral, happy, sad, angry, surprise, fear, disgust, and contempt.
These emotions are further captured at three varying inten-
sity levels: low, medium, and high, resulting in a rich and
diverse dataset tailored for emotion recognition and gener-
ation tasks.

The encoder E, Enhanced Motion Indicator (EMI), and
generator G are pre-trained following a setting similar to
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Figure 5. Additional video-driven talking head qualitative results, which are supplement to the main paper.

LIA [38]. This initialization ensures a robust latent repre-
sentation, facilitating downstream tasks. After pre-training,
the focus shifts to addressing rendering artifacts by train-
ing the Enhanced Detail Indicator (EDI). This step is cru-
cial for enhancing output quality and achieving more nat-
ural and artifact-free renderings. All loss function weights
are uniformly set to 1. The training employs a batch size
of 16. A fixed learning rate of 2e − 4 is used. The train-
ing is conducted on 4 NVIDIA A100 GPUs, each equipped
with 80GB of memory. Once both EMI and EDI mod-
ules are trained, all parameters are frozen to ensure consis-
tency and prevent further updates. Subsequently, we follow
the EDTalk framework to achieve decoupled facial control,
enabling precise manipulation of facial attributes indepen-
dently. This approach provides fine-grained control over
expressions and motions, making it suitable for applications
requiring high fidelity and flexibility in facial animation.

1.3. Evaluation Metrics
To comprehensively evaluate our method, we employ a va-
riety of metrics that assess different aspects of generated
talking head videos, including visual quality, audio-visual
synchronization, identity preservation, rendering artifacts,
and emotional expressiveness. Below, we provide detailed
explanations of each metric:

Visual Quality Metrics Visual quality is a crucial aspect
of talking head generation, reflecting how realistic and per-
ceptually coherent the generated frames are. We use the
following commonly adopted metrics:
• Peak Signal-to-Noise Ratio (PSNR) [11]: Measures the

similarity between the generated and ground-truth images
by evaluating pixel-wise differences. A higher PSNR in-

dicates better reconstruction quality.
• Structural Similarity Index Measure (SSIM) [39]: As-

sesses the perceptual similarity between two images by
considering luminance, contrast, and structural informa-
tion. A higher SSIM value suggests better visual quality.

• Fréchet Inception Distance (FID) [24]: Quantifies the per-
ceptual quality of generated images by comparing the dis-
tribution of deep feature representations extracted from
the Inception network. Lower FID scores indicate higher
realism.

Audio-Visual Synchronization Metrics Evaluating lip-
sync accuracy is essential for assessing the temporal align-
ment between audio and facial movements. We employ:
• M/F-LMD (Landmark Deviation Metric) [1]: Measures

the deviation of predicted facial landmarks from the
ground truth in terms of mouth (M-LMD) and face (F-
LMD). Lower values indicate better synchronization.

• SyncNet Confidence Score [3]: A widely used metric
for audio-visual synchronization, computed based on the
confidence of a pre-trained SyncNet model in determin-
ing whether the audio and video frames are temporally
aligned. Higher confidence scores indicate better syn-
chronization.

Identity Leakage Metric One of the main challenges in
talking head generation is identity preservation, ensuring
that the generated face retains the identity of the source im-
age rather than being influenced by the driving image.
• Cosine Similarity (CSIM) for Identity Preservation: Mea-

sures the cosine similarity between the feature embed-
dings of the generated face and the source face, ex-
tracted using a face recognition model (e.g., ArcFace).
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Figure 6. Additional audio-driven talking head qualitative results, which are supplement to the main paper.

Higher CSIM values indicate stronger identity preserva-
tion, meaning less identity leakage.

Rendering Artifacts Metrics Rendering artifacts, such
as blurring, distortions, and unnatural textures, degrade the
perceptual quality of generated images. To evaluate render-
ing quality, we use:
• Naturalness Image Quality Evaluator (NIQE) [19]: A no-

reference image quality assessment metric that evaluates
the naturalness of an image by analyzing statistical de-
viations from real images. Lower NIQE scores indicate
fewer artifacts and higher realism.

• Cumulative Probability Blur Detection (CPBD): Mea-
sures the sharpness of an image based on edge contrast.
Higher CPBD values indicate sharper images with fewer
blur artifacts.

Emotional Expressiveness Metric Expressing emotions
accurately is crucial for generating lifelike and engaging
talking heads. We evaluate emotional expression fidelity
using:
• Emotion Accuracy: Assesses how well the generated fa-

cial expressions match the target emotional category. This
is computed by passing the generated frames through a



Method/Metric PSNR↑ SSIM↑ LPIPS↓ L1 ↓ AKD↓ AED↓
PIRenderer [23] 22.13 0.72 0.22 0.053 2.24 0.032
Face-V2V [37] 23.29 0.74 0.17 0.037 1.83 0.025
LIA [38] 24.75 0.77 0.16 0.036 1.88 0.019
DaGAN [10] 23.21 0.74 0.16 0.041 1.93 0.023
MCNET [9] 21.74 0.69 0.26 0.057 2.05 0.037
StyleHEAT [43] 22.15 0.65 0.25 0.075 2.95 0.045
DPE [21] 26.16 0.83 0.18 0.059 2.05 0.031
EDTalk [29] 26.50 0.85 0.13 0.031 1.74 0.017

FixTalk 27.16 0.86 0.11 0.024 1.62 0.009

Table 1. The quantitative results compared with SOTA face reen-
actment methods on HDTF dataset.

pre-trained emotion recognition model and comparing the
predicted emotion labels with the intended emotions.

2. More Experimental Results
2.1. More Video-Driven Comparison with SOTAs
More quantitative results. In addition to the quantita-
tive comparison results with SOTA methods presented in
the main paper, we provide a more comprehensive eval-
uation here, including additional methods such as PIRen-
derer [23], Face-V2V [37], LIA [38], DaGAN [10], MC-
NET [9], StyleHEAT [43], DPE [21], and more evalua-
tion metrics, including LPIPS, L1, AKD, and AED. From
the results in Tab. 1, it is evident that FixTalk outperforms
all other methods across all metrics, demonstrating its ro-
bustness and effectiveness. Notably, FixTalk significantly
surpasses EDTalk, highlighting the impact of the proposed
EMI and EDI. These components effectively address the
limitations of EDTalk, such as identity leakage and render-
ing artifacts, thereby validating the efficacy and superiority
of our approach.

More qualitative results. To provide a more intuitive
comparison of the differences between methods, we present
visualized results in Fig. 5. When handling driven im-
ages with exaggerated expressions and extreme poses, most
methods exhibit noticeable artifacts. In contrast, FixTalk
not only generates normal results free from identity leakage
and rendering artifacts but also achieves decoupled control
of mouth poses and emotional expressions. This capabil-
ity aligns well with the requirements of various application
scenarios, showcasing the versatility and robustness of our
approach.

Comparison to LivePortrait. We observe that among
GAN-based models, LivePortrait achieves higher render-
ing quality than other methods, primarily due to its use of
a larger and higher-quality dataset. Specifically, LivePor-
trait is trained on 69M video frames, including 200 hours of
high-quality videos collected in-house, which is ten times

Source Image Driven Image Retrained LivePor Ours

Figure 7. Comparison to retrained LivePortrait [8]. To ensure a
fair comparison, we retrained LivePortrait using the same publicly
available dataset we used.

more than the approximately 5M frames in our publicly
available dataset. This significantly larger dataset undoubt-
edly contributes to the stronger performance of LivePor-
trait. However, despite this data advantage, our method
achieves comparable image quality, particularly in teeth and
background details, and outperforms LivePortrait in tempo-
ral consistency, as demonstrated in demo video (4:18–4:34)
and Tab. 1 of main paper. For a fair comparison, we re-
train LivePortrait on our dataset and re-evaluate the results,
as shown in Fig. 7, where FixTalk demonstrates signifi-
cant improvements over LivePortrait, particularly in reduc-
ing rendering artifacts, such as background inconsistencies
and teeth details. To provide a more intuitive comparison,
we compute quantitative metrics for rendering quality. The
results show: LivePortrait: CPBD = 0.532, NIQE = 14.545;
Our method: CPBD = 0.682, NIQE = 18.386. Both metrics
indicate that under the same conditions, our method outper-
forms LivePortrait, further validating the effectiveness of
our approach.

2.2. More Audio-Driven Comparison with SOTAs
More quantitative results. Apart from the quantitative
comparison with SOTA methods as detailed in the main
paper, we present additional quantitative comparisons with
more audio-driven talking head generation methods, in-
cluding MakeItTalk [49], Audio2Head [35], PC-AVS [48],
AVCT [36], MuseTalk [45], V-Epress [31], EAMM [12],
StyleTalk [16], EmoGen [7], SAAS [27], DreamTalk [17].
The comparison results outlined in Tab. 2 demonstrate that
our method outperforms state-of-the-art approaches across



Metric/Method PSNR↑ SSIM↑ M-LMD ↓ F-LMD↓ FID↓ Syncconf ↑
MakeItTalk [49] 19.442 0.614 2.541 2.309 37.917 5.176
Wav2Lip [22] 19.875 0.633 1.438 2.138 44.510 8.774
Audio2Head [35] 18.764 0.586 2.053 2.293 27.236 6.494
PC-AVS [48] 16.120 0.458 2.649 4.350 38.679 7.337
AVCT [36] 17.848 0.556 2.870 3.160 37.248 4.895
IP-LAP [47] 19.832 0.627 2.140 2.116 46.502 4.156
TalkLip [33] 19.492 0.623 1.951 2.204 41.066 5.724
SadTalker [44] 19.042 0.606 2.038 2.335 39.308 7.065
AniTalker [15] 19.714 0.614 1.903 2.277 28.826 6.638
Hallo [42] 19.061 0.598 1.874 2.294 46.295 6.993
EchoMimic [2] 18.884 0.600 1.793 2.110 42.174 5.190

EAMM [12] 18.867 0.610 2.543 2.413 31.268 1.762
StyleTalk [16] 21.601 0.714 1.800 1.422 24.774 3.553
PD-FGC [32] 21.520 0.686 1.571 1.318 30.240 6.239
EMMN [26] 17.120 0.540 2.525 2.814 28.640 5.489
EAT [6] 20.007 0.652 1.750 1.668 21.465 7.984
FlowVQTalker [28] 21.572 0.709 1.551 1.304 23.453 6.901
EDTalk [29] 21.628 0.722 1.537 1.290 17.698 8.115

FixTalk 22.382 0.743 1.314 1.215 15.851 8.009

Table 2. Audio-driven quantitative comparisons on MEAD.

various metrics.

More qualitative results. Due to the space limitations in
the main paper, we only present the qualitative results of
FixTalk compared to several state-of-the-art (SOTA) meth-
ods. Here, we provide additional qualitative results, as
shown in Fig. 6. Our method consistently outperforms
SOTA methods in terms of mouth synchronization, consis-
tency under extreme poses, and expressiveness of facial ex-
pressions. These observations align with the quantitative
results presented in Tab. 2, further validating the superior
performance of FixTalk.

2.3. User Study
To evaluate the performance of different methods from a
human perspective, we randomly sample 10 videos gener-
ated by each method and conduct a user study. Specifi-
cally, we invite 20 participants and ask them to rate each
video on a scale of 1-5 based on their motion consistency,
the identity preservation, and the image quality. Since many
participants do not have a background in computer vision,
we provide detailed explanations for each criterion to assist
their judgment.
• Motion Consistency: Participants assess how well the

generated video aligns with the driven video in terms of
motion accuracy.

• Identity Preservation: Participants evaluate the similarity
between the generated face and the source image to assess
how well the unique characteristics of the individual are
preserved.

• Image Quality: Participants rate the clarity of the gener-
ated video and assess whether it contains fewer artifacts.

Method/Metric PSNR↑ SSIM↑ LPIPS↓ L1 ↓ AKD↓ AED↓
Baseline 26.50 0.85 0.13 0.031 1.74 0.017
w/o EMI 26.68 0.86 0.13 0.029 1.69 0.013
w/o EDI 26.92 0.85 0.11 0.026 1.66 0.014

FixTalk 27.16 0.86 0.11 0.024 1.62 0.009

Table 3. The quantitative results of ablation study on HDTF
dataset.

Metric/Method Baseline w EDI w EMI FixTalk
CSIM ↑ 0.594 0.596 0.609 0.613
NIQE↓ 42.41 19.26 36.64 13.44
CPBD↑ 0.221 0.273 0.234 0.282

Table 4. More ablation studies on fixing identity leakage and ren-
dering artifacts.

Metric/Method LIA LIA+EMI LIA+EDI LIA+EMI+EDI

CSIM ↑ 0.522 0.543 0.525 0.548
NIQE ↓ 46.76 38.72 25.14 21.59

Table 5. More ablation studies on LIA.

Metric/Method Echomimic [2] EchomimicV2 [18] Hallo [42] Hallo3 [4] Ours

Computational cost (MB) ↓ 7.32 11.60 9.64 37.71 3.65
Inference time (Frame/S) ↑ 0.057 0.281 0.463 0.075 27.601
Dataset Size (hour) ∼540h ∼160h ∼164h ∼134h ∼55h
Public data % % % % !

Table 6. Computational cost, inference time, training data for each
method.

The results are summarized in the main paper, where our
method outperforms others in all aspects.

2.4. Ablation Study
In the main paper, we present qualitative ablation study re-
sults. Additionally, in Tab. 3, we further provide quantita-
tive ablation study results, clearly illustrating the specific
contributions of EMI and EDI to each aspect of the model’s
performance.

In particular, to emphasize that our method effectively
fixes the issues of identity leakage and rendering artifacts
in current GAN-based models for high-quality rendering,
we provide quantitative results for both aspects in Tab. 4
and Tab. 5. Compared to the baseline, FixTalk shows sig-
nificant improvements in both identity leakage and render-
ing artifacts. The improvement in identity leakage primar-
ily stems from our proposed EMI module, which leads to
a noticeable increase in CSIM. The reduction in rendering
artifacts is mainly due to EDI, which results in significant
improvements in both NIQE and CPBD.

2.5. Comparison on three key aspects
As mentioned in the main paper Sec. 1, to facilitate the
application in various areas, modern talking head genera-
tion methods are expected to achieve three critical goals:



(1) System Efficiency: Given the potential real-time appli-
cations, fast inference and minimal computational overhead
are necessary for broader adoption [8]. (2) Decoupled Con-
trol: Effective talking head generation involves finely con-
trolling several key components, such as the mouth, head
pose, and emotional expressions. To achieve realistic and
expressive facial animations, it is crucial to disentangle and
control these aspects independently, allowing for granu-
lar adjustments to each component without influencing the
others [32]. (3) High-Quality Rendering: Producing high-
quality video outputs is a primary goal for talking head gen-
eration, especially when creating extreme poses and expres-
sions [41]. To comprehensively validate the superiority of
our method, we conduct a detailed comparison across the
three aspects mentioned above.

System Efficiency. Real-time generation is a critical com-
ponent of talking head generation, as it enables the creation
of dynamic, responsive avatars capable of interacting with
users or real-time inputs. Here, we conduct an analysis of
the model parameters size and the number of frames gen-
erated per second. To ensure a fair comparison, we run
all models on an NVIDIA A100 GPU with 80GB memory
and record the results in Tab. 6. As observed, diffusion-
based models [2, 4, 18, 42] typically consume a signifi-
cant amount of GPU memory. In contrast, our method re-
quires only 3.65GB of memory, making it highly efficient
and capable of running on devices with as little as 6GB of
GPU memory. Additionally, our method achieves a much
faster inference speed compared to other approaches, gen-
erating 27.6 frames per second. Given that standard talk-
ing head videos typically run at 25 frames per second, our
method fully meets the requirements for real-time gener-
ation. Meanwhile, it also demonstrates that our proposed
EDI and EMI modules are lightweight, as they do not affect
the efficiency of the base model while effectively addressing
its inherent identity leakage and rendering artifact issues.

Decoupled Control Our method is built upon Base-
line [29], which is currently the state-of-the-art model for
disentangled control. Since our EMI and EDI modules
do not disrupt its disentangled semantic space, FixTalk re-
tains the ability to perform disentangled control over talk-
ing heads. As shown in Fig. 5, Fig. 5 in the main paper,
and the demo video (4:12–4:36), our method enables in-
dependent control over mouth shape, head pose, and facial
expressions.

Rendering Quality The primary goal of this paper is
to fix the common issues of identity leakage and render-
ing artifacts in GAN-based models when generating high-
quality renderings. While our method is also GAN-based,
we demonstrate that with the incorporation of our proposed

Metric FOMM LIA DPE EmoPort EDTalk Ours

CSIM ↑ 0.503±0.11 0.522±0.09 0.567±0.09 0.493±0.19 0.594±0.08 0.613±0.05
NIQE ↓ 34.85±15.24 46.76±19.97 42.96±21.48 29.88±10.36 42.41±18.71 13.44±1.26
CPBD ↑ 0.176±0.13 0.161±0.07 0.183±0.07 0.178±0.05 0.221± 0.08 0.282± 0.05
Accemo ↑ 38.72% 38.69% 35.99% 68.40% 68.85% 70.93%

Table 7. More quantitative metrics with deviation values.

EMI and EDI modules, these issues can be effectively miti-
gated. To highlight this, we compare our approach with the
current state-of-the-art GAN-based models. Fig. 5 and Fig.
5 in the main paper qualitatively illustrate the improvements
our method achieves in reducing identity leakage and ren-
dering artifacts. For a more intuitive evaluation, we present
quantitative results in Tab. 7, where our method consistently
outperforms other GAN-based approaches across all met-
rics. We also provide the deviation values for each metric
to ensure a more comprehensive evaluation. These results
strongly validate the superiority and stability of our method
in addressing identity leakage and rendering artifacts.

2.6. More Animated Results by FixTalk
In Fig. 1, we showcase a diverse set of results generated by
FixTalk, highlighting its robust performance across various
input image types. These inputs include real human pho-
tographs, sculptures, AIGC-generated images, oil paintings,
and more, demonstrating the model’s versatility. The gener-
ated results also feature a wide range of extreme head poses
and vivid facial expressions, showcasing FixTalk’s ability to
handle challenging scenarios with remarkable consistency
and quality. This diversity of inputs and outputs underscores
the model’s capability to adapt to different visual domains
while preserving realism and expressiveness in its generated
talking heads.

2.7. More Exploration in GAN-based models
In Baseline, to generate results consistent with the identity
of the source image and the motion of the driven image,
the framework extracts fs and fs

1:5 (i.e., fs
1 , fs

2 , fs
3 , fs

4 ,
fs
5 ) from the source image to represent identity information

(e.g., appearance). Simultaneously, it extracts {fd, fd
1:5}

from the driven image, with motion features further refined
through Conditional Layer Normalization (CLN).

To identify which variable contributes to identity leak-
age, we systematically replace features extracted from the
source image with corresponding features from the driven
image. In the main paper, we already presented results
for replacing (1) fs

1:5 with fd
1:5, (2) fs

4 with fd
4 , (3) fs

1:5/4

with fd
1:5/4 . Here, we further demonstrate the results of

replacing (4) fd with fs, as shown in Fig. 8. Combining
these additional results with the analysis in the main text,
we conclude that identity leakage primarily originates from
the fourth layer’s features, highlighting its critical role in
encoding identity information.
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3. Discussion

3.1. Generalizability
To address the issues present in GAN-based models for
high-quality rendering, we propose a set of exploratory ex-
periments in Sec. 3 of the main paper. Based on the find-
ings from these experiments, we introduce two modules,
EMI and EDI, in Sec. 4 to specifically tackle identity leak-
age and rendering artifacts, respectively. Considering that
EDTalk [29] is the current state-of-the-art among GAN-
based methods, having already resolved various issues ex-
cept for these two, we select it as the representative GAN-
based model in our study. This choice allows us to bet-
ter highlight the existing challenges in GAN-based talking
head generation.

However, it is important to emphasize that the ex-
ploratory experiments and research methodologies pro-
posed in Sections 3 and 4 are not specifically designed
for EDTalk—they are also applicable to other GAN-based
methods. To validate this, we use LIA as the backbone in
Section 5.4, and the results demonstrate that our proposed
method effectively addresses identity leakage and rendering
artifacts in LIA as well. Next, we conduct a detailed analy-
sis from the following three perspectives:
(1) Identifying the Problem. Our primary motivation

stems from the investigative experiments conducted in
Section 3, where we identified two key issues in Base-
line: (a) Identity Leakage. (b) Self-driven results out-
perform cross-driven results. This leads us to pose the
question: Can we mitigate identity leakage for high-

quality talking head generation in extreme poses and
expressions? To verify the generalizability of our ex-
ploratory experiments and research question, we further
test recent state-of-the-art GAN-based models, includ-
ing FOMM [25], LIA [38], DaGAN [10], DPE [21],
MCNET [9], and EmoPor [5]. The results, shown
in Fig. 5, confirm that these methods exhibit the same
two findings (a) and (b). Furthermore, their respective
papers also indicate that performance in the self-driven
setting is consistently better than in the cross-driven set-
ting. Therefore, our findings are not limited to Baseline
but are also applicable to other GAN-based models.

(2) Investigating the Problem. Building on the findings
in (1), we conduct systematic experiments on Baseline
to identify the specific variables responsible for carry-
ing identity information. Since most GAN-based mod-
els follow an encoder-decoder structure and involve ex-
tracting motion features from the driven video, our sys-
tematic experiments on Baseline can be extended to
other methods to locate the variables contributing to
identity leakage in each approach.

(3) Solving the Problem. Once the responsible variables
are identified, we introduce EMI and EDI modules. As
demonstrated in Figure 4 and Section 4, these modules
are plug-and-play: EMI is inserted into the encoder,
while EDI serves as a bridge between the encoder and
decoder. As discussed in (2), most GAN-based models
contain both an encoder and a decoder, meaning that
EMI and EDI can be seamlessly integrated into other
existing methods, such as LIA [38], DPE [21], and An-
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Figure 9. Exploration in other GAN-based model-LIA [38].
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Figure 10. comparison results between original LIA and LIA + FixTalk.

iTalker [15].

Through the above three aspects of analysis, we theo-
retically demonstrate that our method can be generalized
to other GAN-based models in terms of motivation, ex-
ploratory experiments, and research methodology. To fur-
ther validate this, we conduct the same experiments on
LIA [38]. As shown in Fig. 9, the findings from our ex-
ploratory experiments on LIA are consistent with the con-
clusions drawn in Section 3 of the main text.

Following this, we integrate our EMI and EDI modules
into LIA, as illustrated in Fig. 10. The final experimental re-
sults confirm that our method effectively mitigates identity
leakage and rendering artifacts in the original model (LIA).
This further demonstrates that our approach is widely appli-
cable to most GAN-based models.

3.2. Quality Improvement
Key contribution In our results, including figures and ta-
bles in both the main paper and supplementary materials,
as well as the demo video, we showcase FixTalk’s per-
formance in both video-driven and audio-driven settings.
Additionally, we demonstrate FixTalk’s capability in face
disentanglement control. However, it is important to em-
phasize that the primary focus of this paper is to address
the prevalent issues of Identity Leakage (IL) and Render-
ing Artifacts (RA) in GAN-based models. Therefore, our
method is primarily designed to improve these two aspects:
(1) Identity Preservation: Our results show that the gen-
erated identity remains consistent with the source image
rather than being influenced by the driven image, leading to
higher CSIM scores. (2) Reduction of Artifacts: In extreme
cases, such as side views or exaggerated facial expressions,
our method produces fewer artifacts, maintains high image



quality, and avoids blurring, as reflected in higher CPBD
and lower NIQE scores. Improving audio-to-lip synchro-
nization is not the main focus of this work. Our goal is
simply to ensure performance on par with existing meth-
ods. Qualitatively, our approach achieves satisfactory lip-
sync results, and quantitatively, it matches or even surpasses
current state-of-the-art (SOTA) methods. Thus, FixTalk not
only ensures lip-sync quality but also effectively addresses
identity leakage and rendering artifacts, validating our core
contribution.

Comparison to diffision based models Inspired by the
success of diffusion models in video generation, extensive
efforts have been made to apply diffusion models to the talk-
ing head domain, achieving impressive results. Diffusion-
based models [13, 30, 46] have demonstrated superior
image quality and audio-lip synchronization compared to
GAN-based models. However, these models heavily rely on
large-scale, high-quality training data. As shown in Tab. 6,
the current SOTA diffusion-based talking head models are
trained on datasets that far exceed ours in size, with most
of their data being privately collected high-quality datasets,
whereas we use publicly available datasets. Additionally,
their computational requirements are significantly higher
than ours. Therefore, while a direct comparison with these
models may not be entirely fair, our approach still achieves
comparable results and even surpasses them in some as-
pects, demonstrating the effectiveness of our method.

3.3. Backbone Selection
GANs can be categorized into 2D GANs and 3D GANs.
In this work, FixTalk adopts a 2D GAN as its backbone.
Compared to 2D GANs, 3D GANs (e.g., StyleSDF [20])
introduce an additional dimension to model depth informa-
tion, enabling multi-view synthesis. However, we chose
not to use 3D GANs for the following reasons: (1) Our
work primarily addresses identity leakage and rendering ar-
tifacts, where depth information provides limited benefits.
(2) Real-time generation is crucial for talking head genera-
tion, but 3D GANs introduce additional parameters, requir-
ing more computational resources and making real-time in-
ference challenging. (3) Audio-driven animation prioritizes
lip sync, which has minimal dependency on depth informa-
tion. (4) Multi-view modeling in 3D GANs requires multi-
view training data, which is currently scarce. (5) 3D GANs
require additional loss functions to learn depth information,
increasing training complexity. Considering these factors,
we opted for a 2D GAN instead of a 3D GAN in our ap-
proach.

3.4. Limitation
While our current work, FixTalk, has made significant
strides, it still has certain limitations that present opportu-

nities for future improvement. (1) Lack of Decoupling for
Eye Movement: Although our approach has successfully
decoupled mouth movements, poses, and expressions, the
eyes remain coupled with other facial features. Decoupling
eye movements is a critical aspect, as they play a crucial
role in conveying emotions and natural behavior, especially
in expressive talking head generation. (2) Absence of Nat-
ural Emotion Prediction from Audio: Our method currently
does not predict natural emotions, including subtle micro-
expressions, directly from audio input. Incorporating emo-
tional cues from audio could significantly enhance the real-
ism and expressiveness of generated talking heads, but this
remains an unexplored challenge. These limitations high-
light the potential areas for further research and refinement
in enhancing the realism and versatility of FixTalk.

3.5. Ethical Considerations

Our proposed talking head generation model demonstrates
significant potential for creating realistic and expressive
talking heads for a variety of applications, such as vir-
tual assistants, language learning tools, and entertainment.
This technology offers transformative benefits by enabling
more accessible, engaging, and automated communication
workflows. However, like any generative technology, talk-
ing head generation also raises important ethical consider-
ations, particularly around potential misuse. Malicious ac-
tors could exploit this technology to produce fake or decep-
tive content, such as manipulated videos for propaganda,
false endorsements, or defamatory material. Such misuse
could erode trust in digital communications, amplify the
spread of misinformation, and have damaging social, po-
litical, and economic consequences. Despite ongoing ad-
vancements in deepfake detection and content authentica-
tion technologies, challenges remain in identifying high-
quality and contextually convincing synthetic videos. This
makes it increasingly important to address the ethical impli-
cations of talking head generation proactively. To mitigate
these risks, we are pleased to share our talking face gener-
ation results, which can help advance detection algorithms
to effectively address increasingly sophisticated scenarios.
Additionally, to prevent misuse of the generated videos, we
will incorporate watermarks during the generation process.
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