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Abstract

Facial expression analysis holds great promise beyond conventional emotion recognition, particularly in medical
diagnostics and emotional well-being. However, disentangling tightly intertwined factors, such as facial expression
and appearance, remains a significant challenge. This study presents a framework utilizing StyleGAN inversion and
SimCLR to focus on expression-specific attributes while systematically minimizing appearance-related factors. De-
spite the implementation of tailored augmentations like Style-Mixing and Latent Space Slider, the disentanglement
of expression from appearance was not fully successful. Residual appearance information persisted in the learned
representations, as shown by clustering dominated by appearance rather than expression in t-SNE visualizations.
However, the accuracy of emotion classification reached 95.82 % with augmented CNNs, demonstrating the po-
tential of this approach. These findings highlight the limitations of current disentanglement techniques and the
need for further refinement to achieve robust separation of expression and appearance. Advancing this work could
enhance applications in emotion recognition and privacy-preserving medical diagnostics.

. Introduction issue is particularly pronounced for small datasets, such
as those in medical applications. We use disentangle-

Facial expression analysis has immense potential beyond ment to eliminate such irrelevant features and focus

conventional emotion recognition, extending to critical
medical applications. For example, understanding and
disentangling expressions can aid in diagnosing neuro-
logical disorders, monitoring emotional well-being, and
creating personalized treatments. In this study, we used
baseline datasets, such as CK+, to develop reproducible
methodologies. For facial analysis tasks, we use Style-
GANZ2 latent vectors that contain all the information nec-
essary to achieve this facial expression analysis. This is
because latent spaces encapsulate all the information
necessary for accurate image synthesis. However, these
spaces also include superfluous appearance-related fea-
tures, which could lead to model learning subject-related
characteristics instead of expression-related ones. This

solely on the expressive aspects.

Related Work Disentanglement of latent represen-
tations in generative models has gained significant inter-
est due to its diverse applications in emotion recognition,
medical diagnostics, and image synthesis. StyleGAN
has been instrumental in advancing disentanglement
tasks by providing a semantically rich latent space for
high-quality image generation. Techniques like Style-
GAN inversion [2]| map real-world images into this latent
space, enabling detailed attribute editing. However, sep-
arating closely intertwined factors such as facial expres-
sion and appearance remains a challenge.

Supervised approaches have tackled disentangle-
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ment in specific contexts. Peng et al. [3] proposed sepa-
rating “identity” and “non-identity” features using sam-
ples generated by 3D morphable models, while Nitzan et
al. [4] trained a deep CNN to disentangle identity from
other facial attributes, such as pose and illumination.
Unlike these methods, our study operates directly in the
StyleGAN latent space and focuses specifically on disen-
tangling appearance from expression.

Contrastive learning has proven effective for disen-
tanglement by structuring latent spaces through positive
and negative pairs. Frameworks such as SimCLR [5]lever-
age data augmentation to identify meaningful similari-
ties. Duarte et al. [6] adapted this approach to the Style-
GAN latent space by generating synthetic videos to de-
fine contrastive pairs, effectively disentangling features
related to identity and expression. Expanding on these
concepts, our study employs tailored latent space aug-
mentations, including style mixing and semantic slider
adjustments.

Il. Methods and materials

Building upon the approaches outlined in the related
work section, our methodology aims to disentangle fa-
cial expressions from appearance using a combination of
StyleGAN inversion and contrastive learning. To achieve
this, we leverage datasets that provide diverse facial ex-
pressions, employ specialized augmentations to refine
latent space representations, and implement SimCLR
for structured contrastive learning. The following sub-
sections detail the datasets used, the feature extraction
process through StyleGAN inversion, and the application
of SimCLR to enhance disentanglement.

C K+ The CK+ (Extended Cohn-Kanade) dataset
consists of 593 videos from 123 subjects. Each video be-
gins with a neutral facial expression and progresses to
one of the basic emotions as defined by Paul Ekman
anger, contempt, disgust, fear, happy, sadness, and sur-
prise. The preprocessing steps ensure consistent analy-
sis, including cropping to isolate facial regions.

Datasets

Mead The MEAD dataset [9] was used for training
because the CK+ dataset was too small for effective con-
trastive learning. MEAD consists of videos of 60 differ-
ent actors reading sentences while expressing the basic
emotions defined by Paul Ekman [8], each at three dif-
ferent intensity levels. Due to its massive size, we used
approximately 800,000 images from 10 selected actors.
The preprocessing included background removal and
cropping to ensure uniformity across images.

CelebA The CelebA dataset contains images of
celebrities and is widely recognized for its extensive an-
notations and utility in attribute analysis. For this study,
we used a subset of 50,000 images, for style mixing to
support augmentation.

I1.1l. Generating Features Through
StyleGAN Inversion

As mentioned in [, we require an effective method to map
real images from datasets into the StyleGAN latent space.
This mapping process, referred to as StyleGAN inversion,
serves as the foundation for fine-grained semantic edit-
ing and disentanglement tasks.

However, while synthetic images generated by Style-
GAN can often be mapped back into the original latent
space W with satisfying results, the same is not true
for real images. Due to the gap between the real and
synthetic data distributions, real images cannot be di-
rectly mapped into W. Instead, they are mapped into
an extended latent space W*. In W, w is represented
as a concatenation of N latent blocks {w!, w?,..., w"},
where each block controls a specific convolutional layer
in the generator. This extension provides the additional
flexibility needed to account for the greater complexity of
real-world data, enabling a more accurate inversion

The Feature-Style encoder proposed by Yao et al.
is an approach designed for StyleGAN2 inversion. It
achieves this by encoding images into two complemen-
tary codes:

¢ Latent code (w € WT): Capture global attributes
such as style and overall appearance, enabling broad
semantic edits.

¢ Feature code (f € F): Encode high-resolution spa-
tial details crucial for precise reconstructions and
targeted modifications.

This dual encoding mechanism enables the manip-
ulation of specific attributes in the latent space while
preserving critical details in the feature space. Using
the Feature-Style encoder, we can generate realistic vari-
ations in appearance while maintaining the core emo-
tional expression of the original image. This capability
is pivotal for creating tailored positive pairs and ensur-
ing robust disentanglement between appearance and
expression.

I1.11II. SimCLR on Latent Space Features

SimCLR [5], or Simple Framework for Contrastive Learn-
ing of Visual Representations, is a self-supervised learn-
ing framework that trains models to recognize meaning-
ful similarities in data by contrasting positive and nega-
tive pairs. The key idea is to bring similar data (positive
pairs) points closer together in the representation space
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while pushing dissimilar ones (negative pairs) further
apart.

Traditionally, SimCLR relies on augmentations such
as cropping, flipping, and color jittering to create trans-
formations of the same image to form positive pairs. Neg-
ative pairs, on the other hand, are formed from represen-
tations of different data points. However, since we are
working in the latent space of StyleGAN, these common
augmentations are not applicable. Instead, we leverage
specialized augmentations tailored to the latent codes:
Style-Mixing and Latent Space Slider.

Style-Mixing This method replaces the last 10 style
layers (e.g., layers 8-18) in the W™ latent space of Style-
GAN2 with the corresponding style layers from a ran-
domly selected image in the CelebA dataset. This tech-
nique introduces significant variations in attributes such
as facial structure and features

Latent Space Slider Thistechnique manipulates
specific dimensions in the latent space that correspond
to semantic features, including: Eyeglasses, Bags under
eyes, Blurriness, Age, High cheekbones and Skin tone

In Figure 1, it is shown how these augmentations af-
fect the reconstructed images generated from edited la-
tent codes.

Figure 1: Comparison of an original image (left) from the
MEAD dataset and two reconstructed images (right) generated
using edited latent codes. The edits maintain the angry emo-
tional expression while introducing variations in appearance
features.

The objective is to develop representations that focus
solely on expression attributes while systematically filter-
ing out unrelated factors such as facial appearance and
pose. This is achieved through the application of Sim-
CLR, enhanced by specialized augmentations tailored to
the latent space , as demonstrated in Figure

I1l. Results and discussion

When the approach is successful, the representations
of images belonging to the same class should be highly
similar. In an t-SNE plot, the data points corresponding
to a single expression should ideally form distinct clus-
ters. Figure 3a presents such a plot, where data points
are color-coded according to their expressions. However,

Maximize agreement

Z; < - Z;
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h; —Representation— h;
f0) )

Figure 2: A framework for contrastive learning in the latent
space of StyleGAN. Two separate augmentations (¢ ~ 7 and
t’ ~ 7) are applied to a latent code w to generate two cor-
related latent views (w; and w;). A base encoder f() and a
projection head g(-) are trained to maximize agreement using a
contrastive loss. After training, only the encoder f(-) is retained
to produce latent representations k for downstream tasks, such
as disentangling expression from appearance. Adapted from
Chen et al.

it can be observed that while some clusters emerge, most
consist of data points from multiple expressions. Only a
small number of points from the class surprise are closely
located.

In Figure 3b, the t-SNE plot reveals that these clus-
ters predominantly group images of the same individual
rather than those of the same expression. This obser-
vation indicates that in the new representation space,
appearance-related information remains dominant.

Emotion classification using an SVM and the en-
coder trained with SimCLR achieved an accuracy of 77%.
In contrast, a CNN trained on the latent codes of the
Feature-Style encoder achieved an accuracy of 93.16%.
Interestingly, this accuracy improved to 95.82% when
augmented with transformations similar to those used
for SImCLR. These results highlight the need for further
disentanglement of expression and appearance informa-
tion in the learned representations.

Table 1: Accuracy of emotion classification using SimCLR
and CNN-based approaches. Results highlight the improve-
ment achieved with augmentations tailored to disentangle-
ment tasks.

Accuracy
SimCLR 77%
CNN 93.16 %
CNN + augmentations 95.82%
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(a) Data points color-coded by emotional expressions reveal partial
clustering by expression class, with some overlap.
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(b) Data points color-coded by subject identity show dominant group-
ing based on appearance rather than expression, highlighting residual
appearance information in the representation space.

Figure 3: t-SNE visualizations of the CK+ dataset demonstrat-
ing the clustering of learned representations.

IV. Conclusion

In this work, we presented a framework leveraging Style-
GAN inversion and SimCLR to disentangle facial expres-
sions from appearance attributes. Although the method-
ology demonstrated promise, particularly through tai-
lored augmentations like Style-Mixing and Latent Space
Slider, the results reveal that residual appearance infor-
mation still influences the learned representations. Im-
provements in emotion classification accuracy with CNN
and augmented datasets indicate potential avenues for
refinement.

Future work should focus on further refining disen-
tanglement techniques, exploring additional augmenta-
tions, and addressing the limitations highlighted in the
t-SNE analysis. By achieving a more robust separation

between expression and appearance features, the frame-
work can pave the way for advancements in applications
ranging from emotion recognition to privacy-preserving
medical diagnostics.
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