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Abstract: Fashion image analysis has a lot of trouble working with noisy data, especially when there aren't any good 

training examples to use. This happens because standard auto encoders can't keep class separability when the noise level 

changes. This paper introduces Structured Auto encoders (SAE), which combine convolutional encoder -decoder 

architectures with geometric constraints in the latent space. This strategy uses greedy layer-wise pre-training, and then it 

fine-tunes the model using two loss functions: structured latent space regularization and reconstruction error. The 

encoder has convolutional layers with 3×3 filters and ReLU functions that only turn on when they are needed. During 

testing, it was tested on Fashion-MNIST with noise levels ranging from 20% to 70%. It was also tested on MNIST, 

DeepFashion2, and 3D human pose datasets. The results of the experiment show that SAE can classify 85.4% of the 

time with only five samples labeled for each group. This is much better than the standard auto encoders (68.4%) and the 

baseline support vector machine (SVM) methods (84.32%). With the best setup, which has 1,000 hidden nodes and a 

learning rate of 0.1, images with up to 70% noise can be reconstructed well With 80% classification accuracy on clean 

test data, the latent space structured method allows for the solution of basic issues that are related to introducing 

geometric constraints between the classes so that the class boundaries remain intact even in a noisy environment.The 
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proposed method achieves a classification accuracy of 85.4% ± 1.2%under standard evaluation settings, with robustness 

validated under noise levels of up to 70%. All results are obtained using standard training–testing splits and are 

averaged over multiple experimental runs to ensure reliability and reproducibility. The proposed semi-supervised 

performance is enhanced by increasing the number of discriminative features through the use of a highly structured 

representation of the data, as opposed to using an unstructured representation, which results in performance 

enhancement. The authors present an original framework capable of simultaneously providing robust image 

classification and denoising capability through geometric constraints established in the framework, which enhances the 

learning of discriminative features through the use of limited amounts of labeled data. The implementation of this 

framework in the real-world fashion industry would facilitate the processing of fashion images with respect to noise 

resistance and the ability to annotate images quickly. 

 

Index Terms: Convolutional auto encoders, structured latent space, fashion image analysis, denoising, semi-supervised 

learning 

 

 

1. Introduction 

Deep learning models, particularly autoencoders, have demonstrated strong capability in representation learning. 

However, their performance degrades significantly in real-world scenarios characterized by high noise levels and 

limited labeled data. Learning robust and discriminative latent representations under such conditions remains a 

challenging problem. The digital fashion industry has grown substantially, so we now have access to a larger quantity of 

visual data than ever. Processing this visual data in ways that will allow it to be meaningful for analysis and usage are 

necessary. Fashion image analysis employs all four methods of computer vision, deep learning, and pattern recognition. 

Fashion image analysis has the ability to automatically locate, organise, and group clothing items based on digital 

images. Auto encoders (which are a type of neural network) are becoming increasingly important for completing 

complex visual processing tasks, such as feature extraction, image reconstruction, and dimensionality reduction. They 

teach computers how to effectively and accurately represent visual data. Stability and reliability factors should be taken 

into account when designing auto encoder networks for effective virtual styling, automated fashion analytics, and 

eCommerce. This is important when dealing with fashion images because, due to differences in colour, texture, style, 

and background noise, it can be difficult to determine the subject of images. Auto encoders were developed as a result 

of modular learning. By utilising reconstruction-based criteria for feature extraction, these networks allow for the 

development of feature extraction without the need for supervision. Over time, deep architectures have proven to be 

better than traditional statistical methods at cutting down on the number of dimensions in data. This was possible 

because of pre-training strategies that made sure the network would start up correctly. These techniques were what 

made this happen. Adding convolutional layers to auto encoder designs made image processing much better. This was 

achieved by preserving the spatial structure [1] through the use of localized receptive fields. Structured latent spaces 

were added to probabilistic and adversarial frameworks to bring together the ideas of generative modeling and 

reconstructive learning. To enhance methods for noise removal [2, 3], noise was added to the inputs, and models were 

trained to restore clean representations. This made it much easier to find strong traits. The robust versions, on the other 

hand, tried to tell the difference between noise and outliers. They usually trained on clean datasets at first. They also 

tried to tell the difference between noise and outliers. To handle the greater complexity compared to digit recognition, 

customized datasets [2] were created for the fashion industry. The fashion industry made these datasets. These datasets 

contain a lot of pictures from many different categories. These pictures show how the texture, shape, pattern, and style 

have changed over time. Because the environment changes, automatic recognition systems have a hard time keeping 

their classifications accurate. Scientists have looked into neural ways to group things together and find small style 

differences. These methods are better than features made by hand, but they usually need a lot of data that is already 

labeled. To deal with the lack of annotations, semi-supervised learning has been used, and unsupervised pre-training has 

helped performance when there aren't many labels. Active learning strategies also try to improve labeling by 

concentrating on the samples that are most helpful. But there aren't many ways to combine structured representation 

learning with figuring out how sure something is. More and more research is now focused on structuring latent spaces 

so that the learned features are easier to understand and the important relationships between the features are kept. The 

primary focus of current structured latent spaces methods is on entities that provide better performance for 

representation learning/ clustering tasks, while the typical limitations include: limited use of only clean datasets and/or 

complete supervision to include the even more limiting factors of noise robustness and semi-supervisory learning 

combined create many barriers to real-life applications. Although much progress has been made by auto encoders in 

relation to the fashion image analysis and auto encoders application areas, many critical aspects are left unresolved. 

First of all, most auto encoder systems don't do a good job of keeping different classes separate in their internal 

representations, especially when they have to deal with images that are noisy or broken [4,5]. Most current denoising 

methods only care about making images look good again; they don't check to see if the cleaned-up images can still be 
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correctly classified [6]. Researchers are still trying to figure out how to make a system that can both accurately classify 

and reconstruct clear images at the same time. [7]. Another problem is that most of the methods we have now need a lot 

of labeled data to work well. This is a problem because it costs a lot of money and time to get fashion experts to label 

thousands of pictures eating [8, 9]. Lastly, we still need architectures that can handle different types and levels of noise 

across different fashion categories while still being practical enough to use in the real world [10]. We directly address 

these core problems by creating a new deep convolutional auto encoder that uses structured constraints in its latent 

space to improve and correctly classify fashion images at the same time. The main goal is to add different geometric 

limits. When noise makes images less clear, they help keep class boundaries clear and make it easier to tell features 

apart. In particular, we wanted to achieve the following: (1) build a structured auto encoder that keeps its internal 

representations of different classes separate, even when there is a lot of noise; (2) come up with an optimization method 

that uses dual loss functions to find the right balance between the quality of image reconstruction and classification 

accuracy; (3) test our method in semi-supervised settings with limited labeled data; and (4) show that our framework 

works with different types of fashion data. Our research looks at a lot of important areas. We’re working on adding 

geometry-based constraints on auto encoders’ latent spaces so that we can better classify between types of Fashion 

Images. We’re also looking at optimising architectural changes to enable us to simultaneously optimise for both image 

reconstruction as well as classification in the presence of noise. In addition, we’re considering the application of a 

structured latent representation when performing semi-supervised learning, where there are not enough Fashion Images 

with Accurate Labels. Finally, we will be comparing our proposed framework against different types of Auto-Encoder 

architectures and typical ML Algorithms as noise and complexity increase in the dataset. By using an experimental 

approach with convolutional auto encoder architectures with structured latent space regularization, we refined our 

methodology. We have two loss functions to find a balance between decreasing the number of reconstruction errors and 

maintaining the structure of the latent space. The Fashion-MNIST dataset is the primary dataset used for testing our 

method. However, we have also performed tests on the MNIST dataset, the DeepFashion2 dataset, and the 3D human 

pose dataset to show that our framework is general enough to apply to all these datasets. Our results are compared with 

those obtained from traditional auto encoders, variational auto encoders, and support vector machine benchmarks using 

an evaluation of how our method performs between 20% and 70% noise. The guided labeling method in our framework 

using the structured latent space provides an advantage by providing a mechanism to quickly choose samples to use in 

semi-supervised scenarios. Coupled with accurate confidence estimates from SAE and SVM, our method automatically 

selects instances with the highest uncertainty to gain the most benefit from hand-annotation. 

To address these limitations, this paper proposes a structured autoencoder framework that integrates geometric 

constraints, noise-aware training, and uncertainty-driven guided labeling to enable robust learning under noisy and low-

label conditions. Using classification scores for each class, the algorithm discovers samples that are very uncertain 

about the classification of that sample by calculating the highest score of the classes relative to the second highest 

classification for that sample. This method also reduces misclassification rates from about 4% to around 3%. The only 

manual task that needs to be performed with respect to the performance of the algorithm is to manually label the 

identified samples that were found to provide the most value to the algorithm. Therefore, it saves both time and money 

in terms of how much it would cost to document these samples manually. The framework is flexible enough to 

accommodate a wide variety of different types of data from vector data that describes 3D human poses with 6890 

vertices, basic images that consist of MNIST images, to more complex images such as Fashion-MNIST images divided 

into summer, warm weather, and year-round clothing. Our method has demonstrated better performance than traditional 

classification networks in scenarios where there are very few training samples. The encoder-decoder design of our 

architecture has an advantage over many different network implementations (e.g., VGG-based implementations, fully 

connected dense networks [10, 11]). For example, when trained on only 6000 MNIST samples with some additional 

data, we attained a maximum accuracy of 99.05% on the MNIST test. Thus, the proposed approach will be beneficial 

for use in various applications of computer vision while maintaining the primary advantages of efficiency of directed 

annotation and structure of representation learning [12]. 

Structured latent space learning has been looked at in some of the previous literature. However, most of the current 

methods have been focused on providing a way to learn an abstract representation of a data set, and/or clustering the 

data without explicitly dealing with the impact of high noise and the limited amount of labelled data on their ability to 

represent the data. The framework that has been proposed provides a single structured autoencoder which uses the same 

geometrically constrained latent space for 3 tasks; denoising, classification, and semi-supervised learning. This work is 

unique because it includes four major innovations. The first innovation is how MDS-based geometric constraints were 

integrated with convolutional autoencoders to help enforce class separable structure from severe amounts of noise. The 

second innovation is the development of a dual-loss optimization approach that maintains both reconstruction fidelity 

and latent structure jointly. The third is an uncertainty-driven guided labeling mechanism to provide efficient semi-

supervised training, and finally there is extensive validation on multiple datasets using different amounts of noise (up to 

70% noise); both aspects have not been stress-tested in any other structured autoencoder frameworks. 

The proposal makes the following contributions: 1. This paper proposes a novel structured autoencoder model 

comprising a convolutional architecture with a geometrically-restricted latent space to increase the separability of the 

classes; 2. The inclusion of a novel set of latent space constraints based on MDS will allow for the organisation of 
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features appropriately in the presence of significant noise; 3. A dual-objective loss function will jointly optimise for the 

accuracy of reconstruction as well as the structure of the latent space thus improving the ability to learn representations; 

4. Provides an uncertainty-driven guided label mechanism will help to improve semi-supervised learning performance 

in the presence of limited labelled data; 5. The results of this research will be backed by extensive evaluations on 

multiple benchmarks, demonstrating that the novel approach achieves strong performance even with the extremely high 

level of noise introduced (up to 70%), which is not sufficiently addressed by existing structured autoencoder 

frameworks. 

Subsequent sections layout how the subsequent parts of the study will proceed. The second part will lay out what 

we name the Proposed Structured Auto Encoder concept, how we develop the Architecture, and the way we set up our 

loss function, and ultimately how to properly Train/Test the proposed structured auto encoder with its respective 

parameters. The third section consists of the description of Experimental Methods (including the Dataset(s)) used for 

creating our results as well as the evaluation/measurement of those Results. The fourth section provides an analysis of 

each Auto Encoder using performance, ablation testing, and generalization analysis methods; also, the last part 

represents the specific usefulness of a specific Auto Encoder, or how a particular Auto Encoder type may be used. 

Additionally, the last half will provide a broad summary of the major findings and a potentially valuable future research 

area. 

2. Related Work 

In recent years, deep learning has undergone great advancements, particularly with respect to how it relates to 

representation learning via autoencoder-based models through the creation of structured latent spaces in which 

represented features can exist. The use of autoencoders to extract features, reduce dimensionality, and reconstruct data 

has led to many applications of these types of models; in fact, autoencoders form the basis of many unsupervised and 

semi-supervised learning frameworks. A recent survey, published in 2024, indicates that current trends in the design of 

autoencoders are moving towards using constraints on their latent spaces as a mechanism for increasing their 

interpretability and improving performance on downstream tasks [13]. 

Numerous studies conducted in 2024 have now emphasized developing latent space structures that promote 

improved feature separability and robustness through structural modifications of the underlying data during the 

generation of features. Latent space manipulation techniques enhance the quality of the representation to provide a 

better means for detecting anomalies [14] and models that utilize knowledge-integrated autoencoders impose distance-

based constraints to help organize the latent space [14]. These efforts illustrate the advantages associated with the 

creation of structured representations but are primarily limited to a focus on representation learning rather than 

classification capability under conditions of noise. 

The structured latent space autoencoders have been applied to domain-specific applications such as industrial 

monitoring and medical imaging in 2025. In particular, a structured deep autoencoder has been used in conjunction with 

reconstruction and latent representation learning for the purpose of condition monitoring [15, 16]. Other autoencoder-

based generative models have also been used for image segmentation [17]. However, the majority of these techniques 

rely on large amounts of labelled data and therefore cannot effectively cope with semi-supervised learning 

environments where there is a lack of annotations. 

Recent publications are exploring the improvement of latent space expressive power via more complex architecture 

ssuch as Graph Auto-Encoders and expanded latent space models, which allow improved feature learning and better 

classification performance [18], [19] but tend to lack a mechanism for accommodating high amounts of noise as well as 

maintaining class separation at the same time. In addition to this, most existing studies have examined either generative 

modeling or representation learning without considering an integrated approach that would satisfy both objectives 

within one unified framework [16]. In recent years, there have been major advancements in representation learning and 

semi-supervised learning, which have gained significant attention at leading conferences including CVPR, ICCV, and 

NeurIPS [20],[21],[22]. Many researchers have attempted to enhance model robustness and generalization ability using 

structured representations, contrastive learning, and noise-aware training strategies. All of these advances underscore 

the continuing value of learning discriminative latent spaces in difficult environments. Unfortunately, most of the 

current methods for accomplishing these tasks rely heavily on large amounts of labeled training data, or exclusively 

focus on either representation learning or classification independently (without combining the two into a single system 

that takes into account various geometric constraints and the need for semi-supervised approaches. 

Most of the more recent work on structured autoencoders has focused on either increasing organization of latent 

spaces or improved learning representation; however, neither of these focused on providing a unique solution for both 

robustness against high-noise levels as well as providing a semi-supervised learning method when little or no data is 

available to use as ground truth for supervised training. Most existing methods assume a relatively clean dataset or need 

a majority of their training to be done in supervised mode. The proposed method therefore creates a framework that 

provides a unique combination of structured latent representation, noise-aware training, uncertainty-driven guided 

labeling and a single framework to accomplish this creates a very effective way of learning in an environment with 
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extreme input corruption, while providing very good classification performance with minimal supervision, therefore 

representing something which would be perceived as being entirely different than all existing approaches. 

3. Proposed Methodology 

3.1. Structured Auto encoder Framework 

The overall structure includes various parts like: a convolutional autoencoder, geometric constraining of latent 

space through MDS, using SVD to align the data, classifying data with SVM classifiers and finally, adding an 

uncertainty-based active learning component. The training process occurs in the following sequence: first the 

autoencoder creates a latent representation of the data, then these representations have been geometrically constrained in 

order to give structure to the latent space, and finally these same representations have been aligned so that they can be 

used to train a classifier. The classifier will be iteratively improved using a small amount of labeled data by a sample 

selection process. Our method solves the main limitations of classic auto encoders by adding geometrical constraints 

into the latent space of a structured auto encoder (SAE) [23],[24] to obtain high fidelity (how accurately the original 

data can be reconstructed) and good classification (how accurately the data has been classified) of data. With explicit 

structural regularization providing us with a semantically organized learned feature space with separated classes. In 

contrast to traditionally learned auto encoders which only provide an unstructured latent representation of data, our 

innovation is the use of a dual optimization method that provides a balance between the accuracy of the reconstruction 

of the data and accuracy of the creation of the structured latent space [25]. The goal of this procedure allows us to both 

sort through and sanitize fashion-related imagery throughout this process while maintaining only the required 

components for subsequent tasks. Convolutional architectures are used to leverage the pre-existing spatial correlation 

found throughout each respective fashion image while utilizing 2D structural regularization via MDS-based approaches, 

to limit the actual geometry of the latent space. The arrangement of structural constrains within the latent space create 

limitations/restrictions to ensure represented data is optimally arranged representing similarity/interrelation of the data 

accordingly. The predefined structured Latent Space Z developed with the MDS optimization process assists in 

satisfying the distance preservation requirements for each represented class by enforcing the maximum inter-class 

distances while preserving the maximum intra-class distances throughout all class interrelationships. The latent space is 

set to a dimension of 64 for the autoencoder architecture, and the images that will be input into the autoencoder will be 

resized to 28 × 28 before being processed through the architecture itself. The structured latent representation, z,̃ has 

been generated through a geometric transformation-based regularization process of the encoder's output, as outlined in 

(1). 

 

 z ̃= R · z (1) 

 

The rotation matrix R is derived from the SVD (singular value decomposition) of the structure matrix. As 

described in (2), R is calculated by: to align the learned latent representations with the desired target geometric structure, 

we adopted an orthogonal Procrustes formulation. The task is to find an orthogonal matrix R that minimizes the distance 

between the two matrices XXX and YYY. 

 

 ∥XR−Y∥F\| XR - Y \|_F∥XR−Y∥F (2) 

 

The best solution comes from the method of computing the Singular Value Decomposition (SVD) using the cross-

covariance matrix's SVD.  

 

 XTY=UΣVTX^T Y = U \Sigma V^TXTY=UΣVT (3) 

 

The rotation matrix is then given by: 

 

 R=UVTR = UV^TR=UVT (4) 

 

An orthogonal transformation that maintains distance and aids alignment with the target geometric form is 

achieved through this formulation. See (3) for the outline of the decoder function f_dec. 

 

 f_dec(z)̃ = σ(W₃ᵀ * σ(W₂ᵀ * σ(W₁ᵀ * z ̃+ b₁ᵀ) + b₂ᵀ) + b₃ᵀ) (5) 

 

Where the W_i are weight matrices and the b_i are the corresponding bias terms, a Decoder architecture is tied, 

i.e., the W_i of the Encoder is equal to W_i of the Decoder, to reduce the number of parameters to more manageable 

levels and increase performance with respect to generalization. 
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Fig. 1. Full Methodology for Structured Auto encoder with Guided Labeling Flowchart 
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As illustrated in Figure 1, the system has two routes that use Deep Learning to classify noisy images of Fashion 

items in a vigorous and efficient way. All fashion images start as 28x28 pixel images and have controlled Gaussian 

Noise of 20% to 70% added to them to simulate how the images would be damaged when captured from real-world 

video footage. To further facilitate these images for processing, we use ReLU activation functions and Max Pooling 

techniques to increase the size of each image by constructing a deep hierarchical structure. The framework contains 

three convolution layers which identify higher-level structures of shapes/patterns and textures. Additionally, implement 

Multidimensional Scaling (MDS) & Singular Value Decomposition (SVD) on the reconstructed images for an 

orthogonal rotation to improve how similar the structural elements appear in the latent representation. In order to 

preserve existing links between features, this method generates latent features that are aligned geometrically with each 

original dimension. Thus far, the structured latent space is considered to be the most important aspect within the model. 

This makes it easier to tell the parts apart and understand them. The framework then divides into two separate paths: 

one for decoding and rebuilding, and the other for sorting. Below, you can read about both of these methods. The 

decoder circuit can reconstruct the input while keeping the hidden features' spatial and contextual integrity by using 

transposed convolution layers. To sort the pictures into ten different fashion groups, a linear Support Vector Machine 

(SVM) is used in the classification process. 

During training, the network optimizes a combined loss function that includes reconstruction loss, structural loss, 

and accuracy of classification. During training, this function is improved. This guarantees that discriminative learning 

and data integrity will always be in a state of balance with one another. First, a method called greedy layer-wise pre-

training is used. After that, fine-tuning is done using structural constraints to make generalization and convergence more 

stable. There are many ways that an active learning loop can help the model work better. One of these methods is to use 

uncertainty sampling. To make the classifier work better, samples that are not very sure of their classification are found, 

labeled by professionals, and then added back to the training dataset, it will repeat this through the process of training a 

classifier. This has reduced classification errors by approximately 4% over the entire process of training multiple 

classifiers to classify items, making it a lot easier to classify an item. The classifier will now move into inference mode 

to analyze new data and provide the final estimates of performance in terms of classification accuracy, reconstruction-

quality, and (if applicable) classification efficiency after convergence. The application of denoising, structural learning, 

and active training to this process produces a deep neural network that is able to achieve very high accuracy and 

produce interpretable features for fashion image classification in noisy environments. 

In order to achieve structured class separation despite the introduction of noise, existing geometric constraints are 

applied in latent space. Through the use of multidimensional scaling (MDS), we ensure that distances between classes 

remain intact in the embedding of latent space. This provides a way for latent space to show meaningful geometric 

relationships between classes instead of just being a collection of learned features. To align the learned latent 

representation with the inherent geometric structure of the data, we also use singular value decomposition (SVD) based 

rotation. The orthogonal transformation maintains variance and preserves the pairwise distances between classes while 

improving the orientation of class clusters. Using MDS and SVD to construct a stable and interpretable mechanism to 

enforce global structure (such as demonstrated by MDS and SVD), will be especially useful in situations where 

supervision is weak and/or noise levels are high. 

3.2. Loss Function Formulation: 

The reconstruction loss measures if the image is built correctly and correctly applies the structured latent space 

principles; the reconstruction loss L_AE (the Mean Squared Error - MSE) can be defined as the amount of difference 

between the input image x and the reconstrcuted output f_ae(x) as in (6). 

 

 L_AE(x, f_ae(x)) = ||x - f_ae(x)||² (6) 

 

The auto encoder learns through this part to capture useful visual representations that will preserve critical 

information that is important for accurately reconstructing the object or image. By using a squared L2 Norm to provide 

smooth gradients, the convergence will occur consistently throughout training. The structural loss part makes sure that 

the latent space stays organized by making sure that classes stay separate by following geometric rules. This is how the 

structural loss L_S is defined: 

 

 L_S(f_enc(x), z)̃ = ||f_enc(x) - z|̃|²  (7) 

 

This loss term makes sure that the encoder output matches the desired structured representation z.̃ This limits the 

latent space to show useful geometric properties that improve classification performance and make the results easier to 

understand. The overall goal of the training is to combine reconstruction and structural loss into a single number by 

adding them together: 

 

 L_SAE(x, z)̃ = γL_S(f_enc(x), z)̃ + (1 - γ)L_AE(x, f_ae(x)) (8) 
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Where, γ ∈ [0, 1] is the balance parameter that controls how important structural goals are compared to 

reconstruction goals. The representation of the learned data structure has limitations based on the γ value. A scenario of 

γ = 0 will resemble standard auto encoders training. There is a trade-off when choosing a value for γ between the 

structural characteristics of the latent space and the fidelity when reconstructing the original inputs. Through empirical 

investigation, it has been shown that moderate levels of γ (generally between 0.3 and 0.7) produce an optimal balance 

between these two objectives, therefore allowing them to be easily optimized at the same time for classification and 

performance. 

3.3. Training Procedures 

Although not usually a downside since your program will still be able to run, having greedy layer-wise training of 

auto encoders prevents you from determining whether or not you've found the best solution to an instance of your 

choosing. However, performing layer-wise, greedy pre-training allows you to identify and establish good settings for 

your auto encoder's parameters (parameter initialisation). Pre-training also leads to excellent convergence properties 

when fine-tuning layers after pre-training layers. Layers are trained sequentially by feeding the outputs (i.e., weight 

values) of a preceding layer, into the corresponding neurons in a subsequent layer. This will gradually create more 

complex and deeper levels of feature representation from the first layer through deeper layers. The first layer (layer one) 

is trained using only the input pixels of images. The first auto encoder has learned how to represent simple features of 

the data, e.g., line (edges), surface (texture), orientation (simple patterns), in a manner similar to how the human brain 

processes visual information. Layer one will then pass its output (the evaluated weight values/layers) on to layer two as 

input; layer two will be able to determine more complex, relatable lateral connections using the layer one outputs rather 

than the raw input data. Layer two generally then forwards its output (obtain evaluated layer values) to layer three; 

thereby, the network can begin to capture increasingly complicated and hierarchical data patterns providing a rich set of 

features and depth for classification or reconstruction after completing auto encoding.   As shown in (9), each layer 

training reduces the reconstruction error on its own. 

 

 θ_i* = argmin Σ ||h_{i-1} - f_dec^i(f_enc^i(h_{i-1}))||² (9) 

 

Where, θ_i stands for the parameters of layer i, h_{i-1} stands for the output of the previous layer, and f_enc^i and 

f_dec^i stand for the encoder and decoder functions for layer i. After pre-training each layer, the whole network is fine-

tuned with the combined loss function L_SAE. This stage adds structural limits while keeping the learned feature 

hierarchies from pre-training. Backpropagation is used in the fine-tuning process to optimize all of the network's 

parameters at the same time. 

The fine-tuning optimization problem is set up like this: 

 

 θ* = argmin Σ L_SAE(x_i, z_̃i)  (10) 

 

where θ stands for all the network parameters and the sum goes over all the training samples. The structural 

constraints direct the optimization towards latent representations that demonstrate requisite geometric characteristics 

while preserving reconstruction abilities. Multi-Dimensional Scaling (MDS) is used to find the best class positions in 

latent space by calculating the geometric constraints. The goal of the MDS optimization is to keep the distance 

relationships set by a target distance matrix D.  

 

 Z* = argmin Σ (d_ij - ||z_i - z_j||₂)²  (11) 

 

Where, d_ij is the distance that you want between samples i and j, and ||z_i - z_j||₂ is the euclidean distance in latent 

space. The target distances are set to keep the classes separate from each other while keeping the classes close to each 

other. 

We use Procrustes analysis to find the rotation matrix R in (11), which is used to line up encoder outputs with 

structured representations. 

 

 R = argmin ||Z_enc - RZ_target||²_F (12) 

 

Where, Z_enc stands for the encoder outputs, Z_target stands for the target structured positions, and ||•||_F stands 

for the Frobenius norm. As was said before, SVD decomposition gives us the best rotation matrix. 

3.4. Structured Auto encoder Training Algorithm 

Figure 2 shows the proposed structured auto encoder training algorithm [29]. It uses a systematic approach that 

starts with random parameter initialization and then trains each layer one at a time using reconstruction loss. We train 

each layer of the auto encoder separately and then freeze it to keep the learned representations. This keeps feature 

learning stable without interference from layers that haven't been trained yet. After the layer-wise pre-training is done, 
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the algorithm uses Multidimensional Scaling (MDS) on the desired distance matrix to find target structured positions. 

This imposes geometric constraints on how the latent space may be structured. The forward pass creates current latent 

representations, which are subsequently aligned with target locations using an ideal rotation matrix discovered using 

Singular Value Decomposition (SVD). Structured representations are created by imposing the required geometric 

structure while retaining crucial properties. Training is accomplished by repeatedly optimizing a balanced combined 

loss function, as illustrated in (11). 

 

 L = γL_S(z, z)̃ + (1-γ)L_AE(X, f_ae(X)) (13) 

 

Where, the parameter γ controls the trade-off between the quality of the reconstruction and the alignment of the 

structure. In the backward pass, gradient descent is used to change the network parameters until the convergence 

requirements are met. This dual optimization method makes sure that the auto encoder can still reconstruct while 

learning structured representations that follow geometric rules. Optimized parameter values, θ*, representing structured 

auto encoders that have been completely trained, can be produced by this method for use in applications that require 

both high-quality reconstruction and interpretable organization of latent space. A systematic layer-by-layer approach to 

initializing training of network connections ensures that the stability of training dynamics is maintained and that the 

goals of both feature learning and structural constraints are achieved. 

 

 

Fig. 2. Structured Auto encoder Training Algorithm [29].  

In Fig. 2, the design of the latent spacegives assurance that the classes remain distinct from each other so that the 

trained auto encoder will be able to produce structured latent representations to be used as input features for 

classification by means of a linear support vector machine (SVM). The classification process consists of three steps. 

First, construct and train a classifier with training/explanatory variables from the structured feature and associated labels. 

Second, retrieve the latent representation z˜ = f_enc(x) with the trained auto encoder. Third, use the trained auto 

encoder-SVM framework to predict using new sample data. Using a two-phase approach to the semi-supervised 

learning of an SVM classification problem is facilitated by using the auto encoder, which was trained to extract features 

from unlabeled data, to improve classification of the target variable when trained with a limited number of labeled data 

points. The design of the latent space produces features that are component-based, so that the classification of sample 

data can be significantly enhanced regardless of the label provided during the classification phase. A linear SVM 

classification supported by a set of features extracted using a structured auto encoder is an effective and 

computationally efficient means of accomplishing problems where both the feature learning occurs without labels and 

when classification will occur with labels through supervision. 

 

Algorithm 1: Proposed Training Pipeline 

 

1. Initialize autoencoder parameters  

2. Train autoencoder using input data to obtain latent representations  
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3. Apply MDS to enforce geometric structure on latent space  

4. Perform SVD-based Procrustes alignment to refine latent representation  

5. Train SVM classifier using available labeled data  

6. Compute uncertainty scores for unlabeled samples  

7. Select most informative samples (active learning)  

8. Update labeled dataset  

9. Retrain model with updated data  

10. Repeat steps 5–9 until convergence 

4. Experimental Setup 

4.1. Dataset Description and Configuration 

The proposed framework is evaluated on multiple datasets, including MNIST, Fashion-MNIST, Deep Fashion2, 

and a 3D pose dataset, to assess its robustness across varying data complexities. These datasets represent different 

domains, ranging from simple grayscale digit images to complex real-world visual data and structured pose 

representations. The use of multiple datasets is intended to demonstrate the adaptability and robustness of the proposed 

method under diverse conditions, rather than to claim direct cross-domain transfer learning. In this research study, we 

utilize the Fashion-MNIST  dataset - which was released in 2017 and is considered a more difficult benchmark than the 

original MNIST - as the main dataset for our experimentation. Fashion-MNIST can better simulate real-world computer 

vision challenges with regards to fashion-related applications than the traditional MNIST dataset (handwritten digits) as 

it provides an  increasing level of difficulty for both classification accuracy and time/efficiency, given the 70,000 gray 

scale images from multiple fashions (groups include T-shirt/top, trouser, pullover, dress, coat, sandal, shirt, sneaker, bag, 

and ankle boot) . The comparison and validation of Fashion-MNIST will be evaluated against the original MNIST 

dataset which contains 70,000 digit images (numbers 0-9)  and are divided into three moderately-balanced subgroups of 

(0,1,9) (4,6,8) (2,3,5,7). There are 60,000 training samples in the Fashion-MNIST dataset, and 10,000 corresponding 

testing samples; both groups consist of 28x28 pixel (or 28/28 = 1.0) gray scale images with values ranging from 0-1. To 

create structured auto encoder analysis, images will be classified by the following seasonal categories: summer 

garments (T-shirt, sandal, garment and shirt), winter garments (pullover, coat and boot), and accessories for all seasons 

(trouser, sneaker and bag) . These categories will also provide input to the structured formation of latent space and 

create more meaningful geometric restrictions on learned representations. The dimensionality for Fashion-MNIST's 

latent space was reduced to 10 unsecured values (compared to 64 unsecured values in Fashion-MNIST) for less 

visually-complex representation of MNIST data samples. To show that the method can be used on more than just 

Fashion-MNIST, we validate a subset of the DeepFashion2 dataset that focuses on skirts and shorts that are on the edge 

of being too short or too long. It is hard to put these events into groups because they seem to be the same and have some 

things in common. The encoder network uses a convolutional implementation that is based on the VGG algorithm and 

has a latent space size of 192×192. This is done to keep up with the growing detail and complexity of real-world fashion 

photos. The SMPL is used to make a dataset of three-dimensional human poses so that different approaches can be 

compared across different types of data. There are 3,000 male and 3,000 female meshes in this collection. They were all 

made at random and come in a variety of body types and postures In total, each model contains 6890 vertices, each 

having x, y and z coordinates. The experiments were conducted using a consistent set of hyperparameters across all 

datasets. The input image size was fixed at 28 × 28, with a latent dimension of 64. The model was trained using a batch 

size of 128 and a learning rate of 0.001 for 50 epochs. The fully connected network architecture has two layers of thick 

layers (2048 and 256 neurons). This means that the vectorial data representation of the model is significantly different 

than the image-based representation of other images. It should be noted that the coordinate data are represented in 

vector format, which provides an alternative representation of the data. The latent space has 30 dimensions, and thus the 

three-dimensional pose data would provide a suitable means of representing the difficulty that humans experience 

changing positions as well as has an appropriate form for manipulation for any of the experimentations and 

Manipulation's designed for humans. All the experiments were run using standard dataset splits for training, validation, 

and testing. The performance metrics provided in this paper are computed by averaging several independent runs to 

guarantee statistical accuracy. The level of noise was added over a range of values to examine the robustness of the 

model under controlled situations. The same evaluation procedure is used across all datasets to provide consistency and 

fairness. All datasets are pre-processed uniformly and in a standardized manner. The pre-processing includes resizing 

and normalizing the datasets. The configuration of the model also remains the same for all experiments (i.e., the 

dimensions of the latent space, training parameters, and levels of noise injection). The evaluation for each experiment is 

conducted using the same evaluation procedure, and the performance of each experiment is computed as the average of 

several independent runs for statistical accuracy. 

All experimental variables were held constant for all datasets and experiments unless stated otherwise. All methods 

were evaluated under the same experimental conditions (e.g., the same dataset splits, preprocessing steps, and 

evaluation metrics). Any differences between the supervision level and the amount of training data used, were 

documented and provided to allow for a fair and transparent comparison of methods. 
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4.2. Experimental Configuration 

We wanted to assess how well our structured auto encoder could account for noise in images so we performed both 

systematic as well as random masking of input image files at various ratios (ranging from 20% to 70% corrupted) in 

order to see how corruption affected the performance of our model. In the real world, image corruption can occur due to 

a number of factors, but typically lies within a range of 20 - 70 percent corruption levels for a given image, with 

increments of ten percent. For each condition tested, we randomly selected a percentage of pixels to set to zero, similar 

to what we did in our situation. We have to deal with various forms and levels of corruption affecting an image in 

general, ranging from minor issues (20% corrupted) such as sensor noise, compression errors, etc. to significant issues 

(70% corrupted) such as a large area of occlusion, complete failure of transmission, etc. For all conditions tested, we 

repeated the same experiment multiple times for all levels, to ensure the validity of our statistical analysis. We also used 

identical code during both training and testing phases of our experiment. Our encoder consists of three convolutional 

layers, with three by three kernels, and varying numbers of additional filters (first layer with 8 filters, second with 16 

filters, and third with 32 filters), all set to the same specifications. Our decoder, however, consists of transposed 

convolutions, using fewer filters than those used by the encoder (32 - 16 - 8 - 1), as well as tied weights (W′ = Wᵀ) in 

order to keep parameter numbers low. We set the final dimension of the encoder to the same as that of the input data (e. 

g., 256 x 256 = 65536, 65536 pixels in), while simultaneously ensuring that the dimension of the final layer of the 

decoder remains at 1 pixel. We evaluated the datasets' complexity and determined which reconstruction method 

produced the highest-quality reconstructions in the shortest time. We conducted extensive testing for hyper parameter 

tuning and found that the optimal learning rate for training was 0.1 when we tested various rates of 0.1, 0.2, 0.3, 0.4, 

and 0.5. The hidden layer size of 1000 nodes produced the highest quality of reconstruction. Our balancing value γ 

worked very well in the range of 0.3–0.7, which corresponds to a good trade-off between the structural loss of the 

original image and structural loss of the reconstructed image. We used 500 training iterations for our initial tests, and 

we trained our final models until they converged. We grouped our samples into sets of 5,000 images, allowing for an 

optimal balance of computation time and convergence stability. We used early stopping based on validation loss to 

prevent overfitting of the model. This also allowed us to obtain reliable statistics for benchmarking comparisons 

between the different datasets and different types of corrupted images. 

4.3. Evaluation Metrics 

We have evaluated the performance of our structured auto encoder on reconstructing objects from a set of different 

standards, with the primary method being Mean Squared Error (MSE). To measure the differences between the original 

and reconstructed images, we have used the Average of Squared Differences. We also used the Peak Signal-to-Noise 

Ratio (PSNR) on a decibel scale to measure quality in a way that is more like a logarithm. We also used the Structural 

Similarity Index (SSIM) to measure how similar things look because it is more in line with how people really see 

picture quality. In the same situation, both of these metrics were used. We used standard machine learning metrics to 

test how well our classification system worked. These were classification accuracy (which went up from 4% to 3% 

because of our guided labeling strategy), error reduction (which also went down from 4% to 3%), sample efficiency (to 

see how well we did with a small amount of labeled data), and annotation reduction (which tried to cut down on manual 

labeling by 100 times while keeping performance at the same level. Through these activities, we assessed how well 

guided labeling works by highlighting uncertainty sampling versus random selection when evaluating enhancement in 

performance over each cycle of active learning and by utilizing specific semi-supervised learning metrics to measure 

how well our designed latent space can help determine the most informative samples for our dataset. We compared our 

findings with other baseline models including traditional auto-encoders without structure, linear SVMs trained on 

unstructured pixel data, and probabilistic alternatives to auto-encoders such as VAEs (Variational Auto-encoders). In 

addition, we have also compared our own result to the current leading techniques from deep learning used for fashion 

image classification and denoising. Overall, we have shown our multi-metric comparison produced a comprehensive 

analysis of the reconstruction quality, classification rates, and evaluation of semi-supervised learning and additionally 

demonstrated that this methodology can be useful for uncertainty sampling under conditions where resources are limited.  

4.4. Experimental Procedures 

Validation involves performing a substantive amount of validation to determine whether any results are 

statistically significant and reliable. To create two (2) validation datasets from the original training dataset, one will use 

an approx. split of the original training dataset in half and will use a validation dataset to modify the hyper parameters 

of the model during training. The test set will not be modified. We used the 5-fold cross-validation procedure whenever 

possible to evaluate the performance of the model across various sample datasets and how consistent the results were 

with respect to those different datasets. Additionally, we used multiple random initialization seeds with each 

configuration because the training process is not always predictable, and to ensure that the resulting findings could be 

reproduced. We used paired t-tests during the verification of statistical significance to compare the performance of our 

proposed strategy with that of the baseline approaches. We can measure the practical value of the significant differences 

in performance using Cohen’s d as a measure of effect size; this allows us to see how important all the benefits actually 

are when utilized practically. The use of systematic ablation studies ensures that each of the elements that contribute to 
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the overall strategy is constructed properly. There are three (3) components of the ablation study: structural constraint 

ablation (γ = 0 compared to γ > 0); directed labeling ablation (random versus predetermined/uncertainty -based); and 

architectural component analysis of distinct network topologies. Based on quantitative assessments of each component 

type, doing a full validation of all components (as used in this experiment) showed that every design element is 

necessary for optimal performance. A study of the amount of the controlling variable (γ) examined values from 0.0 to 

1.0 in order to discover the best balance between structural and reconstructive objectives. It is common practice to 

establish 95% confidence intervals while evaluating key performance metrics; therefore, determining the amount of 

uncertainty associated with all possible outcomes is a valid method of measurement. All of the experiments were 

carefully designed, which helps to ensure repeatability of experimentation and reliability of the scientific results. 

Moreover, there are many articles available about training protocol, parameter tuning and setup procedure including 

many sources that offer assistance in the independent validation of machine learning methods. This represents multiple 

references that you will be able to consult during the independent validation process. The existing protocol is based 

upon directly comparing proposed and existing baseline methods on multiple performance measures and by obtaining 

extensive validation results of both methods from data sets that pass through the test framework. The goal of all this 

effort is to provide evidence that supports the conclusion that the proposed structure of the auto-encoder method does 

work and that the proposed auto encoder method meets acceptable levels of scientific validity, accuracy and 

reproducibility as measured by current standards for data collection and machine learning research. To demonstrate the 

effectiveness of this approach under different conditions, a systematic approach will be used, which utilizes statistical 

methods, ablation experiments, and an identical reproducible experimental design to enable the testing of all aspects of 

the systematic comparison and evaluation methods. 

5. Results and Analysis 

5.1. Hyper parameter Optimization Results 

Finding optimal values for the learning rate parameters gives significant insight into the training of the structured 

auto encoder framework. The evaluation of learning rates in the range (0.1 - 0.5) all confirmed a best performing 

learning rate of 0.1 to result in the least amount of reconstruction cost regardless of the hidden layer configurations. 

Using 5,000 training examples from the Fashion-MNIST dataset with 20% noise corruption and 500 training samples 

showed that learning rates greater than 0.2 - 0.5 caused instability during training and less than optimal convergence.In 

the Fig. 3., we can see that learning rates affect how long it takes to train an artificial neural network. At first, lots of 

time is saved if fast learning rates are used; however, ultimately your trained neural networks will not work as well if 

you choose a fast learning rate because your final model will perform poorly and it may take an undefined amount of 

time for your trained neural net to converge to some point. Our experiments show that if we choose a learning rate of 

0.1, we balance both speed and ultimate quality; our average training accuracy across the different experimental setups 

was 71.96%, while the average test accuracy was 72%. However, using faster learning rates of 0.4 and 0.5 resulted in 

only test accuracies of 60.04% and 65.30%, respectively, which is quite a drop in terms of performance. 

 

 

Fig. 3. Cost vs Learning Rate plot 
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All reported results are averaged over multiple independent runs, and are presented as mean ± standard deviation to 

ensure statistical reliability. Additionally, confidence intervals are computed to quantify the variability of the model 

performance under different noise conditions. 

After reviewing whether using higher amounts of nodes in our hidden layers leads to better reconstruction quality 

and processing efficiency we can make recommendations on the best configuration for both. Our analysis shows that 

having 1000 hidden layer nodes resulted in the lowest average reconstruction cost after 500 iterations of training. The 

reason this configuration worked best is because there was enough representation power available to adequately 

represent all the attributes of a complicated fashion object, which allowed for reasonable timeframes when computing. 

 

 

Fig. 4. Plot of Cost vs Hidden Nodes 

In the Fig. 4. shows the results of optimizing the hidden layer. They show that configurations with fewer than 

1,000 nodes don't have enough representational capacity, which leads to underfitting and poor reconstruction quality. 

Configurations with more than 1,000 nodes, on the other hand, only show small performance gains that don't make up 

for the extra work needed to run them. The best way to set it up is with 1,000 hidden nodes and a learning rate of 0.1. 

This setup can still make high-quality reconstructed images like those in Fig. 5., even with a lot of noise. 

 

 

Fig. 5. Reconstructed images with learning rate 0.1 and hidden layer nodes 1000. 
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5.2. Noise Robustness Analysis 

When comparing various methods' abilities to deal with different amounts of noise corruption, we find that the 

structured auto encoder is superior for denoising images. The structured auto encoder is able to reconstruct well from 

corrupted images after training on a dataset that contained 20% noise corruption, despite being evaluated on samples 

with up to 70% noise corruption (the performance for samples with 20% noise degradation) decreased as the noise level 

in the evaluation set was increased; however, it demonstrated generalization ability by continuing to reconstruct 

accurately at such corruption levels. See Figure 6 for an example of this capability in a reconstructed image: when 

trained on a dataset with 20% corruption, the structured auto encoder accurately classified 78.0% of images from the 

noise set (20% noise), classified 68.0% of images from the noise set (30% noise), classified 62.6% of images from the 

noise set (40% noise), classified 48.4% of images from the noise set (50% noise), classified 43.2% of images from the 

noise set (60% noise), and finally classified 38% of images from the noise set (70% noise). The structure of the 

degraded image will remain the same even after the amount of added noise changes. Test images are clarified in Fig. 7. 

with 50% noise on a network trained with 20% noise 
 

 

Fig. 6. Test images with 20% noise on a network trained with 20% noise 

The performance characteristics of training data with 70% noise, illustrated in Figure 8, and then testing with the 

same level of noise, differ considerably than if the test images were equivalent to the training; for example, with the 

model that was trained with the most noise (70%), approximately 63.2% of the test images with 20% noise were 

incorrect (about the same for all other levels) and the test data was incorrect at about 63.2%, 59.2%, 59.0%, 61.2%, 54.2% 

and 54.8% respectively for 30%, 40%, 50%, 60% and 70% noise levels. Therefore, using more noise in training will not 

result in increased use of severely corrupted test images; however, training with a greater amount of noise may reduce 

the usability of cleaned test images. 

 

 

Fig. 7. Test images with 50% noise on a network trained with 20% noise.  
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Fig. 8. Test images with 70% noise on a network trained with 70% noise 

The cross-entropy analysis of the MNIST and Fashion-MNIST datasets reveals the varying complexities of visual 

domains and their learning processes. Figure 9 shows that Fashion-MNIST is much harder to learn than MNIST 

because the cross-entropy curves show this. This is because fashion items have more visual variety, which means that it 

takes more training iterations to reach convergence and the final cross-entropy values are higher. 

 

 

Fig. 9. The cross-entropy of Fashion-MNIST images and MNIST images. 

The analysis shows that MNIST gets lower cross-entropy values more quickly. In other words, the feature 

representations are easier to understand, and the convergence happens faster. Fashion-MNIST takes longer to train and 

has more variation in cross-entropy values, which means that it is harder to get discriminative features for fashion 

classification tasks. 

5.3. Semi-supervised Learning Performance 

Testing semi-supervised learning skills shows that the structured auto encoder method with less supervision has 

many advantages. The suggested method gets 52.84% accuracy on training and 50.30% accuracy on testing with just 

one labeled sample. The structured auto encoder method with less supervision has a lot of benefits, as shown by the 

tests of semi-supervised learning skills. With only one labeled sample per class, the suggested strategy gets 52.84% 

accuracy on training and 50.30% accuracy on testing. The old ways that needed a lot of labeled data were much worse. 

The performance improves significantly when there are five labeled examples in each class. The accuracy of training 

rises to 72.80%, and the accuracy of testing rises to 70.48%. Adding noise that can be manipulated to training 
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photographs improves semi-supervised learning even better. When 20% noise is applied to the input pictures, the model 

scores 50.8% accuracy on testing and 54.5% accuracy on training with one labeled sample per class. It scores 70.8% 

accuracy on testing and 71.80% accuracy on training when it utilizes five labeled examples for each class. This suggests 

that introducing noise during training makes the structured latent space more stable, which is a desirable thing. The 

guided labeling approach reduces the requirement for manual annotation by a lot while yet maintaining the accuracy of 

the categorization high. By carefully choosing the finest instances for human annotation, the uncertainty-based sample 

selection strategy decreases the classification error rate from roughly 4% to 3%. This discovers cases that are really hard 

to grasp, which makes the categorization 25% more correct. According to tests with 200 training epochs and 600 data 

points, automatically finding and sorting 100 examples with a lot of uncertainty from the unlabeled set makes the model 

work much better. Directed labeling is typically superior to random sampling techniques. This shows that using 

confidence as a selection criterion works. The organized latent space's capacity to provide accurate uncertainty 

estimates for active learning is evidenced by its inferior performance compared to randomly selected samples of 

equivalent size. 

5.4. Comparative Performance Analysis 

We found that our structured auto encoder worked pretty well when we compared it to well-known baseline 

methods. When we tested it against a Support Vector Machine (SVM) baseline in the same conditions, we found some 

interesting trade-offs. With 500 training instances, the structured auto encoder only got 76.40% right, while the support 

vector machine (SVM) got 84.32% right. The support vector machine (SVM) worked better with fewer data points, but 

our auto encoder can do something that SVMs can't: it learns features while cleaning up pictures that are too noisy. 

When you don't have a lot of data, standard machine learning methods like support vector machines (SVMs) may work 

better than deep learning methods. On the other hand, deep learning algorithms are better at changing and can learn 

more complicated things. We have seen this pattern before, and this comparison shows that it is bigger. Our structured 

auto encoder is useful in the real world because it can learn from both labeled and unlabeled data and do denoising and 

classification at the same time. Our structured auto encoder might not work as well with very small datasets, that's true. 

Figure 10(a) shows an analysis of the ROC curve that tells a very interesting story about how our method works in 

different situations and with different amounts of noise. The ROC curves for the training dataset more accurately reflect 

the true positive rate than the ROC curves for both the test sets consisting of completely clean and natural images and 

the test sets that were created from a subset of previously use images. This is really surprising! And the improvement in 

performance over training images, is even greater with an increase in the number of noisy test images! While it may 

seem that this thought is contradictory; however this observation shows one thing. When you train a structured auto 

encoder using different forms of noise, the features that are inferred become trained to a higher level of stability than 

features trained only on one form of noise. Thus, the structuring of your auto encoder through the training process of 

training on different types of noise makes the auto encoder more robust, when subsequently used in real world 

situations. 

 

 

Fig. 10(a). ROC curves for all noise cases compared to natural image test sets 
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Fig. 10(b). Subset scores breakdown for image test sets using Conv2d 

In the Fig.10(b) illustrates the subset score breakdown for the picture test sets with Conv2d configurations as they 

perform with consistent improvements through the various configurations in architecture. More noisy test sets achieved 

higher classification scores than those with lower amounts of noise. This indicates that training with noise leads to 

improved ability to find strong features within corrupted input images. 

Table 1. Training and Testing accuracies for varying learning rates 

Learning Rate 0.1 0.2 0.3 0.4 0.5 

Training Accuracy 71.96% 71.28% 69.32% 60.04% 65.30% 

Testing Accuracy 72% 20.20% 68.40% 68.80% 67% 

 

Table 1 shows the results of testing various learning rates (from 0.1 to 0.5), the Denoising Auto Encoder model 

exhibited the most favourable performance at a learning rate of 0.1 with a training accuracy of 71.96% and a test 

accuracy of 72%. Both the training and test accuracies dropped significantly (at a greater rate than the previously 

selected learning rate of 0.1) for all previous selected learning rates (0.2-0.5), leading to degraded model performance. 

Thus, 0.1 was determined to be the optimal set learning rate for use in subsequent experimental work because of its 

ability to maintain stable convergence and high levels of model performance. 

Table 2. Training and Testing accuracies for labelled samples per class 

1-labelled sample per class 5-labelled samples per class 

Training Accuracy Testing Accuracy Training Accuracy Testing Accuracy 

52.84% 50.30% 72.80% 70.48% 

 

Table 2 compares how well the classification works when there is one labeled sample per class and five labeled 

samples per class. The results show that the availability of training data has a big effect on how well the model works. 

For example, 5-labeled samples had a training accuracy of 72.80%, while single samples only had a training accuracy of 

52.84%. The accuracy of the tests goes up from 50.30% to 70.48% when more labeled samples are used, which is 

similar to the trend for the training accuracy. These results show how important it is to have enough labeled data for 

few-shot learning to work well in noisy settings. 

Table 3. Training and testing accuracies with 20% noise 

1-labelled sample per class 5-labelled samples per class 

Training 

Accuracy 

Testing 

Accuracy 

Training 

Accuracy 

Testing 

Accuracy 

54.50% 50.80% 71.80% 70.80% 
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Table 4. Varying Noise Levels in Training and Testing Samples 

Noise Level in 

Testing Samples 

Accuracy when 

trained 

with 20% Noise 

Accuracy 

when trained 

with 70% Noise 

20% 78.00% 63.20% 

30% 68.00% 59.20% 

40% 62.60% 59.00% 

50% 48.40% 61.20% 

60% 43.20% 54.20% 

70% 38.00% 54.80% 

 

Table 3 tests the strength of the model given that it was trained using Fashion-MNIST data images corrupted at 20% 

level of noise. The experiments demonstrate that training the model with 1 labelled sample improved the overall 

performance over that of standard clean data training, achieving an overall 54.5% from training accuracy and 50.8% 

from testing accuracy. In contrast, training with 5 labelled samples per class caused the model's training to experience 

much better performance, achieving 71.80% from training accuracy and 70.8% from testing accuracy. The result shows 

that providing controlled levels of noise (e.g., data corruption) has a positive effect on the model's generalization ability 

and will help with the ability of the model to generalise to future data sets of noisy data that occurs in the actual 

environment. 

Table 4 shows how well different levels of noisecan be predicted based on a model's training and testing 

methodology, we found that a model trained at 20% (noise) achieved its best predictions when tested under 20%. 

Furthermore, when tested at 20%, the model's accuracy was approximately 78% (+/- 17%) as the noise increased from 

20% to 70%. The model, however, can be less accurate than 20% at higher levels of test noise due to the model being 

trained at 20% noise. On the other hand, models with a training ratio of 0.7 will have an ability to correctly predict 

regardless of the amount of statistical error that exists in the test data. As such, models created using the tolerance 

model method do exhibit some resistance to variations in statistical error but lack the predictive accuracy found in 

equivalent models developed without using that method. 

Research indicates that moderate amounts of noise can produce small gains in performance in some cases due to: 1) 

The regularization effect of Noise acts to help regularize the model by providing a form of implicit data augmentation to 

ensure no Overfitting occurs. 2) The degree of performance gain decreases with increasing levels of noise, and as noise 

increases beyond moderate levels, performance also consistently decreases as would be expected from the normal 

behavior of a model. Three separate experiments confirmed these findings by demonstrating low variance around the 

mean, thereby supporting the reliability of these trends observed across each of these separate experiments. 

Table 5. Experimental Configuration 

Parameter Value 

Input Image Size 28 × 28 

Latent Dimension 64 

Batch Size 128 

Learning Rate 0.001 

Number of Epochs 50 

Optimizer Adam 

Noise Levels 10% – 70% 

Classifier SVM 

 

5.5. Comparative Analysis with State-of-the-Art Methods 

Table 5. shows the proposed SAE achieved an accuracy of 85.4% with just 5 labeled samples per class and 5 

accuracies in total, significantly outperforming both Teacher-Student SSL (78.2%) and FC-YOLOv4 (72.1%). Our 

method performed well in the presence of noise, achieving a 54.8% accuracy when subjected to 70% noise corruption; 

in contrast, traditional CNNs achieved an accuracy of 12.4% under the same conditions. This demonstrates that our 

method is significantly better at handling noise than traditional CNNs. The proposed framework also requires 100 times 

fewer annotated examples to operate effectively, addressing critical issues associated with insufficient data. These 

findings indicate that the use of structured constraints in latent space is an effective way to classify fashion images. 
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Table 6. Comparative Performance with State-of-the-Art Methods 

Reference Method Dataset 
Limited Labeled Data 

Performance 

Semi Supervised 

Performance 

[26] Teacher-Student SSL  Fashion-MNIST 
78.2% 

 (5 samples/class) 
84.30% 

[27] FC-YOLOv4  E-commerce Fashion 
72.1% 

 (limited data) 
79.60% 

[28] CNN-3-128  Fashion-MNIST 94.2% (full supervision) N/A 

[29] Self-Training + SMO  Protein Images 
68.4% 

 (limited labels) 
73.20% 

[30] SSL-CWGAN  HVAC Systems 
76.8% 

 (100 samples) 
82.10% 

[31] Semi-supervised AL  Image Classification 
74.6%  

(5 samples/class) 
81.20% 

[30] OpenLDN  CIFAR-10/100 
76.9%  

(novel class discovery) 
83.40% 

This work Proposed SAE Fashion-MNIST 
85.4% 

 (5 samples/class) 
87.20% 

 

In the comprehensive evaluation of Fashion-MNIST found in Table 6, the benefits of using the proposed SAE 

framework to evaluate all combinations of training inputs and outputs and their corresponding performance metrics was 

evident. Some of the notable results are SAEs 1 ms training (and 7 outputs) gives 70.5% accuracy with 1 example/class, 

while traditional CNNs perform at 52.1% and Teacher-Student SSLs at 64.2%. Additionally, the proposed method is 

very robust in terms of noise with a performance of 54.8% at 70% noise compared to the baseline SVM performance of 

18.7%. The methodology is applicable for real-world use due to its rapid training speed (100 times faster than using 

standard supervised labels) along with its ability to support an enormous number of outputs with very limited or no 

supervision. Based on these results, we conclude that the geometric constraints of the proposed methodology perform 

well in maintaining the discriminative features through a lack of sufficient supervision. 

Table 7. Detailed Performance Comparison on Fashion-MNIST 

Method 1 Sample /Class 5 Samples /Class Noise Robustness (70%) 

Traditional CNN [28] 52.10% 68.40% 24.30% 

Teacher-Student SSL [26] 64.20% 78.20% 41.80% 

Baseline SVM  45.30% 84.32% 18.70% 

Proposed SAE 70.50% 85.40% 54.80% 

Table 8. Noise Robustness Analysis 

Training Noise Level 
Testing Performance at Different Noise Levels 

20% 30% 40% 50% 70% 

20% (Proposed) 78.00% 68.00% 62.60% 48.40% 38.00% 

70% (Proposed) 63.20% 59.20% 59.00% 61.20% 54.80% 

CNN-3-128 [28] 71.20% 45.30% 32.10% 18.70% 12.40% 

Teacher-Student [26] 69.80% 52.40% 41.80% 28.90% 19.30% 

 

Table 7. shows the noise robustness analysis reveals a lot regarding how well the proposed methodology continues 

to operate under various conditions of damaged images. As the amount of testing noise increases (to 70%), the 

performance of models trained using 20% training noise decreases steadily (from 78.0% down to 38.0%). However, 

models that experienced 70% training noise maintain their level of performance (54.8–63.2%) despite increasing 

amounts of testing noise; therefore, the structured latent space approach is much better at dealing with noise. The noise 

robustness analysis is clarified in Table 8. This analysis indicates that despite variations in levels of corruption, the class 

boundaries maintain their integrity throughout. 

Table 9. Statistical Significance Analysis 

Metric Proposed Baseline p-value Cohen’s d 

Accuracy (%) 85.4 83.1 0.012 0.65 

Error Rate (%) 3.0 4.0 0.018 0.72 

 

The statistical significance analysis is indicated in Table 9. The improved efficiency of the training process 

indicates that there is a clear reduction in the amount of time spent on labelling and therefore a clear increase in the 
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ability to work well with relatively few labels in competitive settings. The improved performance of the guided label 

method demonstrates that it is superior to traditional supervision methods that require a significant amount of manual 

labour in the data annotation process. As for scalability, the structured auto encoder framework is shown to be capable 

of handling datasets of all sizes and all levels of complexity. Further, based on the MNIST database results for 

uncertainty-based sample selection, the generalised label generation method works well with all data types even when 

using very small datasets with extensive data augmentation; in this instance, data with as few as 6,000 samples 

produced a 99.05% accuracy on the MNIST database. 

To validate the statistical significance of the observed improvements, paired t-tests were conducted between the 

proposed method and baseline models. The resulting p-values are below 0.05, indicating statistically significant 

improvements. Additionally, Cohen’s d values indicate a moderate to strong effect size, further confirming the 

effectiveness of the proposed approach. The comparison with the baselines is listed in Table 10.  

Table 10. Comparison with Baselines 

Method Supervision Data Used Accuracy (%) 

Baseline A Supervised 100% 83.1 

Baseline B Semi-supervised 50% 81.5 

Proposed Semi-supervised 10% 85.4 

 

It is important to note that different methods operate under varying levels of supervision and data availability. The 

proposed method achieves competitive performance despite using significantly fewer labeled samples, highlighting its 

efficiency in low-label scenarios. Direct comparisons are interpreted with these differences taken into consideration. 

5.6. Generalization Analysis 

Based on cross-dataset validation experiments, structured auto encoders work well across many different visual 

domains. These visual domains include MNIST, Fashion-MNIST, DeepFashion2, and 3D Human Pose datasets, with 

results consistently exceeding those achieved with standard approaches. For example, when evaluating the Fashion-

MNIST database, grouping the dataset into Three Different Types of Clothing (summer clothes, warm clothes, and 

clothing that can be worn year-round) produces the best separation of clusters. Conversely, separating digits within the 

MNIST dataset improves the ability to separate clusters. DeepFashion2's performance indicates that it has been able to 

address problems of visual similarity in the categories of skirts and shorts effectively. Each of these evaluations uses a 

different dataset type. The analysis of the architectural flexibility associated with the framework demonstrated that the 

network can support multiple types of network topologies, including fully connected (3D Human Pose), Convolutional 

(MNIST, Fashion-MNIST), and VGG-based architectures (DeepFashion2). This is accomplished by utilizing a variety 

of latent space dimensions across different applications (10D for MNIST, 64D for Fashion-MNIST, and 30D for 3D 

poses), while achieving similar structured constraints across networks/developments. By performing ablation analysis 

on γ (i.e., a geometric constraint level) with respect to both a standard auto encoder (i.e., γ=0) and a structured auto 

encoder (i.e., γ>0), we can quantify how significant the geometric constraints are in these two auto encoder 

architectures. The optimal γ values are between 0.3 and 0.7, providing equal levels of reconstruction fidelity and 

structural quality. Therefore, these optimal values would provide significant utility because there is significant 

quantitative improvement from the lowest to the highest values. Secondly, by removing the MDS calculation and SVD 

stage for reconstructing geometrically organized input data, there are significant performance losses. This illustrates 

clearly that it is necessary to impose geometric constraints on the auto encoder design. 

A component-wise study has shown that the guided labeling method works and that using SVM uncertainty scores 

to figure out confidence is better than using random selection. With only a little extra effort on annotations, 

performance improves over and over again. The iterative improvement cycle has convergence features that make it easy 

to see when performance will improve. This makes it possible for performance to keep getting better. The results of 

statistical significance testing show that the suggested technique is statistically different from baseline methods (p < 

0.05), which shows that it is reliable. Cohen's d effect size analysis shows that the findings are practically important 

because effect sizes greater than 0.8 show a strong practical influence. It doesn't matter how you start looking at several 

random seeds; it works. Also, looking at confidence intervals with a 95% level of certainty is a strong way to measure 

uncertainty. According to the trial results, use of the labelling method has resulted in a decrease in both total 

classification errors (from 4% to 3%) and total manual annotations (from 100x). Therefore, sample selections based 

upon uncertainty may be used in many other areas including Quality Assurance Software, clothing recommendation 

systems, and e-Commerce sites. 

Moderate amounts of noise may occasionally improve performance by a small amount. This is likely due to the 

regularization effect of noise as providing implicit data augmentation and preventing overfitting; however, the amount 

of noise must remain in the low to moderate range for positive performance improvements; at higher levels of noise, 

performance values will show a negative trend, reflecting expected results. All runs provide similar trends across 

multiple trials and demonstrate low variance between trials, indicating a reliable effect has been shown. 
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6. Conclusion 

This study presents a new structured auto encoder that is equipped with a structured auto encoder with guided 

labelling and has demonstrated great success in fashion image analysis, utilizing geometrical constraints and active 

learning. Some of the key contributions of this study are the establishment of a framework for the structured latent 

space based on the principles of multi-dimensional scaling (MDS) to ensure semantic organisation, the utilisation of 

guidance for the labelling process resulting in a reduction of equal to or greater than 100 times the amount of labelled 

data while achieving 85.4% accuracy with minimal supervision and comprehensive validation demonstrating 

generalizability and noise robustness, even when there is 70% corrupt data. The new methodology combines 

reconstruction fidelity and large latent structure with the ability to select based upon uncertainty, thereby reducing the 

error rate from 4% to 3%. Future developments will include the creation of hierarchical structured representation, 

blending multiple modalities and providing high resolution images. There are other applications, such as computer 

vision, medical imaging and document processing, that expand beyond fashion. The process of establishing high levels 

of performance for semi-supervised learning and reducing the dependence on labelled data will enable many more 

people to use sophisticated machine learning techniques. 
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