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Abstract. Facial expression synthesis has gained increasing attention in artificial intel-
ligence applications. Existing methods use the identical facial image as input and generate
the whole image for a new facial expression image, which can destroy an important iden-
tity/feature from the original image. Psychological research explains that the differences
in facial expressions often appear in crucial areas, mainly in the eye and mouth. In this
paper, we proposed to generate a new facial expression image from an identical facial
image by minimizing the area of generating the image instead of generating the whole
image. Our method is based on the Denoising Diffusion Probabilistic Model (DDPM)
and text embedding for guiding the generator to produce a new image with design expres-
sion. Our method can generate realistic facial expression images while maintaining the
identity from the input facial image.
Keywords: Facial expression synthesis, Image generative model, Denoising diffusion
probabilistic model, Text-guided image generator, Text-to-image

1. Introduction. Facial information plays a crucial role in numerous artificial intelli-
gence applications and practical purposes, including face recognition [1, 2, 3], face mask
detection [4], Facial Expression Recognition (FER) [5, 6, 7, 8, 9], and creating avatar
images for virtual and augmented reality [10]. These applications have a significant im-
pact on human society and daily life. Some of these applications rely on a neutral facial
expression as input, such as face recognition or search, which can be challenging if the
image does not capture a neutral expression. In such cases, facial expression synthesis or
manual editing is necessary to modify the presented expression to a neutral one.

Editing facial expressions in photos often requires the expertise of skilled professionals
and specialized photo editing software. However, this process can be expedited by utilizing
image generation technology. Image-generation software has the capability to create a new
facial expression for the entire image, including the background, face, and details of the
facial expression. However, this can sometimes result in the removal of certain features
or identities from the original image, such as a birthmark, scar, or skin condition.

FER is a complex computer vision task that involves several research fields, including
psychology, physiology, and computer science. Recent advances in machine learning tech-
nology make it possible to estimate human expression from a full facial image [11, 12].
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However, psychological research [13, 14] reveals that the most prominent indicators of hu-
man expression are the eyes and mouth. The generator should focus only on these crucial
areas to generate the required facial expression from an existing image.
According to psychological research, a practical method for gaining optimal control over

the facial expression image generator involves extracting and producing only the essential
details from the eyes and mouth. There are different methods to isolate the eye and mouth
regions in facial images, including object detection [15, 16, 17], facial landmarks [18], and
facial segmentation [19]. The image generative model can be trained with less complexity
by utilizing only the extracted regions.
In this paper, we introduce a method for creating synthetic facial expressions while

maintaining the identity of the original image. Our approach involves using DDPM [20]
as the generator and controlling the expression through text embedding [21]. The outcome
is a new facial image with a designed expression that maintains the identity of the original
image.
The main contribution of our paper is a new technique for extracting facial expressions,

focusing on the eye and mouth regions from original images. And build a model that
modifies the extracted area to display a different expression. Overall, our method generates
modified images that preserve the person’s identity while displaying a different expression,
unlike other methods [22, 23, 24] that alter the entire face, which can compromise some of
the original identity. Additionally, by focusing on generating small portions of an image,
our proposed model becomes smaller and easier to train.
The remainder of the paper is organized as follows. Section 2 reviews the related work.

Section 3 describes the proposed method and evaluation metrics. Section 4 presents the
dataset, implementation, and experiments, then reports and discusses the results. Finally,
Section 5 concludes the paper and suggests future work.

2. Related Work. Facial expression synthesis is a generative artificial intelligence ca-
pable of generating images in response to prompts or conditions. Most generative models
have this basic setup but are different in the details. There are three popular examples of
generative model approaches: Generative Adversarial Networks (GANs) [25], Variational
Autoencoders (VAEs) [26], and the DDPM [20]. Recent successful text-to-image [27] is an
advanced image generator using a DDPM, such as DALL-E, DALL-E2 [28], Imagen [29],
and Stable Diffusion [30].
DDPM [20] is a model that can produce high-quality images. The authors demonstrated

that a specific parameterization of DDPM is equivalent to denoising score matching across
various noise levels during training and annealed Langevin dynamics during sampling,
which generates the best quality results. The model learns to generate images by using
the denoising approach. DDPM has two steps. 1) The forward process adds random noise
to the image over a series of time steps (t1, t2, . . . , tn), where n is a maximum noise step
hyperparameter. 2) The reverse process is to remove the added noise at each time step
and denoise the samples in the backward direction (tn, tn−1, . . . , t1).
DDPM utilizes a Convolution Neural Network (CNN) in the U-Net [31] architecture

to manage the created image by learning and predicting the noise added to the input
images. U-Net processes from a given noise image with known timestep (t) by progres-
sively lowering the feature map resolution and increasing the resolution. To control the
generator to design images with DDPM, conditional U-Net [32] and text embedding [21]
approaches can be applied.
Contrastive Language-Image Pre-training (CLIP) [21] introduces text embedding to

the image generator. CLIP is a neural network trained on various (image, text) pairs. It
can be instructed in natural language to predict the most relevant text snippet, given an
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image, without directly optimizing for the task, like the zero-shot capabilities of GPT-
2 [33] and GPT-3 [34]. Text embedding is included in U-Net after down-sampling and
up-sampling blocks with a self-attention mechanism [35].

Transformer-based models rely heavily on the self-attention mechanism [35]. To enhance
the quality of images, self-attention was introduced to GANs by [36]. This enables the
modeling of attention-driven, long-range dependencies for generating images. Traditional
GANs create high-resolution details based on spatially local points in lower-resolution fea-
ture maps. In diffusion-based models, self-attention is incorporated into the architecture of
the model. The DDPM’s U-Net incorporates a self-attention layer in every downsampling
and upsampling block.

DDPM has limitations regarding high-resolution images as it requires more computa-
tional power for training and generating images. However, it can still be applied as a pre-
processing and post-processing technique to improve image resolution. For post-process,
Imagen [29] used Super-Resolution GAN (SRGAN) [37] to upscale the output images
from DDPM. Stable Diffusion utilizes an auto-encoder model [27] for pre-processing and
post-processing. The stable Diffusion model compresses the input image to latent space,
which DDPM then uses to learn how to denoise the space rather than the input image or
random noise. The resulting latent space can be decoded to create high-resolution images.

The state-of-the-art model uses text guidance [21] to control the output images. It
is designed to create a new image based on the provided prompt. However, to create
new facial expression images based on an existing image, using text guidance may cause
the loss of crucial features or alter the original identity of the face. Local and Global
Perception Generative Adversarial Network (LGP-GAN) [38] is an approach focusing on
facial expression synthesis to alter the expression that is present in the input image. They
proposed to crop the essential areas, such as the eyes and mouth, and employ GANs to
produce the necessary expression image. The generated image would then be merged with
the original image using GANs. LGP-GAN uses three distinct GANs to create the new
facial expression image.

This paper proposes a new method for generating required facial expressions inspired
by LGP-GAN [38]. Our proposed generative model is based on DDPM, whereas LGP-
GAN uses GANs. We extracted the eye and mouth portions of the facial image and used
them as input to produce a new image. Since the cropped and generated areas were small,
our method did not necessitate an extra step to enhance the resolution of the generated
image.

3. Local Expression Diffusion. In this section, we describe our proposed local expres-
sion diffusion, which includes data preprocessing, text-to-image for local facial expression,
and evaluation metrics.

3.1. Data preprocessing. Generating new facial expression images while keeping the
identity of the original image is challenging. To achieve this, our method follows the
guidelines from psychology research [13, 14] that facial expressions often vary in the eye
and mouth areas. Therefore, we propose minimizing facial generation in these regions.

To isolate a facial image’s eye and mouth regions, we rely on facial landmark data to
construct a bounding box around them. Specifically, we determine the location of the left
and right eyes for the eye bounding box and then calculate the top left coordinates, width,
and height of the bounding box using Equations (1)-(4), where a1 is the location of the
right eye, a2 is the location of the left eye, mx and my is the fixed margin, x is an x-axis
of the top left of boundary box, y is a y-axis of the top left of boundary box, w is the
width of boundary box, and h is the height of boundary box.



286 R.-C. CHEN, C. SUB-R-PA, M.-Z. FAN AND H. YU

Figure 1. Boundary box for the eye and mouth

Figure 1 shows the visualization of the boundary box obtained from Equations (1)-(4).
For this experiment, the values for mx and my are set to 50 for the eye, while the mouth
has mx = 10 and my = 40.

x = a1.x−mx (1)

y = a1.y −my (2)

w = (a2.x+mx)− (a1.x−mx) (3)

h = (a1.y +my)− (a1.y −my) (4)

3.2. Text-to-image with DDPM. Our method utilizes text-to-image technology to
create a specific design expression for the eye and mouth. We input the extracted eye
and mouth from the original image and the expression as a text caption into our model.
In Figure 2, we present the steps of our method. Initially, we extract the eye and mouth
regions from the original image. Then, we introduce Gaussian noise to this region and
input it into the noise prediction model and the target expression in text-embedding
format. The noise prediction model is trained separately to predict the added noise in
the image. We continue the denoising process until the added noise is removed from the
input image, resulting in a new image that reflects the target expression. We merge the

Figure 2. Local expression diffusion framework
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generated images with the original image to get the new facial expression image precisely
at the extracted location.

ln =







0.5(xn − yn)
2

β
, if |xn − yn| < β

|xn − yn| − 0.5× β, otherwise

(5)

To train the model, we add generated noise to the original image. The resulting im-
age and an expression in text format are then used as input for the model. The target
expression is then encoded to text-embedding vector and incorporated into the model
using a transformer attention block. This block includes a self-attention mechanism that
helps the model identify the relationship between the important regions in the image.
The predicted noise from the model is compared to generated noise for loss function with
smooth L1 loss (Equation (5)) where xn is generated noise, yn is predicted noise, and β

is a fixed value of 1.0, then we optimize the model with back-propagation. The trained
model’s predicted noise can be used to denoise the noise image to the original.

Figure 3 shows the forward diffusion and generative denoising process, image after
adding noise in different noise step. To create a new facial expression image using an
existing image, we introduce noise with the appropriate noise step of ti. The maximum
noise step is tn, and n equals 500. A low ti is utilized to preserve the feature of the original
image. In the denoising process, we send the target expression to the model instead of
the real expression.

Figure 3. An example of generating new images through the denoising
process using DDPM

To preserve the structure of an image, noise from the lower noise step (such as t100 from
Figure 3) can be incorporated. When denoising, the model utilizes the target expression
as a reference to modify the image. The noise step is a hyperparameter that allows for
adjustment of the ratio to maintain the original image structure while producing the new
expression image.

3.3. Evaluation metrics. Our experiment used two distinct metrics to quantitatively
analyze our findings. These metrics are known as Inception Score (IS) [39] and Fréchet
Inception Distance (FID) [40]. They are commonly used to evaluate the quality of images
that have been synthesized.

IS is a mathematical algorithm to gauge the quality of AI-generated images. The score
produced by the IS algorithm can range from zero (indicating the poorest quality) to
infinity (indicating the best quality). The Inception Score algorithm considers two fac-
tors: Quality and Diversity. The pre-trained Inception network generates a probability
distribution for the image to calculate an IS score.
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To calculate the IS score for samples xi, first construct an empirical marginal class
distribution (6) where p(y|x) is the conditional probability of the image being the given
object x and y, and N is the number of sample images taken from the model. Then an IS
score can be computed by (7), whereDKL(p||q) is KL-divergence between the distributions
p and q.

p̂(y) =
1

N

N
∑

i=1

p(y|xi) (6)

IS = exp

(

1

N

N
∑

i=1

DKL(p(y|xi)||p̂(y))
)

(7)

FID metric measures the distance between feature vectors of real and generated images.
It also uses a pre-trained Inception network to create a probability distribution for the
image. FID calculates the mean and covariance between the feature vectors of real and
generated images, FID evaluates the quality of a generated image from a model. Higher
scores on FID indicate better performance.

FID = ||µ1 − µ2||+ Tr
(

σ1 + σ2 − 2
√
σ1×σ2

)

(8)

FID is calculated using (8), where µ1 and σ1 represent the mean and covariance of
the training data, while µ2 and σ2 represent the mean and covariance of the test data.
Additionally, the trace linear algebra operation is denoted by Tr.

4. Experiment.

4.1. Dataset. Our experiment uses the Radboud Faces Dataset (RaFD) [41] dataset.
The RaFD consists of 4,824 images with a size of 681 × 1024 pixels collected from 67
participants in laboratory settings. Each subject has the image from 5 angles, 3 eye
directions, and 8 expressions. To simplify the experiment, we use only images from the
front face. We train our facial generative model with 65 subjects (1,339 images). We
exclude two subjects as test sets. The facial images in this database are labeled by eight
facial expressions, including angry, contemptuous, disgusted, fearful, happy, neutral, sad,
and surprised.

4.2. Implementation. In preprocessing, all the input facial images were first aligned and
cropped to the size of 320×320 according to the facial landmarks detected by YuNet [15]
Ultra-High-Performance Face Detection in OpenCV, which is an open-source library for
detecting the location of a face and five facial landmarks. After we obtained the eye and
mouth location, we calculated and fined the boundary box for each area in the original
image, then cropped and resized the eye and mouth images from the original size image
into 64× 64 pixels.
To encode expression caption to text-embedding, we pre-calculate the embedding for

eight expression labels using a pre-trained sentence-transformers model [42, 43] to map
sentences and paragraphs to a 768-dimensional dense vector space.
We have set the maximum noise step for local expression diffusion to t500. The model

has been trained and optimized using Adam Optimizer [44] with β1 = 0.9 and β2 = 0.999.
The training process starts with a learning rate of 0.001, and we have implemented the
CosineAnnealingLR [45] scheduler to reduce learning. The model has been trained for 500
epochs.
The trained model’s weights are saved into two different versions, the original weight

from training as denoted as the UNet-based model, and the updated original weight
with Exponential Moving Average (EMA) [46] denoted as EMA-based model. EMA is
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frequently used in image-generative models to enhance performance by updating the
weight from the trained model.

4.3. Qualitative evaluations. To conduct qualitative evaluations, we divided the re-
sults into three sections. First, we analyzed the output images by varying the noise step
(ti) parameter, which determines the amount of noise added to the input image. This
helped us to establish a suitable value for the parameter. Second, we compared the vi-
sual representations of images derived from different sources and target expressions to
determine the success and failure of altering expressions from output images. Finally, we
compared the images produced by our method to the state-of-the-art models.

4.3.1. Images generated from input images with varying of ti. The results of our image
generation method are shown in Figure 4. The original image displays an angry expression,
while the target expression is happy. Creating an input with a low noise step (e.g., t100
and t200) aims to send the structure of the original image to the model, and then the
denoising process can manipulate the output image with that structure. The result using
high noise step (e.g., t300 and t400) clearly shows the target expression but they form the
border.

Figure 4. Generated facial expression image where original expression is
angry and target expression is happy (upper: UNet-based, lower: EMA-
based)

The output images can be affected by various noise step parameters. A low noise step
generates images similar to the original with a slight change in the target expression. On
the other hand, a high noise step can show the target expression but may lack information
from the original image, such as skin color. This can result in a visible border when the
generated image is merged with the original image.

The generated images from the UNet-based and EMA-based models are quite similar.
However, the EMA-based model produces better results when merging the generated
image with the original to form a complete facial image. This is because the borders are
more defined and less affected by noise than in the UNet-based model.

4.3.2. Comparison of the visual representations of images derived from different sources

and target expressions. The images in Figure 5 display different facial expressions gen-
erated from various sources and target expressions. The eight expressions included are
angry, contemptuous, disgusted, fearful, happy, neutral, sad, and surprised.
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Figure 5. Local expression diffusion outputs using noise step t250. Input
expressions (from top to bottom): Angry, contemptuous, disgusted, fearful,
happy, neutral, sad, and surprised.

Our method has shown promising results in creating new facial expression images.
Moreover, we found that the source expression is essential in transforming the original
image into the desired target expression. The output image confirms the targeted ex-
pressions when using a neutral expression as the input. However, certain expressions like
happiness that involve the cheek area (which our approach does not modify) may not be
accurately portrayed. Thus, the final image may still appear to have a happy expression
in the cheek area.

4.3.3. Comparison of the images produced by our method to the state-of-the-art models. In
this experiment, we compare the images generated by our method and the state-of-the-art
method for facial expression synthesis from happy expression to contempt. The state-of-
the-art models we used include StarGAN [22], AttGAN [23], GANimation [24], and LGP-
GAN [38]. StarGAN and AttGAN are methods that focus on editing facial attributes,
while GANimation is a method that uses a specific GAN network architecture to achieve
impressive results in facial expression synthesis. LGP-GAN, on the other hand, generates
the eye and mouth separately before generating the full facial image with another GAN-
based model.
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Figure 6 shows the comparison of output from state-of-the-art and our model. Ours
produces more realistic facial images than StarGAN, AttGAN, and GANimation based
on our results. From the results, LGP-GAN generates a better visualization of contempt
expression. This is because our method does not modify the cheek area from the original
image. However, other models modify the full facial image, which can remove the small
detail that is the identity of the facial image from the original image.

Figure 6. Comparison to state-of-the-art models (input expression: hap-
py, target expression: contempt)

4.4. Quantitative evaluation.

4.4.1. Inception score. The results of the experiment’s IS comparison between state-of-
the-art and our method are shown in Table 1. A higher IS score indicates better image
quality. Both LGP-GAN and our method received the highest scores, while the other
methods scored lower. These results demonstrate that our method can generate realistic
facial expressions with intricate details. However, our method using an EMA-based model
did not perform well.

Table 1. IS of our method and other methods

Method IS
StarGAN [22] 1.29
AttGAN [23] 1.26

GANimation [24] 1.30
LGP-GAN [38] 1.31

Our method with UNet-based model 1.31
Our method with EMA-based model 1.27

4.4.2. Fréchet Inception Distance. FID is a metric that evaluates the similarity between
real and generated images in a given dataset. However, when using our method, which
only generates the eye and mouth regions, calculating FID based on full facial images can
lead to biased results. This is because the real-image content in full facial images is over
50%. To avoid this bias, we only report FID values generated by our method for different
image portions.

Table 2 presents the FID scores. A low score indicates the generated images are real-
istic and comparable to real samples, without noise, blur, or unrealistic elements. Our
FID results indicate that both the UNet-based and EMA-based models demonstrate our
generator’s ability to produce realistic images.

Table 2. FID from our method in different generated areas

Area UNet-based model EMA-based model
Eye 0.4922 0.4843

Mouth 0.3823 0.3872
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5. Conclusion. Our research introduces a novel technique called “local expression dif-
fusion” to alter facial images to design expressions. Our proposed system extracts the
critical features of the eyes and mouth from the source image, generates a new image
with the desired expression, and then integrates it back into the original image. Through
our experiments, we have demonstrated that this method can generate new facial expres-
sions while retaining the identity of the original image. However, we have observed that
some combinations of source and target expressions may result in unrealistic facial im-
ages. Moreover, our method is currently limited to datasets in controlled environments.
Therefore, we will conduct further experimentation and analysis to expand our method’s
applicability to facial expressions in the wild datasets.
In future work, we aim to determine the most appropriate shape for modifying the nose

and cheek area in certain facial expressions of the original image. Our experiment has
shown that the cropping area should not be restricted to a rectangular shape but should
be expanded. Additionally, we intend to improve the quality of the resulting image by
incorporating a new post-processing technique into our model.
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