PC-Talk: Precise Facial Animation Control for Audio-Driven
Talking Face Generation

Supplementary Material

In the supplementary material, we mainly focus on the
following aspects:

1. Further Analysis: We examine more features and pro-
vide further explanations of our framework, including
style space visualization, motivation of speaking style
editing and a deeper look into the implicit keypoint rep-
resentation and two-stage generation process.

2. Additional Experiments: We present comparisons on
additional datasets and conduct an ablation study on
components within the LAC module.

3. Implement Details: We provide detailed information
about our framework, covering model architecture, emo-
tion sources, loss functions, and training details.

4. Discussion: We discuss potential improvements for fu-
ture work and address ethical considerations.

Additionally, we strongly encourage watching the supple-
mentary video, which showcases comparisons with other
methods and demonstrates the controllability of speaking
style and emotional expression. Our method clearly outper-
forms others in overall realism and control precision.

1. Further Analysis

Style Space Visualize. As shown in Fig. S1(b), we project
style embedding video clips and one-hot codes into the style
space and visualize the results using PCA. We observe that
embeddings corresponding to the same speaking style form
tight clusters, while remaining well separated across differ-
ent identities (since each identity exhibits a distinct speak-
ing style). This demonstrates the consistency and effective-
ness of our learned style space, which is derived from both
video references and preset one-hot inputs.

Speaking Style Editing. The motivation behind speaking
style editing is to explicitly define and manipulate speaking
styles. When the desired style cannot be achieved through
either a preset option or a video reference, we edit the
speaking style using specific lip articulations to simulate
particular speaking habits. This approach differs from sim-
ply scaling lip movements, as it selectively targets specific
articulation. However, the extent of style editing is con-
strained to maintain accurate lip-sync performance.
Implicit Keypoint. In our framework, we adopt implicit
keypoints as the intermediate representation due to their
balanced visual quality and computational efficiency—both
crucial for our application. While EAT [6] utilizes im-
plicit keypoints from Face-vid2vid[14], it offers limited
fine-grained control, such as in eyebrow movement. In con-
trast, our approach employs implicit keypoints similar to
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Figure S1. (a) Two stage generation. (b) Style Space Visualize.
Each color represents a speaking style sample from both one-hot
code and reference video.

those in LivePortrait[7], a video-driven method, which con-
nect several implicit keypoints to 2D facial landmarks, en-
abling independent animation of each facial region. Specif-
ically, we introduce a landmark-guided loss during train-
ing, which optimizes the projected distance between im-
plicit keypoints and 2D facial landmarks. Our approach
generates vivid talking faces with expressive emotions from
audio alone, enabling precise editing of speaking style and
emotional expression—capabilities notably absent in exist-
ing methods.

Two-stage Generation. As depicted in Fig. Sl(a), our
method is not theoretically limited to a single implicit key-
point framework, but can be extended to various two-stage
generation approaches, including advanced diffusion mod-
els that offer greater generative capability at the expense
of efficiency. The control module can be trained not only
on implicit keypoints, but also on other intermediate repre-
sentations such as facial landmarks or 3DMM parameters.
Once the desired speaking style and emotional expression
representations are obtained from the control module, they
are passed to the generation model for final output.

Our model supports not only realistic human faces but
also styles like cartoons and paintings. This versatility
stems from training the implicit keypoints framework with
a combined dataset of human and stylized faces. It can even
be extended to animals, such as cats and dogs, showing the
strong generalize ability.

2. Additional Experiments

2.1. Experiments on other Datasets

As shown in Tab. S1, we randomly selected 50 video clips
from the VoxCeleb2[3] and LRW[15] datasets to compre-



Table S1. Experiments on VoxCeleb2 and LRW dataset

VoxCeleb2 LRW
Method LSE-Ct LSE-D|, FID, NIQE| FVD| LSE-Ct LSE-D, FID, NIQE] FVD|
Wav2Lip[10] | 7.65 713 4216 47.18 27583 | 632 831 3924 5622  176.09
MuseTalk[17] | 4.07 074 4121 4746 23526 | 3.73 1047 2523 5548 15381
SadTalker[16] | 6.08 803  64.64 3469 45595 | 535 871 4858 1539 516.84
Hallo-v2[4] 7.26 8.17 8034 1329 359.60 | 6.8 9.13 5703 13.83 483.89
PC-Talk(Ours) | 7.74 752 3237 1334 20555 | 7.4 8.04 2483 1248 163.70
SadTalker AniPortrait Echomimic Hallo-v2 Ours

Lip shape GT

Wav2Lip

i Kﬂi«_’
i

-

2

<

.‘2‘

Video
ReTalking

MuseTalk

Ours

K
3

R~
=2
,\le .r

,4
4 T

Figure S2. Comparison with other baseline. The lip shape GT in right side is at the corner of each row.

hensively evaluate the performance of our method. These
datasets feature diverse speakers, varying head poses, light-
ing conditions, and background complexity, making them
representative of challenging in-the-wild scenarios. Our ap-
proach consistently achieved the highest rank across nearly
all evaluation metrics, demonstrating not only superior
overall performance but also strong generalization ability.
These results highlight the robustness and adaptability of
our method in real-world, unconstrained environments.

2.2. More Ablation Study

We conducted a series of ablation studies focusing on key
components related to the lip-audio alignment module, in-
cluding the use of lip-specific keypoints, the incorporation
of a final MLP layer, and the effect of data augmentation
strategies. As shown in Tab. S2,we observe that restricting
prediction to only lip-related keypoints leads to improved
lip-synchronization accuracy, due to reduced ambiguity and
more focused modeling of lip motion. Incorporating the fi-
nal MLP layer into our architecture significantly enhances

synchronization quality, as it is trained on implicit keypoints
rather than solely on expression deformations. Further-
more, applying data augmentation contributes to improved
generalization, further boosting overall performance.

2.3. More Visible Results

As shown in Fig. S2, our methods demonstrate superior re-
sults compared to other approaches. Both lip synchroniza-
tion and image quality are significantly improved. Addi-
tionally, as shown in Fig. S3, the emotional expressiveness
of our results is distinct. Our methods effectively support
various facial styles in Fig. S6, including not only realistic
human faces but also paintings and cartoons, showcasing
their versatility and effectiveness.

3. Impletation Details
3.1. Model Architechture

As shown in Fig. S4 , our model adopts an auto-regressive
method adapted from FaceFormer [5] for expression predic-
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Figure S3. Comparison with other emotional talking face generation methods.

tion. The speaking style can be specified in two ways: either
from a reference video or via a preset option provided in the
dataset. To extract style information, we use a Transformer
Encoder that encodes a sequence of expression deforma-
tions—obtained from the reference video—into a style em-
bedding. Preset styles are represented as one-hot vectors,
which are projected into the same style space as the former.
During inference, users can upload a reference video to en-
able speaking style adaptation, or switch to the preset mode
when no video is available.

The overall architecture follows a Transformer Decoder
design [13], consisting of a self-attention layer that captures
temporal coherence across frames and a cross-attention
layer that incorporates the audio embedding e,. An MLP
layer is applied to refine the final output. The auto-
regressive mechanism contributes to the temporal stability
of the generated video. This architecture is also integrated
into the emotion control module, serving as a unified predic-

tor for generating expression deformations that reflect com-
bined emotional deformation.

3.2. Various Emotion Source

Our method leverages multiple sources to flexibly control
the emotional expressions of a talking face. For direct
control sources like images, we replace the original facial
expression with the one extracted from the source image,
facilitating straightforward and effective emotion transfer.
Additionally, we utilize semantic-aware implicit keypoints
to transfer expressions to specific facial regions selectively.

For more complex control sources, such as audio or text,
we derive emotional embeddings from these sources. We
employ pre-trained emotion recognition models to extract
features and map them onto our generation network as emo-
tional embeddings. For example, we use the Wav2Vec [11]
model for audio sources and Emoberta [8] for text sources to
inform our emotional generation. For video references, we
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Figure S4. Architecture of our style-aware expression predictor.
We use an auto-regressive model to predict expression parameters
dpred from audio input a and speaking style source s, supporting
both video reference and preset one-hot style code as input.

simply use an unpretrained Transformer [13] with expres-
sion input and can incorporate the average of emotion de-
formation from the video reference as direct control. Once
these emotional embeddings are obtained, they are inte-
grated into the generation process to produce an emotion-
ally expressive talking face.

3.3. Loss Function

We incorporate various types of loss functions when train-
ing the Lip-Audio Alignment Control (LAC) module. The
style-aware expression predictor generates a predicted key-
point set K,..4, which is subtracted from the original key-
point set K,.; to produce the final lip-sync deformation D;
. The overall loss function L sc is formulated as:

ELAC = ﬁsync + >\kp£k:p + )\regﬁreg
+)\vel£vel + )\styleﬁstylev
The sync loss Ly is adapted from Wav2Lip [10] , which

significantly enhances the model’s ability to achieve accu-
rate lip synchronization. The Ly, is formulated as:

SU ([gt:gt+4)T : Sa (agt:gt+4) (2)
1Sy (Igt:gt+4)”2 1Sa (agt:gt+4)||2 7

where Ig;.4¢44 is a sequence of frames as image input, and
Ggt:gt+4 i the audio input. The Ly, and L, , are employed
to constrain excessive deformation changes, ensuring stable
and natural results, which is formulated as:

(D

Esync = -

to+4
Lip = Z HKztn"ed - K;t||27 €)
t=to
to+4
Ereg = Z HKJtJTedH27 4

t=to

" lu nnm“u‘\.u

é (- Ksre " ‘ ub‘ «.u“m)»
o . é
Driven Video , | Motion - — (_ Module J__,|pecoder| |

A =4

;

| Encoder
S Kari

Figure S5. Data augmentation using video-driven portrait anima-
tion from same framework.
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Table S2. Ablation Study on lip-audio alignment.

Lip-related Keypoint | X v v v
Final MLP Layer X X v v
Data Augmentation X X X v

LSE-C (1) ‘8.26 847 926 9.37

Lye is employed to ensure temporal consistency, which is
formulated as:

Ly = i H (@twed - 5Z?e1d> — (9 — 5221)”2’ ©)

t=to+1

Additionally, we incorporate a style discrimination loss
Lstyie to ensure that the model adapts the style from the
source effectively. A pretrained classifier is used to super-
vise the generated results. The Ly, is formulated as:

Lstyle = - IOgPiy (6)

where 1 is category of the speaking style. Note that we only
calculate with ground truth category, as their are similiar
speaking style in dataset which is hard to identify.

For emotion control module, the loss function is identi-
cal with Ly, in LAC module. Additionally, we add a classi-
fier loss L.;s on emotion embedding to generate emotional
expressive feature from various emotion source.

M
Lets = =Y (ye *logpe), (7
c=1
where M is numbers of emotion categories, y,. is one-hot
embedding carries the emotion label ¢, and p. denotes the
predicted probability that belongs to class c.

3.4. Training Details

We preprocess the dataset by converting videos to 25 fps
and sampling audio at 16 kHz. We initialize frozen param-
eters including motion extractor, identity encoder, warping
module, and decoder from LivePortrait [7], while the au-
dio encoder is adopted from Wav2Lip [10]. Implicit key-
points and audio embeddings are extracted using these com-
ponents before training. The LAC module and EMC mod-
ule are trained separately using the Adam optimizer [9] with
a learning rate of le-4.
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Figure S6. Comparison with other emotional talking face generation methods.

For the LAC module, the style-aware expression predic-
tor is trained over 24 hours with a window size of 50, fo-
cusing on implicit keypoints. Then we transition to the ad-
ditional MLP layer, using the comprehensive network train-
ing which is conducted within the image space to compute
Lyne, necessitating a reduction in window size to 5 and ex-
tending the training time to 72 hours. As shown in Fig. S5,
we employed a data augmentation through unsupervised
video-driven portrait animation to enhance the training ef-
fectiveness. We use HDTF [18] as the driving video cou-
pled with audio tracks. We filter this with a SyncNet [2] to
ensure the lip-sync quality of data augmentation. This un-
supervised augmented data ensures a fair comparison across
experiments.

Given that the EMC module might adversely affect lip
synchronization, we refine the lip synchronization using the
lip refiner from LAC module to improve performance while
maintaining emotional expression. A Kalman filter is used
on implicit keypoints deformation during inference to de-
grade instability. Our framework achieves an impressive 30
frames per second, thus demonstrating high efficiency and
enabling real-time generation.

4. Discussion

Pose Generation: Current methods extract pose informa-
tion directly from video or through pre-defined templates to
apply to the input image, ensuring pose uniformity. These
methods utilize relative pose when working with images.
For future work, we propose generating pose information
directly from a noise vector z. Additionally, incorporating
audio as an input may prove beneficial, as the tone of voice
can reflect head movement.

Disentanglement of Implicit Keypoints: The quality of fa-
cial representation is critical in our methods. Although the
current implicit keypoints already set a high standard, there
is room for improvement, especially in handling large poses
and cross-identity inference. The disentanglement of iden-
tity, pose, and appearance features is crucial for enhancing
quality. To achieve more accurate implicit keypoints, inte-
grating 3D supervision might provide better results in future
iterations.

Ethical Consideration. Our method can generate high-
fidelity talking faces with fine-grained control over speak-
ing style and emotion. We acknowledge the potential risks
associated with the misuse of this technology on public plat-
forms. In light of these concerns, we are committed to re-
sponsibly sharing our results to support the development of
deepfake detection methods and promote safe, ethical use.
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