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ABSTRACT

This paper evaluates the effectiveness of different decoder architectures in enhancing the reconstruction quality of Capsule Neural
Networks (CapsNets), which impacts model interpretability. We compared linear, convolutional, and residual decoders to assess their
performance in improving CapsNet reconstructions. Our experiments revealed that the Conditional Variational Autoencoder Capsule
Network (CVAECapOSR) achieved the best reconstruction quality on the CIFAR-10 dataset, while the residual decoder outperformed
others on the Brain Tumor MRI dataset. These findings highlight how improved decoder architectures can generate reconstructions
of better quality, which can enhance changes by deforming output capsules, thereby making the feature extraction and classification
processes within CapsNets more transparent and interpretable. Additionally, we evaluated the computational efficiency and scala-
bility of each decoder, providing insights into their practical deployment in real-world applications such as medical diagnostics and
autonomous driving.
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1. INTRODUCTION

In recent years, model explainability has become a criti-
cal concern within the field of deep learning, particularly in
applications where decision-making impacts human lives,
such as healthcare, autonomous driving, and security moni-
toring. Traditional deep learning models, including Convo-
Iutional Neural Networks (CNNs) and densely connected
networks, often act as "black boxes", making it challenging
to interpret their decision-making processes. This lack of
transparency poses significant risks in high-stakes environ-
ments, where understanding the basis for a model’s deci-
sions is crucial [5]].

Capsule Neural Networks (CapsNets), introduced by
Geoffrey Hinton and his team [21]], offer a promising alter-
native to traditional architectures by maintaining the hierar-
chical spatial relationships between features. CapsNets uti-
lize groups of neurons, known as capsules, which activate
for various properties of an entity, allowing the network to
learn more meaningful representations of data. One of the
key features of CapsNets that can potentially enhance their
interpretability is the reconstruction mechanism. By im-
proving the quality of the reconstruction, it becomes easier
to visualize and understand what features the network has
learned and how it processes input data [9].

The primary objective of this paper is to explore how
different decoder architectures can improve the reconstruc-
tion capabilities of CapsNets, thereby indirectly enhancing
their interpretability. By examining the interactions be-
tween the parameters of the capsules and their ability to
reconstruct input data, the study aims to demonstrate how
advancements in reconstruction techniques can make the
models more transparent and reliable. This work is par-
ticularly relevant for applications in medical diagnostics
and autonomous driving, where high-quality reconstruc-
tions can provide crucial insights into the model’s decision-
making process.

Furthermore, this paper addresses the computational ef-
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ficiency and scalability of the proposed decoder architec-
tures, which are critical for practical deployment in real-
world applications. By comparing different decoder ar-
chitectures—Tlinear, convolutional, and residual—this study
provides insights into their performance trade-offs, partic-
ularly in terms of reconstruction quality, computational re-
quirements, and scalability.

Additionally, we perform a comprehensive evaluation of
our approach by comparing it with state-of-the-art methods
in both CapsNets and reconstruction techniques. This com-
parison highlights the unique contributions of our method
and situates it within the broader landscape of research in
explainable Al (XAI). The inclusion of recent works from
top conferences and journals further strengthens the con-
text and relevance of our findings. The specific goals of the
paper are:

Enhancing Reconstruction Quality: To investigate
how different reconstruction mechanisms in CapsNets con-
tribute to improved reconstruction quality. This involves
detailing the reconstruction process, comparing it with sim-
ilar concepts, and demonstrating how dimension perturba-
tions within capsules affect the network’s outputs.

Comparative Analysis of Reconstruction Methods:
To review existing methods for reconstruction, including
autoencoder-based architectures, and compare their perfor-
mance with traditional CapsNet reconstructions.

Implementation of Reconstruction Networks: To de-
sign and implement various reconstruction networks using
CapsNets, detailing the base architecture, technologies, and
concepts underlying these networks.

Evaluation of Reconstruction Performance: To eval-
uate the performance of different reconstruction approaches
using selected metrics, providing quantitative and quali-
tative comparisons to determine the effectiveness of each
method in improving model transparency and decision-
making reliability.

By addressing these goals, the paper seeks to contribute
to the growing body of research on model interpretability in
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deep learning, offering insights into how improving recon-
struction techniques in CapsNets can lead to more transpar-
ent and reliable artificial intelligence systems. This study
not only enhances our understanding of CapsNets’ recon-
struction capabilities but also provides practical guidelines
for improving the transparency of deep learning models in
real-world applications.

2. LITERATURE REVIEW

This chapter explores the fundamentals and recent ad-
vances in Capsule Networks and surveys various neural
network reconstruction techniques to enhance performance,
interoperability, and explainability in deep learning.

2.1. Capsule Networks and Their Variants

CapsNets, introduced by Sabour et al. [21], address
traditional CNN limitations by using capsules—groups of
neurons outputting vectors that encode feature probabili-
ties and properties like pose and scale. A dynamic routing
algorithm updates coupling coefficients between capsules
based on output agreement, enhancing robustness to trans-
formations. CapsNets showed superior performance on the
MNIST dataset, particularly with rotated and overlapping
digits [21]]. See Fig. [I] for a simple CapsNet architecture
schematic.
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Fig.1 A simple CapsNet architecture on MNIST dataset [21]

Hinton et al. [[10] extended CapsNets with Matrix Cap-
sules, using the Expectation-Maximization (EM) algorithm
for routing to better model complex feature relationships.
Another variant, Capsule Networks with Inverted Dot-
Product Attention Routing, improves routing efficiency us-
ing an attention mechanism [25]. DeepCaps, a deeper
CapsNet architecture, captures intricate hierarchical rela-
tionships, enhancing performance on complex tasks and
datasets [20]. CapsNets have also improved object seg-
mentation and detection, especially in challenging scenar-
ios [15].

2.2. Reconstruction Methods in Neural Networks

Reconstruction techniques in neural networks enhance
interpretability, training, and applications like image gener-
ation and super-resolution.
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Autoencoders, the foundational reconstruction-based
network, consist of an encoder compressing the input into
a latent space and a decoder reconstructing the input. Re-
construction loss, measured by mean squared error (MSE)
[2] or binary cross-entropy [4]], ensures essential features
are captured [12]. See Fig. [2] for a simple autoencoder
schematic.
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Fig. 2 A simple autoencoder schematic [|19]

Variational Autoencoders (VAEs) encode input data into
a probabilistic latent space, combining reconstruction loss
with a regularization term, typically Kullback-Leibler di-
vergence [14]], for more meaningful representations [11]].
Generative Adversarial Networks (GANs) consist of a gen-
erator creating synthetic data and a discriminator distin-
guishing real from fake data, leading to high-quality recon-
structions [6]]. Super-resolution networks like SRCNN [29]
and ESRGAN [27] reconstruct high-resolution images from
low-resolution inputs using perceptual loss functions for vi-
sually appealing results.

In recent years, Vision Transformers (ViTs) have also
been employed for image reconstruction tasks, leveraging
their ability to model long-range dependencies and cap-
ture global context. Unlike traditional CNNs, ViTs pro-
cess images as sequences of patches, allowing the trans-
former architecture to learn complex patterns and relation-
ships across the entire image. When used as decoders, ViTs
can effectively reconstruct high-quality images by leverag-
ing self-attention mechanisms to focus on relevant features
and maintain spatial coherence. This approach has shown
promising results in generating detailed and accurate recon-
structions, particularly in scenarios where capturing intri-
cate structures and global context is crucial [[1,26].

In CapsNets, reconstruction mechanisms enhance in-
terpretability and regularize training by capturing relevant
input features. The original CapsNet includes a recon-
struction network using MSE loss to focus on key features
[L7,21].

2.3. Explainable Artificial Intelligence (XAI)

XAI aims to make the decision-making processes of
complex models more transparent and interpretable.

Saliency maps, like Grad-CAM (Gradient-weighted
Class Activation Mapping), visualize influential input re-
gions by highlighting areas contributing most to the pre-
dicted class. Grad-CAM generates visual explanations by
computing gradients of a target class, producing class-
discriminative visualizations without altering the network
architecture [23]]. Layer-wise Relevance Propagation (LRP)
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explains decisions by propagating prediction scores back-
wards, assigning relevance scores to input pixels based on
their contribution. LRP helps understand model decisions
at a granular level [3].

Reconstruction-based methods enhance interpretability
by reconstructing input data from intermediate representa-
tions within the network. This approach provides a tangible
means to visualize what the model has learned at different
stages of processing, thereby offering insights into the fea-
tures that influence its predictions [28].

In CapsNets, the reconstruction mechanism is particu-
larly valuable for interpretability, especially through the de-
formation of the output capsules. CapsNets use capsules to
encode various properties of an entity, such as pose, tex-
ture, and other attributes. When the output capsules are
deformed, they influence the reconstruction process by al-
tering these encoded properties, thereby providing a visual
representation of how the network interprets and transforms
input features. By examining these deformations, one can
gain insights into which features are deemed important by
the network and how they contribute to the final prediction.

3. USED ARCHITECTURES

In this chapter, we explore the architectures of networks
used in our experiments.

3.1. Simple CapsNet Encoder Architecture

The CapsNet encoder architecture in this paper is struc-
tured to extract features from the input data and organize
them into capsules, which are then refined through several
stages.

The encoder begins with a series of convolutional lay-
ers. These layers process the input data to extract vari-
ous low-level features such as edges, textures, and simple
shapes. Each convolutional layer applies a set of filters to
the input, enhancing specific patterns and passing the result
to the next layer for further processing. This hierarchical
feature extraction helps in capturing the essential character-
istics of the input.

The output from the final convolutional layer is re-
shaped into primary capsules. Each primary capsule rep-
resents a small group of neurons that encapsulate different
properties of the detected features. The primary capsule
layer organizes these features into vectors, where each vec-
tor’s length represents the probability of the feature’s pres-
ence, and its orientation encodes the spatial information.

The primary capsules are passed through several rout-
ing layers, which are designed to refine and aggregate the
capsule outputs. The first routing layer takes the primary
capsules and routes them to higher-level capsules based on
the agreement between their predictions. This routing pro-
cess continues through intermediate layers, each time refin-
ing the capsules and focusing on higher-level patterns and
more complex features. The final routing layer produces
capsules that represent entire objects or classes, with each
capsule corresponding to a specific class and encapsulating
the high-level features needed for classification.
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3.2. Decoder Architectures

This study explores three different decoder architec-
tures: Linear Decoder, Convolutional Decoder, and Resid-
ual Decoder. Each decoder aims to reconstruct the original
images from the capsule outputs by focusing on the capsule
that corresponds to the identified class.

Linear Decoder: The linear decoder utilizes a series
of fully connected layers to reconstruct the original image.
Starting from the capsule output, the data is gradually trans-
formed through these layers, increasing in dimensionality
until it matches the original image dimensions. This step-
by-step transformation ensures that the decoder can effec-
tively rebuild the input image from the high-level features
encoded in the capsules.

Convolutional Decoder: The convolutional decoder
employs transposed convolutional layers, also known as
deconvolutional layers, to upsample the capsule outputs.
These layers work by reversing the process of standard con-
volution, gradually increasing the size of the feature maps
and reconstructing the spatial structure of the original im-
age. Each transposed convolution is followed by a ReLU
activation to introduce non-linearity, and the final layer uses
a Sigmoid activation to ensure the output values are within
the range [0, 1] [|16].

Residual Decoder: The residual decoder incorporates
residual blocks, which are designed to maintain the in-
tegrity of the data as it is transformed. Each residual block
includes convolutional layers and non-linear activations,
along with skip connections that allow the data to bypass
certain transformations. This helps preserve important fea-
tures and enables the decoder to produce more accurate re-
constructions. The feature map is progressively upsampled
through a series of transposed convolutional layers, simi-
lar to the convolutional decoder, ensuring the reconstructed
image is detailed and faithful to the original [/7}8].

3.3. Conditional Variational Capsule Network

The Conditional Variational Capsule Network (CVAE-
CapOSR) integrates Conditional Variational Autoencoders
(CVAESs) with Capsule Networks (CapsNets) to enhance
open-set recognition tasks. This architecture leverages the
strengths of both models to handle complex and diverse vi-
sual data more effectively than traditional CapsNets [7].

CapsNets excel in preserving hierarchical relationships
in data, making them suitable for spatial and temporal tasks.
However, they often struggle with high variability in data,
especially with images that have diverse backgrounds and
varying object appearances. To address this, CVAEs en-
hance data reconstruction capabilities by modelling data
distributions within the latent space.

CVAEs extend traditional VAEs by incorporating condi-
tional variables into the generative process, using additional
label information during encoding and decoding. This en-
ables CVAEs to produce outputs based on specific condi-
tions, making them more adaptable to new and unseen data
categories [22L[24].

In CVAECapOSR, the encoder transforms input data
into a latent space conditioned on class labels, shaping the
latent space to reflect the attributes of the given labels. The

ISSN 1338-3957 (online), www.aei.tuke.sk



18

Interpretability Using Reconstruction of Capsule Networks

decoder then generates data from this conditioned latent
space, ensuring outputs adhere to the specified conditions,
which is crucial for handling new, unseen data categories in
open set recognition tasks.

The encoder architecture first employs the deep convo-
lutional neural network ResNet34 for initial feature extrac-
tion. ResNet34 processes the input image to produce a com-
plex feature map and intermediate outputs, which are later
utilized in the decoding stage.

The decoder reconstructs the input image from the en-
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coded latent representation using a combination of convo-
lutional, residual and transposed convolutional layers. It in-
corporates lateral connections, which reintegrate spatial de-
tails from intermediate encoder layers, improving the detail
and accuracy of the reconstructed image. However, these
lateral connections can reduce interpretability by blending
features from different stages, obscuring the contributions
of individual layers to the final output. Overall architecture
can be seen in Fig. [3]
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Fig. 3 Graphical representation of the network’s architecture [24]

The loss function in CVAECapOSR includes both the
reconstruction loss and the KL divergence term, which en-
sures that the learned latent space distribution is close to
the true distribution while maintaining the ability to gener-
ate conditioned outputs.

By combining the hierarchical data structuring of Cap-
sNets with the generative capabilities of CVAEs, the
CVAECapOSR model excels in open set recognition tasks.
It can effectively handle new and diverse categories of data
by leveraging conditional information during the genera-
tion process, thus offering robust performance in complex
visual recognition scenarios.

3.4. Background Capsules

Background capsules are often used and integrated into
the network in a manner similar to class/output capsules,
ensuring that each additional capsule has the same num-
ber of dimensions. Their primary connection is to the re-
construction loss, allowing them to focus on capturing fea-
tures crucial for reconstruction, such as background details,
rather than features necessary for classification. This sep-
aration enables the network to accurately reconstruct the
background without interference from classification tasks.
The integration of additional background capsules also into
the CVAECapOSR model significantly enhances the quality
of reconstructions. This improvement is especially notable
when lateral connections are not utilized.
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4. EXPERIMENTS

In this section, the experiments are described and the
results are discussed.

4.1. Experimental Setup

The models were trained on an Nvidia RTX A4500
GPU with 20 GB of memory. To ensure reproducibil-
ity, a random seed was set to 42. The training configu-
ration varied slightly depending on the model and dataset
used. Specifically, the traditional CapsNet was trained with
a learning rate of 1 x 1073, while the CVAECapOSR re-
quired a lower learning rate of 5 x 10~ due to instability at
higher rates. The importance of the reconstruction loss rel-
ative to the classification loss was balanced by setting the
reconstruction loss coefficient to 1.0.

The batch size for most datasets was set to 32, except
for the Brain Tumor MRI dataset, which had a batch size of
16 due to the higher resolution of the images causing GPU
memory overflow with larger batches. The models were
trained using the Adam optimizer with different learning
rate schedulers: ExponentialLR for the traditional CapsNet
and ReduceLLROnPlateau for the CVAECapOSR. Data aug-
mentation techniques, such as rotations and random crops,
were employed to enhance generalization. The training du-
ration was 50 epochs for most datasets and 100 epochs for
the Brain Tumor MRI dataset.

Two datasets were utilized to evaluate the quality of the
reconstructions across various data types:

CIFAR-10: This dataset includes RGB images with di-
verse and complex features, providing a more challenging
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test for the reconstruction capabilities [13].

Brain Tumor MRI Dataset: High-resolution MRI im-
ages of brain tumours were used to test the models on med-
ical imaging data [18].

The performance of the models was assessed using three
primary metrics:

MSE: This measures the average of the squares of the
errors, which is the difference between the original and the
reconstructed images.

Structural Similarity Index (SSIM): This index mea-
sures the similarity between two images, focusing on
changes in structural information.

Peak Signal-to-Noise Ratio (PSNR): This metric mea-
sures the ratio between the maximum possible power of a
signal and the power of corrupting noise, expressed in deci-
bels (dB). Higher PSNR values indicate better image qual-
ity.

These metrics provided a comprehensive evaluation of
the reconstruction performance, capturing both pixel-wise
accuracy (MSE), perceptual quality (SSIM), and signal
quality (PSNR).

4.2. Effect of Reconstruction Capsule Number on Re-
construction Performance

We assessed the impact of varying the number of recon-
struction capsules (0, 1, and 5) on the reconstruction quality
using the CIFAR-10 dataset with the CVAECapOSR archi-
tecture.

—— 0 Reconstruction Capsules
1 Reconstruction Capsule

0.06 —— 5 Reconstruction Capsules

0.05 -

0.04

Mean Squared Error (MSE)

0.02

0 10 20 30 40 50
Epoch

Fig.4 Comparison of 0, 1, and 5 reconstruction capsules

Figure [ depicts the mean squared error over 50 epochs
for configurations with 0, 1, and 5 reconstruction cap-
sules. Adding more reconstruction capsules consistently
improved the reconstruction quality, as evidenced by the
lower MSE values. The configuration with 5 reconstruc-
tion capsules achieved the best performance, followed by
the configuration with 1 reconstruction capsule, and finally,
the configuration with O reconstruction capsules.
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Fig.5 Accuracy comparison of configurations with 0, 1, and 5
reconstruction capsules over 50 epochs

Figure [5] shows the accuracy behaviour of the network
over 50 epochs with 0, 1, and 5 reconstruction capsules.
The final accuracies are 0.8815 for O capsules, 0.8737 for
1 capsule, and 0.8801 for 5 capsules. These results suggest
that the number of reconstruction capsules does not directly
influence overall accuracy.
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Fig. 6 Example reconstructions with the original image, 0, 1,
and 5 reconstruction capsules, respectively

Figure[6|provides a visual comparison of the reconstruc-
tions from the CIFAR-10 dataset for each configuration.
The images reconstructed with 5 capsules are visually more
accurate and detailed than those with fewer capsules.

4.3. Evaluation of Different Architectures

We evaluated the performance of the CVAECapOSR
and three different decoder architectures used with a tra-
ditional CapsNet: Residual Decoder, Linear Decoder, and
Convolutional Decoder.

Table 1 Reconstruction performance metrics for different
architectures on the CIFAR-10 dataset

Architecture MSE | SSIM | PSNR
Residual Decoder 0.0330 | 0.4040 | 15.213
Linear Decoder 0.0375 | 0.2741 | 14.732
Convolutional Decoder | 0.0383 | 0.2908 | 14.495
CVAECapOSR 0.0273 | 0.2568 | 16.194
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Table [T] summarizes the reconstruction performance
metrics (MSE, SSIM, PSNR) for different architectures on
the CIFAR-10 dataset. The CVAECapOSR’s low MSE in-
dicates the best reconstruction accuracy, although its SSIM
score suggests it may not preserve perceptual image quality
as effectively as the Residual Decoder.

Fig.7 MSE over 50 epochs of training for CVAECapOSR,
Residual Decoder, Convolutional Decoder, and Linear Decoder
on the CIFAR-10 dataset

Figure[/|illustrates the MSE over 50 epochs for CVAE-
CapOSR and the three different decoders. The CVAECa-
POSR consistently achieves lower MSE values compared
to the other decoders throughout the training process.
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Fig. 8 Accuracy comparison of CVAECapOSR, Residual
Decoder, Linear Decoder, and Convolutional Decoder over 50
epochs

Figure |8 shows the accuracy behaviour of the network
over 50 epochs with the CVAECapOSR and three decoder
architectures. The final accuracies are 0.8737 for CVAE-
CapOSR, 0.717 for Residual Decoder, 0.7142 for Linear
Decoder, and 0.7173 for Convolutional Decoder. These re-
sults indicate that while CVAECapOSR consistently out-
performs the other architectures in terms of accuracy, the
type of decoder itself does not have a significant influence
on accuracy values.

4.4. Performance on High-Resolution Data

This section compares the performance of the CVAECa-
pOSR and a traditional CapsNet with a Residual Decoder
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on the Brain Tumor MRI Dataset, which consists of high-
resolution grayscale images.

Table 2 Performance metrics for CVAECapOSR and traditional
CapsNet with Residual Decoder

Architecture MSE SSIM | PSNR
CVAECapOSR 0.0164 | 0.3897 | 18.804
Residual Decoder | 0.0109 | 0.4354 | 25.785

As can be seen from Table [2] the traditional Cap-
sNet with a Residual Decoder achieved better performance
across all metrics, indicating it is more effective at mini-
mizing reconstruction error and preserving image quality
for high-resolution images.

Fig. 9 Example reconstructions with the original image,
CVAECapOSR, and the Residual Decoder, respectively

Figure[Q]shows reconstructed images from the Brain Tu-
mor MRI Dataset for both networks, illustrating that the
Residual Decoder produces more accurate and visually ap-
pealing reconstructions compared to the CVAECapOSR.

5. CONCLUSION

CapsNets offer promising advancements in artificial in-
telligence, particularly in enhancing model interpretability
through improved reconstruction mechanisms. This study
explored various decoder architectures—Ilinear, convolu-
tional, and residual—to assess their effectiveness in recon-
structing input images. The results indicate that CapsNets,
through their unique capsule structures, have the potential
to produce high-quality reconstructions, which in turn aid
in their interpretability by making the internal processing
more transparent.

Our experiments demonstrated that all decoder archi-
tectures were able to perform their classification objectives
effectively, with the CVAECapOSR model achieving the
best results by leveraging a pretrained ResNet as the back-
bone. The linear decoder, while straightforward, is the least
scalable due to its exponential increase in parameters with
larger fully connected layers, making it less suitable for
high-dimensional data.

The convolutional and residual decoders offered a bet-
ter balance between scalability and reconstruction perfor-
mance. The convolutional decoder, with its parameter-
efficient architecture, maintained good reconstruction qual-
ity, making it a practical choice for many applications.
The residual decoder, although slightly more computation-
ally expensive and slower, achieved superior reconstruction
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quality, making it ideal for scenarios where interpretability
is critical.

CVAECapOSR demonstrated the best overall perfor-
mance in terms of reconstruction quality and interpretabil-
ity, despite its higher computational demands. This archi-
tecture remains feasible for larger datasets, provided that
sufficient computational resources are available.

Improved reconstruction quality directly enhances inter-
pretability by providing clearer and more detailed visual-
izations of what the network has learned. By examining the
reconstructed images, one can infer how the network pro-
cesses and transforms input features, thus gaining valuable
insights into the decision-making process of the CapsNets.

While CapsNets and their reconstruction capabilities
show significant potential in enhancing model interpretabil-
ity, the choice of decoder architecture must consider trade-
offs between reconstruction quality, scalability, and compu-
tational efficiency. Future work should focus on optimizing
these decoders to improve performance and reduce compu-
tational demands. Additionally, integrating reconstruction-
based interpretability with other explainable Al techniques
could offer more comprehensive insights into model be-
haviour, fostering greater trust and understanding in Al sys-
tems.
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