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A Details of the Objectives

This section reviews the objectives utilized for the training of audio-to-neutral
talking face (ANT) and emotional representation from audio (ERA).

A.1 Objectives for ANT

The reason for pre-training ANT is to ensure the performance of lip move-
ment generation and realistic face video generation. Initially, we employ a facial
landmarks estimator [9] to encode and generate lip movement from audio. This
landmarks estimator serves the purpose of extracting lip landmarks from both
generated and ground truth (GT) videos. The Llip using two sets of landmarks
is defined as follows:
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where k(g)
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i represent the lip landmarks of the i-th frame in the generated

and ground truth (GT) videos, respectively. Minimizing Eq. 1 provides the model
with the ability to mimic supervision (i.e., lip movements of GT) through audio.

To enhance generation quality, we design a main quality loss based on per-
ceptual loss.
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where VGGj(·) indicates the j-th channel feature of the pre-trained VGGNet [5],
and v

(g)
i and v

(r)
i are the i-th frames of the generated and GT videos, respectively.

Additionally, we further enhance performance using the discriminator D. The
adversarial loss via D is defined as follows:
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where v(r) and v(g) represent randomly sampled frames from the GT and gen-
erated videos, respectively. Eqs. 2, 3, and 4 focus on increasing the perceptual
similarity of images (or videos) and ensuring that generated images are indistin-
guishable from real ones. Ultimately, the application of these two loss functions
helps achieve realistic and detailed visual results.

A.2 Objectives for ERA

To enhance the context emotion generation capability of ERA, we design a vari-
ant of Le−adv, as in Eqs. 3 and 4. Unlike Ladv, which discriminates between real
and fake generated images through binary output, Le−adv quantifies the real/-
fake for each class, thereby improving the generation capability for the target
class. The conditional adversarial loss using categorical emotion (e.g., happy and
surprised) as input is defined as follows:
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where DE is the context emotion discriminator, and y represents the categorical
emotion label. Eqs. 5 and 6 assist the emotion encoder EE in forming a distinct
expression embedding space for each class. Consequently, both loss functions
enhance the visual quality of the generator G’s class-specific generated results.

B Experiments Settings

B.1 Metrics

To measure lip sync performance for each method, the following three metrics
were adopted.
I LMD. Lip Movement Distance (LMD) measures the distance between lip
landmarks in the GT and generated videos using the dlib library [7]. The formula
for LMD is the same as Eq. 1, with only the landmarks estimator being modified.
I LSE-D/C. Lip Sync Error-Distance/Confidence (LSE-D/C) measures the
distance and confidence between the audio feature s

(a)
i and video feature s

(v)
i ,

each encoded through SyncNet [3] [10].
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where N and D denote the sequence length and dataset size, respectively.
To quantify the emotional intensity representation capability of each method

given the pseudo label (i.e., emotional intensity) set Y and prediction set Ŷ , the
following three metrics were adopted.
I RMSE. Root Mean Square Error (RMSE) measures the straight-line differ-
ence between predictions and labels.

RMSE(Y, Ŷ ) =

√
E((Y − Ŷ )2).

I PCC. Pearson Correlation Coefficient (PCC) summarizes the characteristics
between two datasets by measuring the linear correlation between predictions
and labels.

PCC(Y, Ŷ ) =
E[(Y − µY )(Ŷ − µŶ )]

σY σŶ

,

where µ and σ represent the mean and standard deviation of the test samples,
respectively.
I CCC. Concordance Correlation Coefficient (CCC) measures the agreement
between predictions and labels.
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2
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B.2 Configurations

We set the FPS of videos used in the experiments to 25Hz and the sampling
rate of audio to 16kHz. Audio is transformed into mel-spectrogram [11], with a
window and hop length of 640. All video frames in the datasets are resized to
256× 256. We utilized the Adam optimizer [8] for model training. For ANT, the
convolution and transformer layers were updated with a learning rate (lr) of 2e-4.
Additionally, during ERA training, the learning rate (lr) of ANT’s network was
set to 5e-5. Furthermore, the learning rate (lr) for the VA regression backbone
F was set to 2e-5, while the learning rates (lr) for the regressor θ and classifier
ϕ were set to 5e-4. The scaling factors for Lper and Linten, denoted as λper and
λinten, were set to 10. The scaling factors for Llip, Ladv, Lmetric, Le−adv, and
Lcls, denoted as λlip, λadv, λmetric, λe−adv, and λcls, were set to 5. The batch size
was set to 4, and the model was trained for 500 epochs. Finally, all quantitative
experimental results were reported as the average of 5 runs.

C Additional Results

In this section, we present additional qualitative outcomes of EAP and quantify
its performance from the perspective of emotional intensity.
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