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1. Introduction

1.1. Motivation and background

In recent years, deep learning models like autoencoders have become an important tool
in representation learning, particularly for complex visual data, such as facial images.
Autoencoders are a type of neural networks capable of compressing high dimensional
input data into low dimensional representations called the latent space or latent space
representation that capture salient features of the input distribution [24, 32]. These
representations are not only crucial for reconstruction tasks, but also serve as the basis for
downstream applications such as attribute classification, facial editing, fairness analysis
and identity disentanglement [23].

Despite their effectiveness, latent space representations learned by autoencoders often
lack interpretability. Each latent space dimension can entangle several fundamental gener-
ative factors, making it difficult to isolate and manipulate specific attributes. Foundational
work in deep learning has laid the groundwork for understanding the complexities of
latent space and representation learning [20], while approaches such as β-VAE [23] and
InfoGAN [10] have been used to disentangle latent space representations. This issue of
disentanglement has been widely discussed and many solutions are based on architectural
modifications or explicit disentanglement objectives [40, 7]. However, these approaches
often involve intensive retraining and complex regularization terms.

A strategy to enhance the interpretability of latent space representations is through fac-
tor rotation, a technique traditionally used in psychometrics and multivariate statistics to
improve the interpretability of the components of low dimensional representation extracted
through a dimension reduction algorithm [55, 30]. Factor rotation involves applying a
linear transformation to underlying factors that aligns them with more meaningful features.
When adapted to autoencoders, rotation can realign the latent space to better reflect
specific target attributes without modifying the original structure of the autoencoder
[31, 15, 57].

1.2. Research question and contributions

The main research question to be addressed in this thesis is how factor rotation techniques
can be applied to the latent space of autoencoders to enhance the interpretability and
alignment of specific attributes. The basic approach is to create a more interpretable
latent space by improving the alignment between latent space dimensions and identifiable
attributes.
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Extending factor rotation techniques to the latent space of autoencoders aims to
highlight their effectiveness in structuring latent space representations beyond traditional
applications. Building on this, a systematic method is proposed to align latent space
dimensions with specific attributes, thereby enhancing interpretability without requiring
modifications to the original autoencoder architecture. Additionally, a detailed evaluation
strategy is developed to measure the impact of factor rotation on tasks such as attribute-
based classification and latent space manipulation. Collectively, these contributions offer
a versatile strategy for improving the interpretability and practical utility of autoencoder
based feature representation tasks in machine learning and computer vision.

1.3. Structure of the thesis

As a starting point, section 2 introduces the concept of autoencoder and latent space
representation. It discusses key architectural components such as encoder, decoder, latent
space, different loss functions and autoencoder variants like convolutional autoencoder
and variational autoencoder, including the β-variational autoencoder. This section also
explores how the latent space encodes semantic features, forming the basis for further
manipulation and interpretation.

Section 3 presents the concept of factor rotation, originally rooted in statistical analysis
and explores its adaptation to the context of autoencoder latent spaces. Both orthogonal
and oblique rotation are discussed, with a focus on aligning latent space dimensions with
specific semantic attributes to enhance interpretability.

An overview of the datasets, used in this thesis, is given in section 4, highlighting the
characteristics of CelebA and UTKFace datasets, including the diversity of annotated
facial attributes provided by these datasets.

Section 5 details the methodology developed for this thesis. It describes the process of
applying factor rotation to latent space representation using logistic regression coefficients
and aligning rotated dimensions with selected attributes. The section further explains
how these aligned latent space representations are used for downstream tasks, such as
classification and fairness oriented evaluation.

A comprehensive experimental analysis is presented in section 6. The section provides a
detailed description of the experimental setup using the CelebA dataset, including dataset
preprocessing, model configuration and training procedure. This is followed by a summary
of the baseline setup and the performance metrics used to assess reconstruction quality,
disentanglement quality, attribute classification accuracy and fairness. Then details
about latent space disentanglement are provided, including both quantitative results
using disentanglement metrics and qualitative visualizations that highlight attribute
alignment and separation. The effectiveness of latent space manipulation is examined
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through classifier based predictions. This section also explores the potential of the
proposed method for mitigating bias in attribute prediction. To confirm the robustness
and generalizability of the method, additional experiments are conducted on the UTKFace
dataset, reaffirming the consistency of findings across datasets and demographic variations.

Section 7 discusses the limitations of the proposed factor rotation method for enhancing
semantic interpretability in autoencoder latent space. It highlights key challenges including
the reliance on attribute classifiers as directions for rotation, the assumption of linear
separability, the limited availability of attribute labels, the imperfect nature of attribute
suppression and the dependency on the quality of learned latent space representation.
These limitations highlight potential risks to fairness, interpretability and robustness of
the method.

The thesis concludes in section 8, summarizing key findings and suggesting directions
for future research in interpretable and fair representation learning through rotation of
latent space.

1.4. Related work

Autoencoders are widely used for learning compact and structured latent space representa-
tions of high dimensional data such as facial images. The variantional autoencoder or VAE
[32] imposes a probabilistic structure on the latent space, while β-VAE [23] encourages
disentanglement by controlling the trade-off between reconstruction quality and prior
regularization. Several extensions such as FactorVAE [31], β-TCVAE [9] and InfoGAN
[10] aim to learn representations where individual latent space dimensions correspond to
independent generative factors.

The FactorVAE, proposed by Kim and Mnih [31], extends the VAE framework by
penalizing the total correlation among the latent space dimensions, a statistical dependence
measure that captures dependence between them. To estimate total correlation in an
unsupervised manner, an auxiliary discriminator trained to distinguish samples from the
joint latent space distribution versus samples from the product of marginals was introduced,
effectively encouraging well aligned and statistically independent latent space dimensions.
This improves disentanglement compared to β-VAE while preserving reconstruction quality
and also introduces a new disentanglement metric based on majority vote classification of
latent space dimension.

Chen et al. [9] proposed the β-TCVAE or total correlation variational autoencoder,
which improves disentanglement by explicitly penalizing the total correlation between
the latent space dimensions, reducing statistical dependencies to produce disentangled
representation. The literature also demonstrated that unsupervised disentanglement is a
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challenging task and it serves as a motivation for supervised disentanglement of latent
space dimensions using interpretable attributes.

To encourage disentanglement by matching the inferred latent space distribution to a
factorized prior, Kumar et al. [33] proposed the DIP-VAE or disentangled inferred prior
VAE. This model promotes independence among latent space dimensions by regularizing
the covariance structure of the latent space distribution. In contrast, this thesis applies
supervised post-training factor rotation to explicitly align selected facial attributes with
individual latent space dimensions, providing a complementary approach to achieving
interpretability in the latent space.

Wei et al. [57] proposed a method for controlling facial attribute synthesis by disentan-
gling attribute feature axes directly in the latent space. Their approach allows targeted
manipulation of facial attributes by aligning latent space dimensions with specific features,
enabling better control over the generated images. This aligns closely with the goal of
this thesis, which similarly seeks to enhance interpretability and control of latent space
representations through supervised rotation techniques.

In the recent years post-training manipulation of latent space representation has has
been explored for its potential to enhance interpretability, fairness or controllability.
Classical rotation techniques [30, 29] have long been used in factor analysis to enhance the
interpretability of underlying factors. In the deep learning context, such rotations can be
applied to align latent space dimensions with known attributes or to separate correlated
features, without retraining the model.

One such strategy for orthogonalizing latent space with respect to an attribute builds
upon the general orthogonalization framework proposed by Rügamer et al. [51]. Given
a matrix of input features, a projection matrix is computed, using the least squares
formulation, to project an attribute vector onto the orthogonal complement of the input
feature space instead of projecting directly onto the input feature space, thereby effectively
removing the linear influence of the input features on this attribute. This strategy enables
interpretable and fair post-training representation learning and is computationally simple
to implement.

Furthermore, a method for learning orthogonally disentangled latent space within de-
terministic autoencoders was introduced by Cha and Thiyagalingam [8], using structured
loss functions to enforce orthogonality constraints without relying on the probabilistic
assumptions of a VAE or using supervised labels. Lample et al. [34] introduced a model
for attribute editing of images that learns a disentangled representation by condition-
ing the decoder on target attributes while adversarially removing them from the latent
space representation. Similarly, Zhang et al. [61] proposed an adversarial fairness model
where a discriminator attempts to predict the protected attribute from the latent space
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representation and the encoder is trained to suppress information about the protected
attribute thereby promoting fairness. Sarhan et al. [52] proposed an orthogonal disentan-
glement method, where a neural network learns to separate latent space representation
into sensitive and task relevant components, with the training objective enforcing mutual
orthogonality to support fair prediction while retaining essential information.

A more domain specific approach is presented in the form of the Fairness-aware
Disentangling VAE (FD-VAE) by Park et al. [46], which partitions the latent space into
three interpretable subspaces, one for the target variable, one for protected attributes
and one for mutual information. This allows controlled interventions on fairness sensitive
attributes in facial attribute classification tasks. Another important direction in fairness
aware representation learning is demonstrated by the framework proposed by Creager et
al. [11], termed Flexibly Fair Representation Learning by Disentanglement or FairVAE,
introduced a semi-supervised VAE that disentangles latent space representations into
two complementary components, one capturing information relevant for the primary
prediction task and another encoding sensitive attributes. The model is trained with a
structured variational objective that enforces independence between these components,
thereby supporting fair classification by explicitly suppressing information about protected
variables in the task relevant latent space. This design enables flexible trade-off between
fairness and utility and demonstrates competitive empirical performance across benchmark
datasets. The FairVAE framework thus provides a principled and practical approach for
fair representation learning in variational settings, contributing to the growing literature
on disentangled and interpretable deep learning models.

A critical motivation for such fairness aware representation learning stems from findings
like those in Buolamwini and Gebru [6], demonstrating significant intersectional accuracy
disparities in commercial gender classification systems, particularly against darker skinned
females. This study highlights the ethical and performance implications of biased repre-
sentations in computer vision models. These concerns highlights the need for developing
methods that explicitly address representation bias through latent space manipulation,
thereby contributing to more equitable and transparent artificial intelligence systems.

The idea of aligning latent space dimensions with interpretable attributes is also
explored in InterfaceGAN [54], which identifies linear directions in the latent space after
training to enable attribute manipulation.

It has been shown that unsupervised disentanglement is inherently challenging without
inductive biases or supervision [40]. To address this, several supervised or semi-supervised
methods have been proposed, including works that explicitly seek to factor out protected or
irrelevant variables from the latent space. The FactorVAE framework is especially relevant
to this thesis, which similarly aims to promote interpretability by aligning latent space
dimensions with human interpretable attributes. However, unlike FactorVAE, this thesis
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explores post-training rotation techniques applied to the latent space of already trained
autoencoders, offering a computationally simpler, modular alternative to adversarial
disentanglement strategies. This highlights a key motivation of the current approach
to retain the interpretability benefits of a well aligned latent space without introducing
additional training complexity.

Higgins et al. [22] address a critical gap in representation learning by proposing a formal
and quantitative definition of disentangled representations. Recognizing the ambiguity
surrounding the term disentanglement, the literature argues that a truly disentangled
representation should satisfy three criteria, modularity, compactness and explicitness.
This literature also reveals that many methods that promote disentanglement in an
unsupervised manner often fall short of producing interpretable latent space dimensions
in a consistent way.

This thesis draws on these advances by combining factor rotation techniques along
with targeted manipulation of latent space after rotation to enhance interpretability and
control in generative models of facial images, contributing to the broader dialogue on
fairness oriented and controllable generative modelling by offering a lightweight, post-
training alternative to more complex adversarial or structured disentanglement methods.
Specifically in this thesis, autoencoders are trained on facial images and then the latent
space is rotated such that specific latent space dimensions are aligned with chosen
facial attributes. Subsequently, the effect of suppressing certain attributes, like age,
by adjusting the corresponding latent space dimension is also examined in this thesis.
This approach builds on established mathematical foundations and recent fairness aware
representation learning literature, while adapting them to the domain of image generation
and manipulation using unsupervised deep learning methods.
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2. Autoencoder and latent space representation

This section introduces the core concepts of autoencoders which are critical to the method-
ological improvements in this thesis. It begins with a general overview of autoencoders and
their key architectural components, the encoder, decoder and latent space representation.
The focus then shifts to convolutional autoencoders, which are particularly effective for
learning spatially aware encodings from high dimensional visual data. Subsequently,
the section explores variational autoencoders (VAE) and their extension, the β-VAE,
which incorporate probabilistic modelling and disentanglement promoting regularization.
Particular attention is given to the structure and semantics of the latent space, as it serves
as the theoretical basis for the factor rotation techniques explained in section 3.

2.1. Introduction to autoencoders

Autoencoders are a class of unsupervised models that are commonly used for dimensionality
reduction, feature learning, image compression, de-noising and generative modelling. They
are neural networks trained to reproduce their input at the output, typically through
a bottleneck architecture that forces the model to learn an intermediate representation.
This intermediate representation, often referred to as the latent space or latent space
representation, captures essential structures and patterns in the data. Fundamentally, an
autoencoder comprises of two components, an encoder that compresses the input into a
latent space, also called the bottleneck and a decoder that reconstructs the input from
this latent space [20].

Figure 2.1: Illustration of a basic autoencoder architecture consisting of an encoder, a
latent space and a decoder. The encoder transforms the input vector x
into a latent space z, which captures essential features of the input data.
The decoder then reconstructs the input as d(e(x)), aiming to minimize the
difference between the original and reconstructed outputs. Figure reproduced
from Neupert et al. [44].
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The architecture of a basic autoencoder is illustrated in figure 2.1. The reconstruction
objective encourages the network to learn salient features of the input data distribution
instead of simply copying the input perfectly [20]. Autoencoders are particularly beneficial
in fields where labelled data is rare but unlabelled data is plentiful, such as facial image
analysis. Their ability to structure information within a latent space that captures the
essence of visual data has enabled their application in areas like medical imaging and
recommender systems [36, 4]. Autoencoders can be classified as undercomplete when the
latent space has lower dimensionality than the input or overcomplete when the latent
space has higher dimensionality than the input. Undercomplete autoencoders are mainly
used for dimensionality reduction, whereas overcomplete autoencoders are capable of
learning more complex representations [20].

2.1.1. Encoder

The encoder is a function eω : Rs −→ Rn, parametrized by a set of learnable weights ω,
which maps the input data x ∈ Rs into a latent space representation z ∈ Rn, where s

is the dimension of the input data, n is the dimension of the latent space and typically
n ≪ s. Architecturally, the encoder is composed of layers of affine transformations like
linear layers or convolutional layers, followed by non-linear activation functions such as
ReLU or sigmoid. The output of the encoder, z = eω(x), is referred as the latent space,
which often serves as a compressed summary of the input [20].

2.1.2. Decoder

The decoder is a function dθ : Rn −→ Rs, parametrized by another set of weights θ which
attempts to reconstruct the original input x from the latent space representation z. The
decoder effectively reverses the operation of the encoder by transforming the latent space
back into the original data space. Like the encoder, it is composed of learnable layers, but
in the opposite direction, often employing deconvolution and upsampling layers in the
convolutional autoencoder architecture [20, 32]. The output x̂ = dθ(z) should approximate
the original input x and the network is trained to minimize the reconstruction loss between
them [5].

2.1.3. Latent space

The latent space or latent space representation in an autoencoder refers to the intermediate
representation z ∈ Rn of the input data x ∈ Rs, produced by the encoder. It often serves
as the bottleneck in the architecture, enforcing a dimensionality reduction that compels



2 Autoencoder and latent space representation 9

the model to extract the most informative features of the data. The structure and inter-
pretability of the latent space are critical, especially in applications such as representation
learning, generative modelling, anomaly detection and feature disentanglement.

The latent space forms the backbone of the autoencoder and its learning capabilities.
The encoder aims to preserve the essential characteristics of the input data distribution
while discarding noise and irrelevant variance by often mapping complex high dimensional
input data to a lower dimensional latent space. The decoder then attempts to reconstruct
the input from the latent space. The effectiveness of the autoencoder depends largely on
how well this latent space captures the underlying structure of the data [5].

Mathematically, the latent space is defined as:

z = eω(x), x̂ = dθ(z) (1)

where eω is the encoder, dθ is the decoder and z represents the latent space.

In an ideal setting, each dimension of the latent space z corresponds to a distinct factor
of variation in the input data [23]. However, standard autoencoders do not enforce any
particular structure or interpretability in the latent space. As a result, the latent space
may encode entangled or correlated features that are difficult to interpret independently.
To encourage meaningful organization in the latent space, techniques such as variational
inference [32] and supervised disentanglement [40] are used. These methods aim to improve
the alignment between latent space dimensions and semantically meaningful concepts.

Despite its utility, the latent space of an autoencoder can be highly entangled, especially
when no explicit regularization is applied [23, 7]. This makes it difficult to interpret and
manipulate individual latent space dimensions. Additionally, latent space may be sensitive
to small perturbations or over fit to training data if the bottleneck is not well regularized
or if the reconstruction loss dominates the training objective [5, 40].

2.1.4. Loss function

The loss function in an autoencoder plays a critical role in guiding the learning process
by quantifying how well the reconstructed data approximates the original input. The
encoder transforms the input into a latent space representation and the decoder tries
to reconstruct the input. Training involves minimizing a composite loss comprising a
reconstruction loss and in the case of variational models, a regularization term, explained
later in subsection 2.3.
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A commonly used reconstruction loss is the mean squared error (MSE), which penalizes
the squared difference between each feature of the input and its reconstruction:

LMSE(x, x̂) = 1
s

s∑
i=1

(xi − x̂i)2, (2)

where xi and x̂i are the true value and the predicted or reconstructed value of the i-th
feature of the input data x, respectively and i = 1, 2, . . . , s. This loss function assumes
Gaussian reconstruction error and is particularly effective when the data consists of
continuous values.

When the input features are normalized to the range [0, 1], the binary cross-entropy
(BCE) loss is often preferred and the decoder’s outputs are treated as Bernoulli probabili-
ties.

LBCE(x, x̂) = −1
s

s∑
i=1

xi log(x̂i) − (1 − xi)log(1 − x̂i), (3)

where xi and x̂i are the true value and the predicted or reconstructed value of the i-th
feature of the input data x, respectively and i = 1, 2, . . . , s. This formulation arises under
the assumption that each output pixel follows a Bernoulli distribution, effective for binary
image data and is frequently used in variational autoencoders [32].

2.2. Convolutional autoencoder (CAE)

Convolutional autoencoder or CAE is a variant of autoencoder specifically designed to
exploit the spatial structure of image data [43, 56]. CAE operates directly on two or three
dimensional structure of the input, enabling the model to capture hierarchical patterns
and spatial correlations more effectively. This architectural adaptation makes a CAE
especially well suited for visual tasks such as image de-noising, super resolution and
unsupervised feature extraction [58, 42].

In a CAE, the encoder consists of a series of convolutional and pooling layers that
progressively reduce the spatial resolution of the input while increasing the depth of
feature maps. This process extracts local patterns such as edges, textures and shapes
in early layers and more abstract features in deeper layers. The result is a latent space
representation that encodes essential information about the input image. The decoder
mirrors the encoder structure using deconvolution and upsampling operations with the goal
of reconstructing the original image from the latent space representation [60]. Figure 2.2
shows the architecture of a CAE.

One of the key advantages of a CAE is their ability to model translation invariance and
spatial locality. By convolving a kernel over the input image, a CAE can share parameters
across spatial locations, thereby reducing the number of learnable parameters and making
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Figure 2.2: Architecture of a convolutional autoencoder (CAE). The encoder transforms
the input image through successive convolutional (Conv) layers to a latent
space representation. The decoder then reconstructs the image from this
latent space representation using deconvolutional (DeConv) layers, aiming to
preserve essential structural information in the reconstructed output. Figure
adapted from Jafari et al. [26].

the model more robust to small shifts or distortions in the input. This parameter efficiency
allows these autoencoders to scale well to high dimensional inputs, such as large greyscale
or RGB images, compared to fully connected autoencoder variants that would require an
infeasibly large number of weights [37].

The latent space representation learned by a CAE is typically a low resolution tensor
rather than a flat vector, preserving some spatial structure even in the compressed form.
This property has important implications for downstream tasks such as clustering, image
retrieval and generative modelling, where spatial coherence of features plays a significant
role. Moreover, because these autoencoders learn meaningful feature hierarchies in an
unsupervised manner, they can be used for transfer learning or as a pre-training step
before supervised fine tuning [24, 12].

CAE has been successfully applied in numerous domains. In face recognition, they
have been used to extract invariant features from facial images [43]. In medical imaging,
they help de-noise or enhance diagnostic scans while preserving anatomical detail. Their
unsupervised learning capabilities also make them a valuable tool for anomaly detection
in visual inspection and surveillance tasks, where reconstructive errors often highlight
atypical or suspicious inputs.

However, CAE is not without limitations. Due to their local receptive fields, they
may fail to capture long range dependencies unless the architecture is sufficiently deep or
enhanced with additional mechanisms such as dilated convolutions or skip connections [59,
50]. Furthermore, their generative capacity is often more constrained compared to models
like variational autoencoders or generative adversarial networks, as the reconstruction
objective may lead to blurry outputs in the absence of more sophisticated loss functions
[13, 35].
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2.3. Variational autoencoder (VAE) and β-VAE

Variational autoencoder or VAE represents a significant advance in unsupervised deep
generative modelling. Unlike classical autoencoder that learns a deterministic encoding
of data, a VAE imposes a probabilistic framework on the latent space. This enables
both principled regularization and generative capabilities, allowing the model to sample
novel instances from the learned input data distribution [32, 48]. Figure 2.3 depicts the
architecture of a VAE.

Figure 2.3: Architecture of a variational autoencoder (VAE) illustrating the encoding and
decoding process. The encoder network, composed of convolutional (Conv) and
fully connected (FC) layers, maps the input data to a latent space distribution
defined by mean (µ) and standard deviation (σ). A latent space vector z is
sampled using the reparametrization trick (z = µ + σ ⊙ ϵ, ϵ ∼ N (0, 1)) and
passed through the decoder network, which reconstructs the output using
fully connected and deconvolutional (DeConv) layers (also called transposed
convolutional layers). Figure adapted from Falola et al, [17].

At the core of a VAE is the idea of approximating the intractable posterior distribution
p(z | x) over the latent space z given input data x using a learned variational distribution
qϕ(z | x), parametrized by a neural network, the encoder. The decoder is another neural
network that models the likelihood pθ(x | z), which reconstructs the input from samples
drawn from the latent space.

The training objective of a VAE is derived from maximizing the evidence lower bound
(ELBO) of the marginal log-likelihood log p(x), given by:

log p(x) ≥ Eqϕ(z|x)[log pθ(x | z)] − DKL(qϕ(z | x) || p(z)) (4)

The first term is the expected log-likelihood or reconstruction term, which encourages
the decoder to produce accurate reconstructions of the data. The second term introduces
a constraint that conforms the latent space qϕ(z | x) to remain close to a predefined prior
distribution p(z), typically chosen as a standard multivariate Gaussian N (0, I). This
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serves as regularization and is implemented using the Kullback–Leibler (KL) divergence:

DKL(qϕ(z | x) || p(z)) =
∫

qϕ(z | x) log qϕ(z | x)
p(z) dz (5)

This regularization term measures the distance between the approximate posterior qϕ(z | x)
and predefined prior p(z), enabling meaningful sampling and interpolation in the latent
space. To allow back propagation through the stochastic sampling of z ∼ qϕ(z | x), a
VAE employs the reparametrization trick [32]. Instead of sampling z directly, the model
samples from a standard normal distribution z = µ + σ ⊙ ϵ, where µ and σ are outputs of
the encoder network. This trick maintains randomness while preserving differentiability.

Despite the elegance of the VAE formulation, the trade-off between reconstruction
quality and latent space regularization can lead to entangled latent space representations.
The model may prioritize accurate reconstructions at the expense of learning disentangled
latent space dimension, especially when the KL divergence term is weighted too lightly
during training. To address this, the β-VAE was introduced [23], a modified formulation
of the VAE with a tunable hyperparameter β ≥ 1 that explicitly controls the strength of
the regularization:

Lβ−VAE = Eqϕ(z|x)[log pθ(x | z)] − βDKL(qϕ(z | x) || p(z)) (6)

When β>1, the model places more emphasis on the KL divergence term, encouraging the
latent space to align more closely with the prior and pushing the encoder to produce more
factorized and disentangled latent space representations. This enhanced regularization
can come at the cost of lower reconstruction quality but it often yields latent space that
correspond to semantically meaningful generative factors. In essence, β-VAE provides a
controllable mechanism to navigate the trade-off between data reconstruction and latent
space disentanglement, making them a powerful tool in representation learning. However,
achieving optimal disentanglement often requires careful tuning of β and higher values
can lead to posterior collapse, where the latent space is underutilized [3, 7].

Both VAE and β-VAE have been used extensively in applications ranging from semi-
supervised learning and anomaly detection to controllable image synthesis and fairness
aware representation learning [32, 40, 15]. In the context of this thesis, the β-VAE serve as
the foundational model whose latent space is further refined through rotation techniques
to align semantic attributes with specific latent space dimensions.
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2.4. Structure and semantics of the latent space

The latent space of an autoencoder plays a pivotal role in determining the usefulness and
interpretability of the learned representation. In the context of facial attribute modelling,
a well structured latent space should ideally capture disentangled and semantically
meaningful features that correspond to real world visual attributes. These representations
are important not only for downstream tasks such as classification and generation, but
also for promoting fairness and control in image synthesis and analysis.

In a standard CAE, the latent space is learned through purely reconstructive objectives
and tends to be highly entangled, each latent space dimension may simultaneously encode
multiple factors of variation, making interpretation and manipulation difficult. To address
this, VAE introduces a probabilistic prior over the latent space, typically enforcing it
to follow an uniformly spread multivariate Gaussian distribution. This regularization
encourages a more continuous and structured latent space, enabling interpolation and
sampling capabilities [32].

However, even with this structure, a VAE often falls short in achieving disentanglement,
where each latent space dimension corresponds to an independent and interpretable factor
of variation. To this end, β-VAE introduces a tunable hyperparameter β to weight
the Kullback–Leibler divergence term in the VAE objective, thereby emphasizing the
regularization of the latent space. By increasing β, the model encourages statistical
independence among latent space dimensions, which promotes disentanglement at the
cost of some reconstruction quality [23]. Empirical studies have shown that such disentan-
gled representations not only improve interpretability but also enhance robustness and
generalization across multiple downstream tasks [7, 14].

Nonetheless, it has been shown that unsupervised disentanglement is fundamentally
underdetermined without inductive biases or labelled data [40]. As such, post-training
techniques have become increasingly relevant. One such method involves rotating the
latent space using factor rotation techniques borrowed from classical statistics [30, 29].
These methods can transform the latent space to better align individual dimensions
with interpretable facial attributes, without altering the overall variance structure of the
representations. Recent work has extended this idea to deep neural network latent spaces,
showing that such rotations can enhance the alignment of latent space dimensions with
semantic attributes while preserving reconstructive capacity [53, 57].
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3. Factor rotation in latent space

This section introduces the concept of factor rotation as a classical technique from statistical
analysis that has been increasingly adopted in representation learning to enhance the
interpretability. Beginning with a conceptual overview of factor rotation, the section
proceeds to describe the main categories of rotation, orthogonal and oblique and their
mathematical properties. Finally, the section outlines how these methods are adapted to
improve the structure of autoencoder latent space.

3.1. Overview of factor rotation

Factor rotation is a classical technique from exploratory factor analysis designed to improve
the interpretability of learned representations by transforming the factor loading matrix
[30]. Figure 3.1 shows the geometric illustration of factor rotation. The goal of rotation is
to achieve a simpler and more interpretable structure in which each factor or dimension
loads highly on a small number of variables and near zero on others. When applied to the
latent space of an autoencoder, factor rotation can reveal latent space dimensions that
align more distinctly with individual attributes [11]. Factor rotation serves as a linear

Figure 3.1: Geometric illustration of factor rotation. The original factor axes x1 and x2
are rotated to new factor axes y1 and y2 and the angle of rotation between an
old axis xi and new axis yj is given by θi,j , where i, j ∈ Z+. Figure reproduced
from Abdi [1].

post-training operation that reorients the axes of underlying factors to better align them
with more interpretable or disentangled features. Importantly, this transformation does not
alter the fundamental geometry of the observed data, preserving pairwise relationships and
reconstruction quality while allowing for more intuitive interpretation and manipulation.

In recent deep learning literature, rotation based transformations have been used to
enhance disentanglement, where the aim is to ensure that each latent space dimension
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captures a distinct and independent generative factor [7, 23]. This is especially useful
in applications where control, fairness and interpretability are important, such as in
generative modelling, domain adaptation or bias mitigation [11, 53]. Compared to other
disentanglement methods, factor rotation has the advantage of being model independent
and computationally efficient, requiring only the latent space representations and optionally
some supervision to guide the alignment.

As such, factor rotation plays a central role in this thesis as a mechanism to restructure
the latent space of autoencoders in a more interpretable and semantically meaningful
manner. By aligning latent space dimensions with selected attributes while minimizing
correlations with confounding variables, factor rotation supports downstream tasks such
as targeted suppression, controlled generation and fair classification.

3.2. Mathematical foundations of factor rotation

Factor rotation originates from classical factor analysis, a statistical technique used to
model the covariance structure among observed variables in terms of a smaller number of
unobserved underlying factors.

In the classical setting, a s-dimensional input variable x ∈ Rs is modelled as a linear
combination of n underlying factors f ∈ Rn and an additive noise term:

x = Λf + ϵ, (7)

where, Λ ∈ Rs×n is the factor loading matrix and ϵ ∈ Rs is a vector of unique errors,
typically assumed to be uncorrelated with the underlying factors and with each other,
such that E[ϵ] = 0, Cov(ϵ) = Ψ and Ψ is a diagonal matrix.

Assuming E[f ] = 0 and Cov(f) = I, the total covariance matrix of the observed data is:

Σx = Cov(x) = ΛΛ⊤ + Ψ (8)

To enhance interpretability, a linear transformation matrix R ∈ Rn×n is applied to
rotate the factor axes:

Λ∗ = ΛR, f∗ = R−1f (9)

This shows that rotation does not alter the model’s ability to explain the data but may
improve the semantic alignment of individual factors with observable characteristics [27].
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3.3. Common factor rotation techniques

Factor rotation techniques can be broadly classified into two categories, orthogonal and
oblique. Figure 3.2 shows a comparison of orthogonal and oblique rotation. These
approaches differ in whether they preserve the independence (orthogonality) of the rotated
factors and each technique offers distinct advantages depending on the modelling goals.

Figure 3.2: Comparison of orthogonal and oblique factor rotation. In orthogonal rotation
(left), the rotated factors remain at 90◦ to each other, preserving independence
between factors. In oblique rotation (right), the rotated factors are allowed
to correlate, resulting in factor axes that are not orthogonal and potentially
more interpretable factor solutions when underlying factors are expected to
be correlated. Figure reproduced from Panaretos et al. [45].

3.3.1. Orthogonal rotation

Orthogonal rotation maintains the mutual independence between factors after the rotation.
This transformation is defined by a square rotation matrix R ∈ Rn×n that satisfies the
orthogonality constraint:

R⊤R = In (10)

where In is a identity matrix of dimension n. Given a representation matrix X ∈
Rm×n, where m is the number of samples and n is the number of features, the rotated
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representation of X is given as:
X̃ = XR (11)

As R is orthogonal, the rotated model preserves the distances, angles and overall total
variance structure from equation (8). It is particularly useful when independent factor
axes are needed for interpretability, regularization or for maintaining theoretical properties
such as decorrelation [2].

An orthogonal rotation matrix can be constructed through various techniques depending
on the context and constraints of the application. A common method is to take an initial
set of target directions like loading vectors or classifier coefficients and apply a QR
decomposition, which decomposes a full rank matrix into an orthogonal matrix and an
upper triangular matrix. The orthogonal matrix then serves as the desired orthogonal
rotation matrix R [19]. In machine learning contexts, orthogonal rotation has been used
to enhance clarity of internal representations without introducing redundancy.

3.3.2. Oblique rotation

Oblique rotation allows dependencies among the transformed factors, providing greater
flexibility in aligning the representation with more interpretable or domain specific patterns.
It is a generalization of orthogonal rotation [27]. The rotation matrix R′ ∈ Rn×n in this
case is not orthogonal:

R′⊤R′ ̸= In (12)

The rotated representation of X is again given as:

X̃ = XR′ (13)

As the rotation matrix R′ is not orthogonal, the rotated factors become correlated.
The covariance of the rotated factors is given by:

Φ = (R′)−1((R′)−1)⊤ (14)

The total covariance of the observed data after rotation is given by:

Σ∗
x = Λ∗ΦΛ∗⊤ + Ψ = ΛR′(R′)−1((R′)−1)⊤R′⊤Λ⊤ = ΛΛ⊤ + Ψ = Σx, (15)

which remains unchanged from equation (8) [27].

This approach often yields factor axes that are more closely aligned with observable
structure, even if some correlation between features is introduced [28].
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Oblique rotation relaxes the orthogonality constraint and instead seeks an invertible
matrix R′ such that:

det(R′) ̸= 0 (16)

This enables greater flexibility in aligning with target directions. In practice, oblique
rotations can reveal subtler patterns or groupings in the data that are not apparent under
strict orthogonality constraints [28].

3.4. Adapting factor rotation to autoencoder latent spaces

Instead of modifying the architecture of the autoencoder or the training procedure, this
approach involves a post-training transformation of the latent space, guided by attribute
specific direction. The goal is to reinterpret the learned latent space in a manner that
enhances semantic alignment and disentanglement, while preserving the model’s generative
capacity [41].

In modern deep learning contexts such as autoencoders, there is no explicit factor
loading matrix. Given a set of latent space representations Z ∈ Rm×n obtained from the
encoder, where m denotes the number of samples and n is the latent space dimensionality,
the first step involves identifying meaningful directions in the latent space. These directions
correspond to interpretable attributes or features of interest and can be extracted through
supervised classifiers trained on labelled data. A common approach is to train a logistic
regression for each attribute and extract the weight vectors β1, β2, . . . , βk, each representing
an attribute specific direction in the latent space and k < n, k ∈ Z+ [38].

These k vectors are then arranged as the first k columns of a matrix B ∈ Rn×n, while
the rest of columns of this matrix are filled with standard basis vector of Rn and B
becomes the custom basis matrix for constructing the rotation matrix. For orthogonal
rotation, QR decomposition is applied to B and the orthogonal matrix obtained from
QR decomposition serves as the rotation matrix R. For oblique rotation, the procedure
remains the same except the first k columns of the orthogonal matrix is replaced by the k

weight vectors. This yields a rotation matrix R′ that is typically not orthogonal.

Once the rotation matrix is constructed, the transformed latent space representations
are computed as Z̃ = ZR or Z̃ = ZR′, where Z is the latent space. These rotated latent
space representations are then passed through the decoder to reconstruct the input. Since
the decoder was originally trained on latent space without any rotation, compatibility
with the rotated latent space representations is maintained by transforming the decoder
weights accordingly. Specifically, the decoder function dθ is adapted to operate on Z̃ by
composing it with the inverse of the rotation matrix, R−1 or (R′)−1 [41]. This preserves
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the original reconstruction behaviour without the need for retraining, while enabling
interpretability gains through latent space rotation.

The effectiveness of factor rotation is assessed by evaluating the semantic alignment
of the rotated dimensions. Additionally, the degree to which specific dimensions can be
manipulated such as by fixing or suppressing them to remove an attribute provides a
qualitative indicator of disentanglement [38, 8]. At the same time, reconstruction quality
must be monitored to ensure that the generative capacity of the autoencoder is not
compromised by the transformation.

This method is modular and broadly applicable. It requires access to the latent space
and labels and is independent of the encoder decoder architecture. Consequently, it serves
as a lightweight interpretability technique that can be applied to a variety of autoencoder
based models across datasets and tasks. Its simplicity, computational efficiency and
generalizability make it a practical addition to representation learning pipeline that aims
to promote structured and interpretable latent spaces.
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4. Dataset overview

In this thesis, two publicly available facial image datasets, CelebA and UTKFace have been
utilized. Both datasets contain rich attribute annotations and visual diversity, making
them suitable for studying latent space transformations, interpretability and fairness in
deep generative models.

4.1. CelebA

The CelebFaces Attributes Dataset (CelebA) is a large scale facial attributes dataset
introduced by Liu et al. [39]. It consists of 202,599 facial images of 10,177 identities,
each annotated with 40 binary attributes such as Male, Young, Smiling, Bald and more.
These attributes offer semantic labelled data for training models aimed at disentangled
representation learning. The dataset also includes five facial landmark locations per
image, which allow for consistent alignment across images, an important step in ensuring
spatial consistency in CAE. The images vary widely in terms of pose, background,
lighting and expression, providing a challenging yet realistic benchmark for evaluating
the generalizability of latent space representation techniques. In this thesis, CelebA is
primarily used for experiments on attribute disentanglement and rotation alignment. The
binary attribute labels facilitate supervised learning of rotation matrices, while the large
number of samples supports training deep autoencoder architectures effectively.

4.2. UTKFace

The UTKFace dataset, introduced by Zhang et al. [62], consists of over 20,000 facial
images with associated demographic labels including age, gender and ethnicity. Each
image is annotated with a real valued age ranging from 0 to over 100, a binary gender label
and a categorical ethnicity label covering five groups. The dataset includes a wide range of
facial poses, expressions, lighting conditions and occlusions, contributing to its popularity
in research on demographic fairness and bias in facial recognition systems. Unlike CelebA,
which focuses on binary facial attributes, UTKFace provides both continuous and multi
class labels, enabling more nuanced analysis of latent space transformations. In this thesis,
UTKFace is used to evaluate whether the rotation based manipulations learned on one
dataset generalize effectively across different label types and population distributions.
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5. Methodology

This section outlines the methodological approaches proposed in this thesis for improving
the interpretability and alignment of latent space representations in autoencoders using
factor rotation techniques. A formal description of the latent space and its transformation
is provided and then the theoretical foundations of orthogonal and oblique rotation in the
context of autoencoder derived latent space representations are developed. The goal is
to restructure the latent space such that meaningful attributes are aligned with specific
directions in the latent space, thereby enhancing semantic disentanglement and facilitating
downstream interpretability. The section includes mathematical derivations of the rotation
matrices and their practical application to the representations learned by a CAE and a
β-VAE.

5.1. Latent space representation and rotation

Let Z ∈ Rm×n denote the matrix of latent space representations extracted from the
encoder, where m is the number of samples and n is the latent space dimensionality. Each
row corresponds to the latent space for sample i and each column j denotes a latent
space dimension over the dataset, where i = 1, 2, . . . , m and j = 1, 2, . . . , n, while m is
the number of samples and n denotes the dimensionality of the latent space. For most
autoencoders trained with a standard normal prior or standard reconstruction loss, the
empirical covariance matrix of Z, denoted by Σ = 1

m
Z⊤Z, is approximately close to the

identity matrix In, assuming the latent space dimensions are roughly decorrelated.

Given this setup, consider a linear transformations of the latent space by multiplying
Z with a full rank matrix R ∈ Rn×n. The transformed latent space Z̃ = ZR represent a
rotated version of the original latent space. This rotation is intended to align one or more
of the transformed dimensions with meaningful attributes.

Crucially, the decoder remains valid under this transformation if the decoder weights
are also adjusted accordingly. Suppose the decoder function is expressed as d(v + ZΘ),
where d(·) is a non-linear activation (e.g., ReLU or tanh), Θ ∈ Rn×h is the decoder weight
matrix, v ∈ Rh is a bias term and h is the dimensionality of the first hidden layer of the
decoder. Then, the effect of the rotation is absorbed into the decoder as follows:

d(v + ZRR−1Θ) = d(v + Z̃Θ̃) (17)

where Z̃ = ZR and Θ̃ = R−1Θ. This ensures that reconstruction performance remains
intact and the decoder interprets the rotated features correctly.
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5.2. Orthogonal rotation using logistic regression coefficients

The primary objective of this thesis is to align specific latent space dimensions with
semantic attributes. This approach draws inspiration from methods used in interpretable
representation learning, particularly in the context of post-training rotation techniques
[51, 57].

Suppose a logistic regression is trained to predict a binary attribute y ∈ {0, 1}m using
the latent space representation Z, where 1 indicates the presence of the corresponding
attribute in the images from which the latent space representation Z is derived. The
model predicts the probability that the attribute y = 1 given by:

P (y = 1|Z) = (1 + exp(−β⊤Z − b))−1, (18)

where β ∈ Rn and b are the learned coefficient vector and bias, respectively [16]. The
coefficient vector β defines a linear decision boundary and its direction in the latent space
defines how the attribute varies. The projection Zβ ∈ Rm defines a linear decision axis in
latent space that best separates the two classes.

To align this direction with the first dimension in a rotated latent space, a method
using QR decomposition is followed in this thesis, similar to techniques used in rotation
based disentanglement. In the beginning, the vector β is standardized to have unit norm:

β̄ = β

|| β ||2
(19)

where || · ||2 is the Euclidean norm or ℓ2 norm of a vector and then a matrix B ∈ Rn×n

is constructed with β̄ as its first column. The remaining columns are filled by standard
basis vectors. Specifically, B = [β̄, e2, . . . , en], where e2, . . . , en are standard basis vectors
of Rn. A QR decomposition is performed on B to obtain the orthogonal matrix which is
used for rotation as a rotation matrix R. The rotation matrix R =[β̄, q2, . . . , qn] serves
as an orthogonal rotation matrix, where q2, . . . , qn are the remaining orthonormal vectors
from the orthogonal matrix obtained from the QR decomposition of B. Since R⊤R = In,
this transformation preserves distances and variances in the latent space.

The new latent space dimensions Z̃ = ZR have their first component aligned with Zβ

(or Zβ̄), while the others form an orthonormal basis that spans the remaining latent space
orthogonal to Zβ.

The procedure described above naturally extends to multiple directions of interest.
Given there are two models trained on the latent space for predicting two different binary
attributes, say y1 and y2 such that y1, y2 ∈ {0, 1}m, produces two coefficient vectors,
β1 and β2. The vectors are standardized to β̄1 and β̄2 so that they have unit norm and
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then the matrix B is constructed such that B = [β̄1, β̄2, e3, . . . , en], where e3, . . . , en are
standard basis vectors completing the span and then the QR decomposition of B is
computed and the orthogonal matrix, obtained from this QR decomposition, forms the
orthogonal rotation matrix R. This ensures that the first few rotated dimensions are
aligned with selected attributes, while preserving orthogonality across the full basis.

5.3. Oblique rotation with multiple aligned directions

Building upon the orthogonal rotation approach described before, oblique rotation relaxes
the orthogonality constraint between latent space dimensions, allowing correlations between
them. The goal is to transform the latent space dimensions such that the first few
dimensions align with meaningful directions associated with selected attributes without
enforcing orthogonality between them unlike the case of orthogonal rotation. The procedure
introduced in this thesis is same as in the case of the orthogonal rotation, but with one
major modification, after performing the QR decomposition of the custom basis matrix
B to generate an orthogonal matrix, the original standardized coefficient vectors, that
were obtained from logistic regression, are reinstated in place of their orthogonalized
counterparts in the obtained orthogonal matrix to construct the final oblique rotation
matrix R′.

Similar to the orthogonal rotation, the directions for rotation are obtained from
coefficient vectors β1, β2, . . . , βk ∈ Rn, derived from logistic regression models trained to
predict binary attributes from the latent space representation of an autoencoder and
k is the number of selected attributes, k < n and k ∈ Z+. The coefficient vectors
are standardized to obtain β̄j1 , β̄j2 , . . . , β̄k. To incorporate all directions simultaneously
without enforcing orthogonality between them, a custom basis matrix B ∈ Rn×n, with
full rank, is constructed by placing β̄1, β̄2, . . . , β̄k in the first k columns and completing
the basis with standard basis vectors such that,

B = [β̄1, β̄2, . . . , β̄k, ek+1, . . . , en] (20)

A QR decomposition of B yields an orthogonal matrix Q = [q1, q2, . . . , qn], from the
which the rotation matrix R′ ∈ Rn×n is constructed as:

R′ = [β̄1, β̄2, . . . , β̄k, qk+1, . . . , qn] (21)

The matrix R′ retains the original directions in the first k dimensions while using
orthogonal completion for the remaining ones, ensuring full rank and stability. How-
ever, since β̄1, β̄2, . . . , β̄k may be correlated, the overall transformation does not preserve
orthogonality across all dimensions, making it an oblique rotation. This approach is
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particularly useful when aligning multiple attribute related directions in the transformed
representation, while still retaining compatibility with downstream models.

5.4. Analysis and downstream evaluation of rotated latent space
representation

To assess the effectiveness of latent space rotation, using the procedure introduced in the
subsection 5.2 and 5.3, for improving attribute alignment and reducing confounding
influences, the transformed latent space representation is evaluated on downstream
classification tasks. Additionally, the structure and disentanglement quality of the latent
space itself are quantitatively analysed using a set of established representation metrics, the
predictability matrix, modularity, separated attribute predictability (SAP) and the mutual
information matrix. These metrics, drawn from disentanglement literature Ridgeway
and Mozer [49], Kumar et al. [33], Chen et al. [9], provide complementary insights into
how well individual latent space dimensions align with semantic attributes and whether
the latent space exhibits meaningful factorization. The latent space representations are
analysed using four metrics.

The predictability matrix P ∈ Rk×n is constructed by training a linear classifier to
predict each ground truth attribute from each individual latent space dimension, where
n is the dimensionality of the latent space and k is the number of semantic attributes
and k < n, [33]. This matrix records classification performance for each pair of latent
space dimension and selected attribute (yi, zj), yi denotes the i-th attribute selected
for alignment, where zj denotes the j-th latent space dimension, i = 1, 2, . . . , k and
j = 1, 2, . . . , n. A sparse and diagonally dominant predictability matrix suggests that
specific latent space dimensions capture distinct attributes, indicative of properly aligned
representations. In this thesis, only the latent space dimensions aligned with semantic
attributes are taken into condiseration for computing the predictability matrix and thus
P ∈ Rk×k is a square matrix.

The mutual information matrix, M ∈ Rk×n, is used to measure the statistical depen-
dency between each latent space dimension and each attribute. The entry mij = I(yi, zj)
represents the mutual information between attribute yi and latent space dimension zj,
estimated from empirical distribution of latent space samples and semantic attributes [9].
In this thesis, like the predictability matrix, only the latent space dimensions aligned with
semantic attributes are taken into condiseration for computing the mutual info matrix
and thus M ∈ Rk×k is a square matrix.

Modularity measures the degree to which each latent space dimension encodes informa-
tion about a semantic attribute. Given a mutual information matrix M ∈ Rk×n, where n

is the number of latent space dimensions and k is the number of semantic attributes, each
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element mij represents the mutual information between attribute yi and latent space di-
mension zj . For each latent space dimension zj , a template vector tj is constructed, which
has the highest mutual information value θj = maxi mij at the position corresponding to
the attribute with maximum mutual information and zero elsewhere. Mathematically, the
i-th element of this template vector is given by,

tij =

θj = maxi mij if i = arg maxi mij

0 otherwise

The deviation δj of the actual mutual information vector from this template vector is
given by:

δj =
∑

i(mij − tij)2

θ2
j (k − 1) .

When δj = 0, then it indicates perfect modularity, where latent space dimension zj

encodes only a single attribute, while δj = 1 indicates equal mutual information among
other dimensions. The modularity score for each dimension is given by

Mod(zj) = 1 − δj,

and the overall modularity of the representation is calculated as the average of these
scores across all latent space dimensions [49].

The separated attribute predictability or SAP score measures the difference in predictive
power between the top two latent space dimensions for each attribute. Let pij denote
the predictability score of attribute yi using dimension zj, then the SAP score for yi is
computed as

SAP(yi) = pij1 − pij2 , (22)

where j1 and j2 are the index correspond to the first and second most predictive latent space
dimensions. A high SAP value indicates that one latent space dimension predominantly
governs the variation in that attribute, which is desirable in disentangled representation
[33]. Like modularity, the overall SAP score is reported as the average SAP score across
all semantic attributes.

The downstream evaluation involves training a deep neural network (DNN) classifier
to predict selected facial attributes based on reconstructed images obtained from the
rotated latent space representations. The primary objective of this DNN classifier is
to rate the reconstructed images generated from the rotated latent space based on the
presence of the selected facial attribute. The DNN classifiers are trained on reconstructed
images generated from the latent space without any rotation. After applying a rotation,
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either orthogonal or oblique, to the latent space produced by the encoder, the rotated
latent space is passed through the decoder to generate the reconstructed facial images.
These images are then passed to the DNN classifier that predicts the presence of specific
attribute of interest, in other words, the DNN classifiers rates these images based on the
selected facial attribute.

To evaluate the impact of latent space rotation on fairness, one DNN classifier is
trained on reconstructed images generated from the latent space without rotation, while
two additional DNN classifiers are trained on reconstructed images generated from the
latent space with rotation but with different attribute suppression strategies and finally, a
comparison is made between these DNN classifiers. Model performance is evaluated using
metrics, such as ROC AUC score. Additionally, subgroup specific metrics such as ROC
AUC score grouped by selected attributes are reported to investigate fairness implications
and to detect whether rotation and suppression strategies yield more balanced outcomes
across subgroups.

The ROC AUC score, which stands for receiver operating characteristic area under
the curve, is a comprehensive and widely adopted metric for evaluating the performance
of binary classification models. It assesses the model’s ability to distinguish between
positive and negative classes across all possible classification thresholds. The ROC curve
is a graphical plot that illustrates the relationship between the true positive rate and the
false positive rate at various threshold settings [18]. The Area Under the Curve (AUC)
provides a single scalar value summarizing the model’s ability to rank positive instances
higher than negative ones. A score of 1.0 indicates perfect discrimination, while a score of
0.5 suggests no discriminative power, equivalent to random guessing [21]. This metric is
especially useful in scenarios involving imbalanced datasets, where accuracy alone can be
misleading [47].

This extended evaluation pipeline, combining downstream and fairness evaluation with
direct analysis of the latent space using representation metrics, provides a robust validation
framework for the proposed latent space rotation and attribute alignment strategy. It not
only assesses whether rotation preserve relevant attributes under suppression but also
reveals how the underlying geometry of the latent space changes in terms of alignment,
disentanglement and independence. These findings are crucial for determining whether the
learned representations generalize across subgroups in a fair, interpretable and semantically
meaningful way.
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6. Evaluation and results

This section presents a comprehensive evaluation of the proposed framework for enhancing
facial attribute representation through the application of factor rotation techniques on the
latent space of autoencoders. The performance of the CAE and β-VAE models is assessed
before and after applying orthogonal and oblique rotation techniques. By aligning specific
latent space dimensions with selected facial attributes, the impact of rotation on attribute
disentanglement, classification performance and bias mitigation is systematically analysed.

6.1. Experimental setup

To conduct the experiments, two types of autoencoders are trained on the CelebA dataset,
a CAE and a β-VAE. The architecture of the CAE used in this thesis is depicted using
figure 6.1 and figure 6.2 and that of the β-VAE is shown using figure 6.3 and figure 6.4.
The training dataset comprised of 162, 752 aligned and cropped RGB facial images, each
resized to 64×64 pixels. The CAE and β-VAE are trained to minimize reconstruction
loss, with the β-VAE additionally incorporating a β weighted Kullback–Leibler divergence
term to promote disentangled representation. A value of β = 1.5 is chosen for the β-VAE
to balance reconstruction quality and latent space disentanglement. The latent space
dimension is set to 32 for both models. The CAE is trained for 10 epochs, while the
β-VAE is trained for 50 epochs.
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Figure 6.1: A schematic representation of the CAE architecture used in this thesis, detailing
dimensional transformations from image to latent space and back. Image
generated using the open source tool PlotNeuralNet by Iqbal [25].



6 Evaluation and results 29

Figure 6.2: A flowchart representation of the CAE architecture used in this thesis.

After training, the latent space of both models are subjected to factor rotation techniques
to improve the interpretability and alignment of latent space dimensions with semantic
attributes. Specifically, logistic regression models are trained to predict selected facial
attributes from the original latent space representation. The resulting coefficient vectors
are used to construct orthogonal and oblique rotation matrices. These transformations
are applied to the latent space to align selected dimensions with selected attributes while
maintaining either orthogonality or allowing mild correlation between dimensions.
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Figure 6.3: A schematic representation of the β-VAE architecture used in this thesis,
detailing dimensional transformations from image to latent space and back.
Image generated using the open source tool PlotNeuralNet by Iqbal [25].

Figure 6.4: A flowchart representation of the β-VAE architecture used in this thesis.

Following rotation, attribute manipulation is performed by selectively modifying the
aligned latent space dimensions, which were then passed through the decoder to reconstruct
images. In addition to quantitative evaluation, latent space traversal is used to qualitatively
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visualize disentanglement by varying selected latent space dimensions while keeping others
fixed. The effect of these manipulations is also evaluated using a DNN classifier trained on
reconstructed images generated using the latent space without any rotation. This classifier
is used to predict presence of an attribute from images reconstructed from the latent
space after rotation and manipulation, allowing for consistent evaluation of the visual and
semantic interpretability of the rotated latent space dimensions. The architecture of this
classifier is illustrated in figure 6.5 and figure 6.6. All neural network models used in this
thesis are trained with early stopping.
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Figure 6.5: A schematic representation of the DNN classifier used in this thesis to evaluate
the effect of latent space rotation on the autoencoder generated images. Image
generated using the open source tool PlotNeuralNet by Iqbal [25].

Figure 6.6: A flowchart representation of the architecture of the DNN classifier used in
this thesis.
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Figure 6.7: Overview of the proposed pipeline for enhancing facial attribute representation
in autoencoder latent space using factor rotation. Input facial images are
used to train a CAE and a β-VAE. Selected attributes are aligned with latent
space dimensions through rotation matrices created using logistic regression
coefficients. The rotated latent space is used to generate images, evaluate
disentanglement, perform fairness testing and visualize latent space traversals.
The pipeline supports both qualitative and quantitative evaluation of attribute
separation and bias mitigation.

To analyse disentanglement, several metrics are computed, the predictability matrix,
the mutual information matrix, the modularity and the separated attribute predictability
(SAP) score are computed on the subset of latent space dimensions from the rotated latent
space. Comparisons are made between the latent space representations with and without
any rotation, to quantify improvements in attribute isolation and interpretability. An
overview of the proposed pipeline is provided in figure 6.7.
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6.2. Baseline and performance metrics

To evaluate the effects of latent space rotation on attribute classification and fairness,
several performance metrics and baseline comparisons are carried out. These metrics
cover reconstruction quality, attribute classification accuracy, disentanglement of latent
space dimensions and fairness in downstream predictions. Evaluation is performed on a
dataset which is not used for training both autoencoders and classifiers.

6.2.1. Baseline

For all tests, latent space without any rotation and its corresponding reconstructions are
used as the baseline. This means that the original latent space representations produced by
the CAE or β-VAE, without any factor rotation applied, served as the point of comparison
when assessing classification performance, fairness and disentanglement.

6.2.2. Reconstruction quality

Reconstruction loss is used as a basic metric to monitor and compare the quality of
reconstructed images across models. The CAE is trained using mean squared error
(MSE) as its reconstruction loss, whereas the β-VAE used binary cross-entropy for the
same purpose. These losses are computed on the validation set during training to guide
optimization.

6.2.3. Disentanglement metrics

To evaluate the isolation of the individual attributes in the rotated latent space dimensions,
disentanglement metrics are computed over the subset of latent space dimensions aligned
with selected attributes. The predictability matrix, the mutual information matrix, the
modularity and the separated attribute predictability (SAP) score are used for this purpose.
They are used to compare the degree of attribute specific disentanglement introduced by
orthogonal and oblique rotation relative to the latent space without rotation.

6.2.4. Attribute classification

To assess the extent to which the rotated latent space representation preserved attribute
relevant information, a separate downstream classifier is trained to predict selected facial
attributes from reconstructed images. Five binary attributes are selected from the CelebA
dataset, Bald, Black_Hair, Pale_Skin, Smiling and Eyeglasses, for each attribute, a
dedicated DNN classifier is trained on reconstructed images generated from the latent
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space representation without rotation. The DNN classifiers are trained using a training-
validation split consistent with the one used during autoencoder training.

After training, each DNN is evaluated on reconstructed images generated from rotated
the latent space, including scenarios where a latent space dimension corresponding to the
aligned attribute is modified or suppressed. Latent space suppression is applied by setting
the rotated latent space dimension aligned with the selected attribute to a neutral value
in the range of that dimension. This setup allowed the evaluation of how latent space
control in the rotated space impacts the presence and separability of specific attributes in
the regenerated images.

6.2.5. Fairness measures

To assess whether rotation and manipulation of latent space dimension can reduce group
specific performance disparities, a targeted fairness evaluation is conducted using the
β-VAE. Here, the latent space is rotated such that the first dimension is aligned with the
Bald attribute, indicating baldness and the second with the Young attribute, indicating
age, from the CelebA dataset. The effect of the Young attribute is then manipulated by
shifting its corresponding latent space dimension to a value in the range of that dimension
which enhances the accuracy of Bald attribute classification. DNN classifiers are used
in this test for evaluation. The classifiers are trained on images reconstructed from the
rotated latent space and while a baseline classifier is trained on images reconstructed from
the latent space without any rotation. All classifiers are evaluated using ROC AUC score
on the same test set. In addition to the overall ROC AUC score, group specific ROC
AUC score is reported for both young and not young samples to assess potential fairness
improvements.

6.3. Latent space disentanglement and visualization

To assess the quality of latent space disentanglement before and after applying factor
rotation, predictability matrix, modularity, separated attribute predictability (SAP) score
and mutual information gain matrix are evaluated and reported. These metrics serve
as complementary indicators for measuring the extent to which individual latent space
dimensions are aligned with specific semantic attributes.

6.3.1. Attribute predictability using predictability matrix

Attribute predictability quantifies how well a given attribute can be linearly predicted
from individual latent space dimensions. For this purpose, a predictability matrix is
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constructed using independent logistic regression models trained to predict each of five
selected binary attributes, Bald, Black_Hair, Pale_Skin, Smiling and Eyeglasses, from
each dimension of the latent space. Then the highest ROC AUC score obtained across all
latent space dimensions for each attribute is reported, which reflects the maximum linear
separability of that attribute in the latent space.

The results for both the CAE and the β-VAE models are presented in table 6.1. It
is observed in the latent space with no rotation, all attributes show weak predictability,
with values only slightly above 0.5. This suggests that in their raw form, the learned
latent space representation is not well aligned with any individual attribute. However,
after applying either orthogonal or oblique rotation, predictability improves significantly
across all attributes and models. For instance, the predictability of the Bald attribute in
the CAE increases from 0.520 to 0.910 after both orthogonal and oblique rotation, similar
gains are observed for all other attributes, including in the case of the β-VAE. These
results confirm that rotation effectively aligns specific attributes with individual latent
space dimensions.

Model Attributes No Rotation Orthogonal Oblique

CAE

Bald 0.520 0.910 0.910
Black_Hair 0.559 0.828 0.833
Pale_Skin 0.629 0.902 0.917
Smiling 0.538 0.796 0.833
Eyeglasses 0.512 0.743 0.848

β-VAE

Bald 0.503 0.887 0.887
Black_Hair 0.501 0.781 0.809
Pale_Skin 0.501 0.874 0.895
Smiling 0.602 0.777 0.789
Eyeglasses 0.614 0.729 0.822

Table 6.1: Diagonal entries of the predictability matrix for each attribute under different
rotation strategies for models trained on the CelebA dataset.

6.3.2. Mutual information score

To further verify disentanglement, a mutual information matrix is computed using the
mutual information (MI) scores between each of the five attributes and the corresponding
highest correlated latent space dimension. Higher MI values indicate stronger, more infor-
mative relationships between individual latent space dimensions and specific attributes.
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Table 6.2 presents the diagonal values of the mutual information matrix, where each
attribute is paired with its best aligned latent space dimension. Again, it is observed
that rotation dramatically enhances the mutual information across both models and all
attributes. For instance, the MI for Smiling increases from 0.002 (no rotation) to 0.190
(oblique rotation) in the CAE. These increases reinforce the conclusion that rotation
clarifies and strengthens the relationship between latent space dimensions and semantic
attributes, making these representations more interpretable and disentangled.

Model Attributes No Rotation Orthogonal Oblique

CAE

Bald 0.000 0.032 0.032
Black_Hair 0.005 0.135 0.140
Pale_Skin 0.005 0.057 0.065
Smiling 0.002 0.144 0.190
Eyeglasses 0.000 0.025 0.071

β-VAE

Bald 0.000 0.027 0.027
Black_Hair 0.000 0.096 0.117
Pale_Skin 0.001 0.047 0.055
Smiling 0.017 0.126 0.138
Eyeglasses 0.004 0.024 0.055

Table 6.2: Diagonal entries of the mutual information matrix for each attribute under
different rotation strategies for models trained on the CelebA dataset. Higher
values indicate stronger alignment of latent space dimensions with individual
attributes.

6.3.3. Modularity and SAP score

Modularity and SAP score indicate how well each dimension in the latent space is aligned
with one attribute. While modularity measures the extent to which each latent space
dimension is associated with a single attribute, the SAP score reflects the difference
in predictability between the top two most predictive latent space dimensions for each
attribute, effectively quantifying the separation of attribute encoding.

The results in table 6.3 demonstrate that both metrics improve after rotation. For
the CAE model, the average modularity increases from 0.896 (no rotation) to 0.952
(orthogonal rotation) and 0.933 (oblique rotation), while the average SAP score increases
from 0.030 to 0.208 (orthogonal rotation) and 0.166 (oblique rotation). Similarly, for the
β-VAE, the average modularity increases from 0.887 (no rotation) to 0.947 (orthogonal
rotation) and 0.938 (oblique rotation), the average SAP score improves from 0.051 to
0.189 (orthogonal rotation) and 0.158 (oblique rotation). These improvements suggest
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that factor rotation not only enhances alignment with attributes but also promotes greater
disentanglement by reducing interference between latent space dimensions. Interestingly,
the gains are consistent across both rotation types and models, indicating that even
post-training transformations can meaningfully restructure the latent space.

Model Rotation Modularity SAP score

CAE
No Rotation 0.896 0.030
Orthogonal Rotation 0.952 0.208
Oblique Rotation 0.933 0.166

β-VAE
No Rotation 0.887 0.051
Orthogonal Rotation 0.947 0.189
Oblique Rotation 0.938 0.158

Table 6.3: Average modularity and SAP score before and after factor rotation for the
latent space of a CAE and a β-VAE trained on the CelebA dataset.

6.3.4. Visualization of latent space alignment

To qualitatively assess the degree of alignment between latent space dimensions and facial
attributes, two complementary visualization techniques are utilized, latent space traversals,
where individual latent space dimensions are systematically manipulated while keeping
others constant and observing the effect on reconstructed facial images and correlation
heat maps showing the correlation between each latent space dimension and the binary
attribute labels,

The Pearson correlation coefficients between each latent space dimension and each of
the five selected the binary attribute labels, in the case of both the CAE and β-VAE
models are computed. The resulting heat maps, as shown in figure 6.8, reveals how
different attributes are distributed across the latent space. In the CAE latent space
without rotation, no single dimension is clearly aligned with any specific attribute. After
applying orthogonal rotation, the heat map becomes significantly more structured, with
attributes showing strong correlation with distinct latent space dimensions. This pattern
becomes even more pronounced under oblique rotation, where attributes exhibit high
correlation with specific rotated components while remaining minimally entangled with
others. A pronounced improvement is observed figure 6.9, for the latent space of the β-
VAE, before and after rotation due to the β-VAE’s inductive bias toward disentanglement
effect.
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Figure 6.8: Correlation between the latent space dimensions of a CAE and five of the
selected binary attributes before and after rotation

Figure 6.9: Correlation between the latent space dimensions of a β-VAE and five of the
selected binary attributes before and after rotation

To further validate the disentanglement effect achieved through rotation, latent space
traversals for the selected attributes using both the CAE and β-VAE models are generated.
Specifically, the rotated dimensions aligned with Bald, Black_Hair, Pale_Skin, Smiling
and Eyeglasses are selected and varied across a fixed range, keeping all other dimensions
constant. The resulting images are displayed in figure 6.10 for CAE and figure 6.11 for
β-VAE.

In the CAE model, latent space traversals after orthogonal and oblique rotation reveal
the effectiveness of factor alignment. Following orthogonal rotation, traversals along
selected dimensions, each aligned with a specific attribute such as bald or smiling, produce
smoother and more isolated transformations in the reconstructed images. For example,
increasing the value of the dimension aligned with bald progressively removes hair in
a realistic manner, while the smiling dimension induces a gradual shift from neutral to
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smiling expressions. With oblique rotation, the visual effect becomes even sharper and
more attribute specific. The changes follow a clearer progression along the intended
semantic axis, with minimal interference from unrelated facial features.

(a) Orthogonal rotation (b) Oblique rotation

Figure 6.10: Latent space traversal results after applying factor rotation techniques to the
latent space of a CAE trained on the CelebA dataset. Each row corresponds
to a latent space dimension aligned with a specific facial attribute and each
column shows the reconstructed image as the value of that dimension is
varied while others are held fixed. The traversal demonstrates how individual
attributes are represented in the rotated latent space.

The β-VAE model exhibits a similar but even more distinct improvement in disen-
tanglement after rotation. Although the β-VAE already imposes a degree of attribute
separation due to its objective function, factor rotation significantly sharpens this structure.
Traversals along rotated dimensions aligned with attributes produce highly consistent
and semantically meaningful transformations, where changes are limited to the targeted
attribute and other facial features remain largely unaffected. For instance, traversing
the dimension aligned with Eyeglasses results in a clean interpolation between faces with
and without eyeglasses. This demonstrates that factor rotation not only complements
the disentanglement capabilities of the β-VAE but also enhances its practical utility for
controlled generation and interpretation of facial features.
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(a) Orthogonal rotation (b) Oblique rotation

Figure 6.11: Latent space traversal results after applying factor rotation techniques to the
latent space of a β-VAE trained on the CelebA dataset.

These traversal plots serve as an intuitive visual confirmation of the increased inter-
pretability and disentanglement achieved through factor rotation. Together with the
correlation heat map analysis and the quantitative disentanglement metrics, they support
the conclusion that both orthogonal and oblique rotation significantly enhance the seman-
tic structure of the latent space. These results visually reinforce the quantitative findings
from the four metrics used in subsection 6.3.1, 6.3.3 and 6.3.2.

6.4. Evaluating attribute manipulation with classifier predictions

To further assess the practical impact of factor rotation on the interpretability and con-
trollability of the latent space, a focused evaluation is conducted by manipulating specific
latent space dimensions and analysing downstream classifier predictions. To ensure that
the effects of these manipulations are assessed independently of the latent space rotation
pipeline. A separate DNN classifier is trained to predict each target attribute directly
from the autoencoder reconstructed images. Specifically, five independent DNN classifiers
are used, one for each of the selected facial attributes, Bald, Black_Hair, Pale_Skin,
Smiling and Eyeglasses. These classifiers are trained on autoencoder reconstructed images,
where each reconstructed image retained the original, unaltered latent space encoding of
a real image from the CelebA dataset.

Each classifier is trained as a binary predictor using a standard convolutional deep
neural network architecture as shown in figure 6.5 and figure 6.6, optimized to classify the
presence of the target attribute from the autoencoder reconstructed images. The training
process aims to replicate realistic attribute recognition in conditions unaffected by explicit
latent space interventions.

After training, these DNN classifiers are evaluated on reconstructed images generated
from an autoencoder, for three distinct cases, latent space with no rotation, with orthogonal
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rotation and with oblique rotation. For the rotated cases, first the appropriate rotation
is applied to the latent space representation of test images, to align the attributes with
the respective latent space dimension. Then, for each sample, the latent space dimension
that is highly correlated to the attribute being evaluated, is identified and the value of
this dimension is set to a constant value like the average of the 10th and 90th percentile of
this same dimension, effectively trying to suppress the expression of that attribute in the
reconstructed image produced by the decoder. This manipulation is applied individually
to each attribute aligned dimension for every attribute under evaluation, ensuring isolated
intervention without modifying other components of the latent space.

The rotated and manipulated latent space is passed through the decoder to generate
modified reconstructions, which are subsequently fed into the corresponding trained DNN
classifiers. The goal of this evaluation is to observe how latent space manipulation under
different rotation strategies affected the classifier’s prediction scores for the presence of
each attribute. If the rotation strategy has successfully disentangled and aligned specific
latent space dimensions with interpretable attributes, then modifying those dimensions
should lead to a shift in the classifier predictions.

To visualize the outcome of this procedure, histograms of the classifier output probabil-
ities across the test dataset for each of the five attributes are plotted. These histograms
are presented in Appendix A, figure C.1 and figure C.2 for the CAE and β-VAE models,
respectively. For each attribute, the histogram plots enable a direct comparison of the
classifier’s predictions across, no rotation, orthogonal rotation and oblique rotation.

The results reveal that after rotation, a shift is observed between the manipulated
distributions and distributions without any manipulation for all attributes, in both
the CAE and β-VAE models. The distribution of predicted probabilities changes for
all attributes, suggesting that the classifier correctly detects the manipulation of these
attributes in the reconstructed images.

Overall, this classifier based evaluation demonstrates that factor rotation enhances the
semantic alignment of individual latent space dimensions, revealing targeted manipulation
results in coherent visual and predictive changes in the output. The histograms serve as
both a qualitative and quantitative confirmation of the improved disentanglement.

6.5. Mitigating age bias in baldness prediction using latent space
manipulation

In this subsection, a fairness based experiment aimed at mitigating demographic bias
in the prediction of baldness from facial images is presented. Specifically, the potential
confounding influence of the age on the prediction of baldness is investigated and evaluate
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whether latent space disentanglement and targeted manipulation can improve fairness
outcomes across age groups. This experiment is conducted using the CelebA dataset
and serves as a concrete application of representation level fairness in autoencoder based
models.

Baldness is generally more noticeable among older individuals, both in real world
observations and within the CelebA dataset used in this thesis. This demographic
imbalance can lead to biased representations in the latent space of an autoencoder,
where features associated with baldness may be entangled with age related visual cues.
Consequently, a classifier trained on reconstructed images might underperform on less
represented groups, particularly young and bald individuals because their latent space
representations deviate from the typical bald profile that includes age.

To evaluate and address this bias, two binary attributes from the CelebA dataset are
selected, the Bald attribute, representing baldness, is selected as the primary attribute for
prediction and the Young attribute, representing age, acting as a potential confounding
factor. The impact of latent space rotation and manipulation on improving fairness in
prediction of the Bald attribute is assessed.

The dataset is divided into training, validation and testing subsets. The attribute
distribution is highly imbalanced across age and baldness categories, as shown in Table 6.4

Group Train Validation Test

bald & young 895 52 106
bald & not young 2,816 371 305
not bald & not young 33,159 4,474 4,726
not bald & young 125,882 15,039 14,703

Table 6.4: Distribution of samples across Bald and Young attribute combinations in the
CelebA dataset for training, validation and testing sets.

The training set comprises 162, 752 samples, out of which only 895 belong to the
bald and young group, while 2, 816 correspond to bald and old individuals. In contrast,
the majority of samples are not bald, with 33, 159 old and 125, 882 young individuals
falling into this category. A similar distribution is maintained in the validation and
test datasets, stressing on the challenge of predicting baldness in younger people due to
their low representation. The extreme imbalance, particularly the low representation of
bald and young samples in the dataset, highlights the need for fairness aware modelling
strategies.

The experiment involves training three separate DNN classifiers using reconstructed
images generated from a β-VAE and Bald attribute labels from the CelebA dataset, for
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predicting the presence of the Bald attribute in these images. The first model, Classifier
1, is trained on images reconstructed from the latent space without any rotation and
manipulation. This model serves as the baseline for comparison. The second model,
Classifier 2, is trained on reconstructed images generated from an orthogonally rotated
latent space. In this rotated space, the first latent space dimension is aligned with the
Bald attribute, while the second dimension is aligned with the Young attribute. Before
decoding, a targeted manipulation is applied to the second dimension of the orthogonally
rotated latent space, which corresponds to age. Specifically, for samples that are both
bald and young, this dimension is increased by the median value of the same dimension
for samples that are bald but not young. Likewise, for samples that are not bald and
not young, the second dimension of the orthogonally rotated latent space is incremented
by the median value of the same dimension for samples that are not bald but young.
The third model, Classifier 3, is identical to the Classifier 2 except follows a different
targeted manipulation strategy for its second latent space dimension. In this strategy, the
second dimension of the orthogonally rotated latent space, which corresponds to age, is
globally shifted by the average of the median values of this same dimension for young and
not young samples. The shift is applied in the direction that aligns with the sign of the
correlation between the Young attribute and this latent space dimension after rotation.
The results of this experiment are presented in Table 6.5 and figure 6.12

Group Classifier 1 Classifier 2 Classifier 3

all 0.910 0.917 0.919
young 0.909 0.911 0.925
not young 0.859 0.864 0.860

Table 6.5: ROC AUC score of all classifiers predicting the Bald attribute before and after
rotation of the latent space

Figure 6.12: ROC curve for three classifiers predicting the Bald attribute across all samples
(left), young samples (middle) and not young samples (right).
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Across all samples, performance steadily improves from Classifier 1 to Classifier 2
and reaches its peak with Classifier 3, indicating that both rotation and age suppression
enhance baldness prediction. For young samples, the ROC AUC score rises from 0.909 to
0.925, suggesting that the suppression of age related attribute improves performance on
this subgroup. For not young samples, the ROC AUC score initially increases from 0.859
to 0.864, but slightly drops to 0.860. Despite this minor decrease, the final classifier still
performs slightly better than the baseline. Also, the difference in ROC AUC score values
between those of young and not young samples is reduced from 0.050 in Classifier 1 to
0.047 in Classifier 2, reflecting improved fairness.

These results demonstrate that orthogonal latent space rotation, followed by targeted
or directionally consistent manipulation of a confounding attribute, can effectively enhance
fairness and improve accuracy in facial attribute classification tasks. By reducing the
latent space entanglement between baldness and age, the classifier generalizes better across
age groups, especially for rare or under represented combinations such as young and bald.
This experiment shows the potential of latent space disentanglement and manipulation
techniques for achieving representation level fairness in generative models.

6.6. Validation on UTKFace dataset

To validate the generalizability of the proposed factor rotation methodology, both the
CAE and the β-VAE models are evaluated on the UTKFace dataset. This dataset provides
facial images annotated with age and gender, two salient and demographically meaningful
attributes. The age attribute from the UTKFace dataset is converted to a binary attribute
by using a threshold of 30 years, where samples with age below 30 is labelled as young (1)
while those who are 30 and above are labelled as old (0). The focus of this evaluation
is to assess how well the proposed methodology of applying factor rotation techniques
to the latent space of an autoencoder generalizes across datasets and for this purpose,
the impact of factor rotation is evaluated on three key criteria, disentanglement quality
measured through modularity and SAP score, alignment of latent space dimensions with
interpretable attributes using mutual information and the predictability of those attributes
directly from latent space dimensions.

6.6.1. Attribute predictability using predictability matrix

Table 6.6 presents the predictability scores from the predictability matrix, computed as
the classification accuracy for gender and age based on the rotated latent space dimensions.
Without rotation, both models demonstrate moderate predictive power. For instance,
the CAE achieves an attribute predictability of 0.566 and 0.500 for gender and age,



6 Evaluation and results 45

respectively. After orthogonal rotation, these scores notably improve to 0.842 and 0.747.
The β-VAE follows a similar trend with improvements from 0.545 to 0.804 for gender and
from 0.521 to 0.697 for age. Oblique rotation offers nearly identical gains for gender and
age predictability. These results confirm that rotation enhances the semantic alignment
of latent space dimensions, making attributes more separable.

Model Attributes No Rotation Orthogonal Oblique

CAE
gender 0.566 0.842 0.842
age 0.500 0.747 0.803

β-VAE
gender 0.545 0.804 0.804
age 0.521 0.697 0.749

Table 6.6: Diagonal entries of the predictability matrix for each attribute under different
rotation strategies for models trained on the UTKFace dataset.

6.6.2. Mutual information score

To quantify the degree to which specific attributes are embedded into a particular latent
space dimension, a mutual information matrix, comprising of the mutual information
(MI) scores between the aligned latent space dimensions and each target attribute, are
computed. As shown in Table 6.7, the diagonal values of mutual information matrix,
indicating the correspondence between selected dimensions and their aligned attributes
are substantially higher after rotation. For example, the MI between the latent space
dimension aligned with the gender attribute and the gender attribute itself, increases
from 0.012 to 0.203 and 0.149 for CAE and β-VAE, respectively, after orthogonal rotation.
Similar improvements are observed for age attribute alignment, rising from 0.000 to 0.102
for CAE and from 0.003 to 0.067 for β-VAE, both after orthogonal rotation. Oblique
rotation introduces a similar trend for both attributes, gender and age and for both
CAE and β-VAE. This confirms the successful disentanglement and alignment introduced
through rotation.

Model Attributes No Rotation Orthogonal Oblique

CAE
gender 0.012 0.203 0.203
age 0.000 0.102 0.155

β-VAE
gender 0.012 0.149 0.149
age 0.003 0.067 0.094

Table 6.7: Diagonal entries of the mutual information matrix for each attribute under
different rotation strategies for models trained on the UTKFace dataset.
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6.6.3. Modularity and SAP score

Table 6.8 reports the average modularity and SAP scores before and after rotation. For both
CAE and β-VAE models, the application of orthogonal rotation substantially improved
the disentanglement metrics. Specifically, for the CAE, average modularity increased from
0.456 to 0.974 and 0.878 using orthogonal and oblique rotation, respectively while average
the SAP score rose from 0.115 to 0.204 and 0.137 with orthogonal and oblique rotation,
respectively. Similarly, the β-VAE model exhibits an average modularity improvement
from 0.468 to 0.975 and 0.851 using orthogonal and oblique rotation, respectively and
the average SAP score shows a substantial jump from 0.018 to 0.173 and 0.118 for
orthogonal and oblique rotation, respectively. These findings reflect that rotation of
latent space dimensions, in particular, enhances its statistical independence and attribute
separating capabilities. Although oblique rotation did not outperform orthogonal rotation,
it maintained comparable modularity while offering moderate SAP improvements for
β-VAE and stable results for CAE.

Model Rotation Modularity SAP score

CAE
No Rotation 0.456 0.115
Orthogonal Rotation 0.974 0.204
Oblique Rotation 0.878 0.137

β-VAE
No Rotation 0.462 0.018
Orthogonal Rotation 0.975 0.176
Oblique Rotation 0.851 0.120

Table 6.8: Average modularity and SAP score before and after factor rotation for the
latent space of a CAE and a β-VAE trained on the UTKFace dataset.

6.6.4. Visualization of latent space alignment

To qualitatively assess the effects of rotation on the semantic alignment of latent space
dimensions, latent space traversal on the UTKFace dataset is visualised. In this procedure,
the rotated latent space dimensions aligned with the selected target attributes are visualised
and their values are varied while keeping the remaining dimensions fixed. This visual
evidence further supports the claim that factor rotation facilitates disentangled and
interpretable representations within the latent space.
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(a) Orthogonal rotation (b) Oblique rotation

Figure 6.13: Latent space traversal results after applying factor rotation techniques to
the latent space of a CAE on the UTKFace dataset. Each row corresponds
to a latent space dimension aligned with a specific facial attribute and each
column shows the reconstructed image as the value of that dimension is
varied while others are held fixed. The traversal demonstrates how individual
attributes are represented in the rotated latent space.

(a) Orthogonal rotation (b) Oblique rotation

Figure 6.14: Latent space traversal results after applying factor rotation techniques to the
latent space of a β-VAE trained on the UTKFace dataset.

These experimental results on the UTKFace dataset reaffirm the effectiveness of latent
space rotation strategies. Orthogonal rotation is particularly effective in enhancing disen-
tanglement and attribute alignment, leading to improved interpretability and predictability
of learned representations. Oblique rotation offers competitive performance, especially
when considering multiple attributes simultaneously, due to its relaxed constraint on factor
independence. Overall, the results suggest that the proposed methodology generalizes
well across datasets and model architectures.
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7. Limitations and discussion

In this thesis, the proposed method demonstrates that factor rotation techniques can
enhance the semantic interpretability of latent space representation in autoencoders,
however several important limitations need to be considered carefully.

The methodology proposed in this thesis relies on attribute classifiers trained using
the original latent space to define rotation directions. This technique can introduce a
dependency on the accuracy of these classifiers, which are used in determining semantic
directions for rotating the latent space. If these classifiers fail to capture unbiased
representation of the attributes, the resulting rotated latent space may misalign or distort
the underlying semantics, undermining both interpretability and fairness goals.

A further limitation arises from the assumption of linear separability between attributes
and latent space dimensions. Rotation directions are derived from the coefficients of linear
models, while interpretable, it may oversimplify the true structure of the latent space.
Certain attributes like age or gender may interact in non-linear ways with other visual
cues like baldness and a linear alignment could miss these interactions or fail to fully
disentangle correlated factors.

Another limitation is the availability of attribute labels. Datasets such as CelebA and
UTKFace provide annotations for a limited set of facial attributes, which constrains the
scope of disentanglement and fairness evaluation. Subtle variations that are not captured
by these labels, may still be entangled in the latent space representation. As a result, the
current evaluation metrics may not fully reflect the complexity of disentanglement or the
presence of residual attribute leakage.

The strategy introduced in this thesis to analyse and enhance fairness involves suppress-
ing specific attribute and depends on the assumption that the attribute is entirely encoded
along a single latent space dimension after rotation. In practice, attributes tend to be
distributed across multiple latent space dimensions, even after alignment. Suppressing one
dimension may therefore not fully remove the influence of the attribute and in some cases,
may lead to unintended artifacts or degradation of performance for certain subgroups.

The evaluation of robustness was limited to two relatively clean datasets with con-
strained variation in pose, lighting and occlusion. While promising results were obtained
on CelebA and UTKFace, the method’s applicability to more diverse, real world facial
imagery remains uncertain. It is unclear how the rotation strategy would perform under
more challenging conditions, such as low quality images, angled facial images or complex
backgrounds.
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8. Conclusion and outlook

In this thesis, the application of factor rotation techniques on the latent space of an
autoencoder has been proposed to improve disentanglement and interpretability of facial
attribute representation in the latent space. This thesis demonstrates that aligning
latent space dimensions with specific attributes using factor rotation and followed by
evaluation using disentanglement metrics, latent space traversals and classifier predictions,
can significantly enhance the semantic clarity and controllability of the latent space of an
autoencoder.

The latent space traversals showed that rotated latent space dimensions, yielded
more realistic and isolated transformations of facial features with minimal interference
from other attributes. Correlation heat maps before and after rotation revealed that
rotation successfully decorrelated entangled features, especially in the β-VAE. Furthermore,
manipulating attribute aligned latent space dimensions and evaluating classifier predictions
highlighted that rotation enables more controlled and targeted editing of facial features
without substantially degrading reconstruction quality. Both orthogonal and oblique
rotation proved effective in aligning attributes with specific latent space dimension.

Rotation of latent space dimensions using factor rotation also demonstrated its useful-
ness in mitigating bias and enhancing fairness and accuracy across subgroups of samples.
The results showed a reduction in prediction performance disparity between subgroups of
samples, thereby indicating improvement in fairness. Overall, this thesis confirms that
application of factor rotation on latent space of autoencoder provide a principled and
interpretable framework for controlling bias in generative models, contributing to the
development of fairer artificial intelligence systems in face analysis tasks.

There are several promising directions for extending this work. The rotation framework
could be applied in combination with adversarial training or mutual information based
regularization to further enhance disentanglement. Integrating dynamic or learnable
rotation mechanisms directly into the autoencoder training pipeline could automate and
optimize alignment for arbitrary downstream tasks. Additionally, exploring the use of
these techniques on more diverse datasets or in domains beyond facial analysis such as
medical imaging or human activity recognition could broaden their applicability. Finally,
investigating fairness aware manipulation and suppression strategies using rotated latent
spaces could contribute to building more transparent and equitable machine learning
models.
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Appendix A Implementation details

All experiments were conducted using Python 3.111 within the open source platform
kaggle2, which also provides access to a large number of datasets including the CelebA
and UTKFace datasets. All neural network models used were built and trained using
tensorflow 2.18.03 and keras 3.5.04 on NVIDIA Tesla T4 GPU, while numpy 1.26.45 and
pandas 2.2.36 were used for data manipulation and preprocessing, matplotlb 3.7.57 and
seaborn 0.12.28 facilitated qualitative analysis through visualization, scikit − learn 1.2.29

was employed for computing evaluation metrics as well as for training logistic regression
models. All training and evaluation procedures, including latent space rotation and
attribute suppression experiments, were executed within the constraints of this envi-
ronment. To ensure reproducibility, random seeds were fixed across both tensorflow

and numpy. Training times were optimized by utilizing data generators. To generate
the neural network architecture diagrams in figure 6.1, figure 6.3 and figure 6.5, the
open source tool PlotNeuralNet by Iqbal [25] was used. Flowchart diagrams in fig-
ure 6.2, figure 6.4, figure 6.6 and figure 6.7 were created using the online open source
platform visual paradigm − online productivity suite10. The source code is available
at: https://github.com/Arindam240143/Autoencoder-factor-rotation.

1https://www.python.org/
2https://www.kaggle.com
3https://www.tensorflow.org/
4https://keras.io/
5https://numpy.org/
6https://pandas.pydata.org/
7https://matplotlib.org/
8hhttps://seaborn.pydata.org/
9https://scikit-learn.org/stable/

10https://online.visual-paradigm.com/

https://github.com/Arindam240143/Autoencoder-factor-rotation
https://www.python.org/
https://www.kaggle.com
https://www.tensorflow.org/
https://keras.io/
https://numpy.org/
https://pandas.pydata.org/
https://matplotlib.org/
hhttps://seaborn.pydata.org/
https://scikit-learn.org/stable/
https://online.visual-paradigm.com/
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Appendix B Model parametrization

Model Parameter Value

CAE

optimizer “Adam”
lr 1e-3
loss mean squared error (MSE)
batch 32
latent_size 32

epochs 10 (CelebA)
30 (UTKFace)

early_stopping_patience 5 (CelebA)
15 (UTKFace)

β-VAE

β
1.5 (CelebA)
2 (UTKFace)

optimizer “Adam”
lr 1e-3

loss binary_crossentropy
and KL Divergence

batch 32
latent_size 32
epochs 50
early_stopping_patience 20
random_state 42

DNN classifier

optimizer “Adam”
lr 1e-3
loss binary_crossentropy
batch 32
epochs 30
early_stopping_patience 20

Logistic regression

penalty “l2”
dual False
tol 1e-4
C 1.0
fit_intercept True
intercept_scaling 1
class_weight None
random_state None
solver “lbfgs”

max_iter 100 (rotation matrix creation)
200 (disentanglement metrics)

multi_class “auto”
verbose 0
warm_start False
n_jobs None
l1_ratio None

Table B.1: Training parameters for models used in this thesis
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Appendix C Additional plots

Figure C.1: Histogram of DNN classifier prediction probabilities for five selected facial
attributes based on reconstructed images from CAE. Each subplot compares
predictions under three conditions, no rotation, orthogonal rotation and
oblique rotation. In rotation cases, the latent space dimensions aligned with
the corresponding attribute is manipulated and the effects are visualised.
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Figure C.2: Histogram of DNN classifier prediction probabilities for five selected facial
attributes using reconstructed images from β-VAE. Similar to the case of the
CAE, predictions are shown under no rotation, orthogonal rotation and oblique
rotation, following manipulation of attribute aligned latent space dimensions.
The results illustrate the effect of disentangled control on classifier responses.
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