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Abstract: Style Generative Adversarial Network (StyleGAN) stands out as the state-of-the-art 

architecture for generating highly realistic synthetic faces. Its implementation projects an image into 

its latent space, which can be manipulated by means of directional curves modifying features of the 

original image. However, its high dimensionality makes the manual search for a directionality that 

produces a given feature or gesture impractical. This work proposes a pseudo-auto encoder type 

neural architecture that manipulates the latent projection by alternating the appearance of the face. 

This is done by encoding the facial gesture with Action Units vectors. A dynamic of expressions was 

achieved that allows the transition from one gesture to another without having to go through the 

neutral, improving the naturalness of the gestural dynamics. 
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1. Introduction 

In this work, we will address the temporal dynamics of the portrait as an object 

capable of evolving in a self-generative way through the study of the change in appearance 

of human faces. For this, we will use synthetic images created by StyleGAN2[1], a 

generative adversarial network (GAN) that generates hyper-realistic faces . StyleGAN is a 

groundbreaking type of neural network developed by researchers for generating highly 

realistic images. It is particularly renowned for its ability to synthesize images that exhibit 

intricate details and a high degree of realism. We will seek to reflect the changes in the 

person's mood in their daily life in the portrait. StyleGAN allows us to edit images through 

manipulations in their associated latent space. These visual changes allow us to change 

their appearance or expression, which can be translated as a new emotional state of the 

model. 

Related Work 

The main works in the area that seek to master the dynamics of the manifold to obtain 

expected outputs of the model can be broadly classified by using unsupervised and 

supervised training . 

[1-11] Unsupervised training is mainly useful in the case of manipulations where 

labeled datasets do not exist or are difficult to generate [3]. Supervised training uses 

datasets with labels given by experts to train either another network or the GAN itself in 

order to achieve particular manipulations, such as facial expressions. This work proposes 
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the use of a pseudo-autoencoder type neural architecture with supervised training that, 

thanks to the use of Action Units (AUs) vectors [12], obtains a natural transition of a facial 

expression to another. Undesired effects and biases obtained from the pseudo-autoencoder 

training are also presented. 

2. Materials and Methods 

2.1 Expression Encoder (Latent Space) 

       Generative Adversarial Neural Networks (GAN) [13] consist of a system where 

a discriminator 𝐷 is trained to maximize the probability of recognizing between a real 

image and a synthetic one, and a generator G that tries to fool it, generating realistic 

synthetic images from a random seed 𝑍. Once the GAN has been trained, 𝐺 performs a 

non-linear mapping of this random seed 𝑍 to generate a hyper-realistic image-type output 

of the form: 𝑔 ∶  𝑍 →  𝑋. 

In the case of StyleGAN [14] its generator, instead of learning a direct mapping 

between 𝑍 and 𝑋, first maps 𝑍 to another intermediate Latent Space 𝑊. This space is 

composed of 18 channels that encode facial information (gender, background, eye color, 

etc.). Then, 𝑊 is mapped to 𝑋 where [14] shows that the entanglement in the geometry of 

𝑊 is smaller than the entanglement of the geometry in 𝑍, that is, the entanglement in the 

geometry of 𝑊 is smaller than the entanglement in the geometry of 𝑍, that is, the 

entanglement in the geometry of 𝑍 is smaller than the entanglement in the geometry of 𝑍. 

That is to say, it simplifies the space itself, allowing modifications of a latent vector 𝑤 to 

remain in the model manifold. This latent space, although not completely disentangled, 

allows us that given 𝑤 ∈  𝑊 and a direction 𝜙 we can operate in its neighborhood using 

successive linear interpolations to explore the space in the manifold and observe 

modifications continuously in the data 𝑔(𝑤 + (𝜙 −  𝑤)  ·  𝛿). Where 𝛿 is a proportionality 

factor. 

2.2 Expression Encoder( Pseudo-auto encoder architecture) 

      A model inspired by the architecture of autoencoders was developed. Its 

objective is that, from a latent vector 𝑤𝑖𝑛, a latent output vector 𝑤𝑜𝑢𝑡 is projected, which 

corresponds to the same identity, pose, age,etc., but its facial expression is determined by 

a vector of the dynamics of actions units 𝑢𝑖𝑛. An example of this transition is exemplified 

in Figure 2. We will see this architecture in detail in the following paragraphs. 

Autoencoders are a multilayer neural architecture whose output seeks to exactly 

replicate the input data. Formally, let 𝐴() be the autoencoder model, such that 𝐴(𝑥)  =

 𝑥ˆ such that 𝑥ˆ ≃  𝑥. The parts of an autoencodercan be divided into an encoder, which 

projects the input into a latent space of lower dimension, and a decoder, which reconstructs 

the initial information without loss of information.The latent vector 𝑤𝑖𝑛 is the input to the 

network, which consists of a two-layer encoder with 512 units each. The vector of the 

dynamics of the action units 𝑢𝑖𝑛 is concatenated to the latent output. This vector, with 43 

elements, is copied 5 times in order to increase the connections. Then, the decoder consists 

of 2 layers of 512 neurons each, with the final output being 𝑤𝑜𝑢𝑡, such that |𝑤𝑖𝑛|  =  |𝑤𝑜𝑢𝑡|. 

The vector of the dynamics of the action units 𝑢𝑖𝑛 guides the transition of the gesture 

of the person's face. This vector is obtained in the following way. Let a data set of 

photographs of subjects making different expressions, each instance is composed of the 

pair (𝐼𝑖𝑆, 𝑎𝑖𝑆), where 𝐼𝑖𝑆 is the capture of subject 𝑖 making gesture 𝑆, and 𝑎𝑖𝑆 corresponds 

to the vector of the 43 action units completed manually from 𝐼𝑖𝑆. When an action unit is 

represented in 𝐼𝑖𝑆 it takes a value of 1 in the vector. Otherwise it takes a value of 0. Then, 

as the objective isthat the pseudo-autoencoder finds the transition from 𝑤𝑖𝑛 to 𝑤𝑜𝑢𝑡 we 

need the information of those novelties regarding the vectors of action units that 

correspond to each photograph. The transition from a gesture to 𝑆 to 𝑇, the vector dynamic 

would be obtained  uⅈn
s−T =  𝑎𝑖𝑇 −  𝑎𝑖𝑆 . 
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Each element 𝑘 in    uⅈn
s−T,  corresponds to the action unit in position 𝑘 of  𝑎𝑖𝑇 and 

𝑎𝑖𝑆 taking a value: 

3. Results 

3.1 Training Dataset 

The training of the pseudo-autoencoder requires a training dataset with 𝑁 gestures 

per person and their corresponding action unit. The dataset [15] captures 230 subjects 

performing 22 pre-established gestures, and also has the action units of each image in a 

binary format (0 not detected, 1 detected). 

We used a pretreatment where each face image was aligned using MTCNN [16] to a 

position compatible with the pre-trained model StyleGAN2. Then all the latent vectors 𝑤𝑆𝑖 

of each image were obtained, which added to the action units vector aiS make up the data 

tuple of subject 𝒊 performing gesture 𝑺. 

3.2  Pseudo-Autoencoder training 

The training set consists of the inputs 𝑋 and the expected outputs 𝑌 , computed using 

the OSU set and its labels. The input set 𝑋 =  {(𝑤11, 𝑢1 − 21), (𝑤11, 𝑢1 − 31), (𝑤11, 𝑢1 −

41), . . . (𝑤22230, 𝑢22 − 21230 )} and the expected values are, respectively, 𝑌 =

 {𝑤21, 𝑤31, 𝑤41, . . . , 𝑤21230}. 

 Then, the sample 𝑗 of 𝑋(𝑗)  =  (𝑤𝑆𝑖, 𝑢𝑆 − 𝑇𝑖) and its target is 𝑌 (𝑗)  =  𝑤𝑇𝑖, which 

means that given the input of the latent vector (𝑤𝑆𝑖) with the expression 𝑆, the output has 

to have the expression in the latent vector 𝑤𝑇𝑖. This defines the loss function as 𝐿𝑗 =

||𝑤𝑇𝑖 −  𝑤ˆ𝑇𝑖||, where 𝑤ˆ𝑇𝑖 is the latent vector estimated by the pseudo-autoencoder 

having as input 𝑋(𝑗). 

The model was trained for 150 epochs using an Adam optimizer [17] with a learning 

rate equal to 10𝑒 − 3 and a weight decay of 10𝑒 − 5. In addition, a learning rate decay with 

a factor 𝛾 =  0.5 was established every 10 epochs, for a smooth learning towards the higher 

epochs. 

 

Figure 1. Operation of the pseudo-autoencoder: An input image with its vector of 

AUs is projected by the model to a latent vector that has the desired expression, defined 

by the AUs of the image of the woman. 

 

1 if  𝑎𝑖𝑇 [𝑘] is activated and as is not activated  𝑎𝑖𝑆 

0 if there is no change in this action unit between 𝑎𝑖𝑠[𝑘] and 𝑎𝑖𝑇 [𝑘] 

−1 if this action unit is deactivated in  𝑎𝑖𝑇 [𝑘] 



 106 
 

  
Asian Journal of  Mathematical Theory and Computer Sciences 2025, 6(1), 103-108.              https://cajmtcs.centralasianstudies.org/index.php/CAJMTCS 

4. Discussion 

Given an input image, whose projection we will call 𝑤𝑠, and a vector of AUs that 

describe the desired gesture 𝑔𝑡 we can generate, thanks to the pseudo autoencoder, the 𝑤𝑡 

associated with 𝑔𝑡. We know that images change linearly if we interpolate linearly between 

two latent spaces[14], we also know that 𝑣 =  𝑤𝑡 −  𝑤𝑠 is true where 𝑣 is the direction that 

takes you from 𝑤𝑠 to 𝑤𝑡. This allows us to use the property that 𝑤𝑖 =  𝑤𝑠 +  𝑣 ∗  𝛼, 𝛼 ∈

 [0, 1], where 𝑤𝑖 =  𝑤𝑠 ⇐⇒  𝛼 =  0 ∧  𝑤𝑖 =  𝑤𝑡 ⇐⇒  𝛼 =  1. Let us see that by 

modulating this parameter 𝛼 we can generate intermediate images between the target and 

the initial image. As an example, in Figure 2 we start of 3 images from the OSU dataset 

with their respective 𝑤𝑠, where for each 𝑤𝑠 we want to reach the same gesture (ghappy that 

has its 𝑤𝑐 associated). We use the pseudoautoen coder with its respective AU’s to obtain 

the 𝑤𝑐. The transition of images from one expression to another is achieved by 𝑤𝑖 =  𝑤𝑠 +

 (𝑤𝑐 −  𝑤𝑠)  ∗  𝛼, 𝛼 ∈  {0, 0.25, 0.50, 0.75, 1} with 𝑤𝑖 being the vector associated with each 

intermediate image. 

 

Figure 2. Transition from one expression to another given by a linear interpolation 

between two latent vectors. 

 

One of the problems we encountered when generating the faces was the loss of 

identity of the target face after passing through the pseudo-autoencoder. Although the 

process works very well for modifying gestures, the face loses many of the factors that 

identify it, as shown in Figure 3. This is because the training dataset only contains the faces 

and expressions of 230 people, therefore the resulting image imitates the features of that 

group. 

 

 

Figure 3. Pseudo-autoencoder bias when projecting real images outside. 
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5. Conclusion 

This work proposes a method for the generation of synthetic images corresponding 

to a sequence of natural gestures, which can be associated with the person's mood. GAN 

networks are shown as a complete tool, on which the work can be built and given different 

imprints. Several points remain as perspectives that we elucidated in the development of 

the demo, such as the incorporation of other manipulations, pose movements or alterations 

in age, which would allow enriching the final product. On the other hand, the biases that 

we detected when projecting an identity by the autoencoder show us the importance of 

carefully handling the input data. 
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