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Abstract 
Capsule networks can effectively model the spatial hierarchical relationships 
among features; however, the dynamic routing mechanism introduces a large 
number of parameters and high computational complexity, which limits their 
practical deployment in real-world engineering applications. To address these 
issues, this paper proposes a lightweight capsule network named WTCaps, 
based on weight sharing and Top-K routing pruning. Specifically, a weight-
sharing strategy is introduced in the capsule transformation stage to signifi-
cantly reduce the number of model parameters. Meanwhile, a Top-K routing 
pruning mechanism is employed to perform dynamic routing only among a 
small subset of highly relevant higher-level capsules, thereby effectively de-
creasing computational complexity. In addition, a lightweight spatial attention 
mechanism is incorporated to enhance the representation of critical regions, im-
proving classification performance while maintaining model efficiency. Experi-
mental results on multiple public datasets demonstrate that WTCaps achieves 
classification accuracy comparable to or better than existing capsule networks, 
with substantial reductions in both parameter count and computational cost. 
Furthermore, the proposed model exhibits strong robustness in rotated digit 
recognition and overlapping digit recognition tasks. This study provides a fea-
sible solution for the efficient design and practical application of capsule net-
works. 
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1. Introduction 
With the continuous development of deep learning techniques, neural network-
based visual models have achieved remarkable success in tasks such as image classi-
fication and object recognition. Among them, Convolutional Neural Networks 
(CNNs) [1] have become the mainstream approach in current visual tasks due to 
their local connectivity and weight-sharing mechanisms, which enable effective ex-
traction of local image features. However, traditional CNNs primarily represent fea-
tures in the form of scalars and rely on pooling operations to achieve spatial dimen-
sionality reduction. This process weakens the ability to capture spatial relationships 
among features to a certain extent. When objects exhibit variations in pose, scale, or 
partial occlusion, CNN-based models often require large amounts of training data 
and deeper network architectures to achieve satisfactory robustness. 

To address these limitations, Capsule Network (CapsNet) was proposed by Geof-
frey Hinton and colleagues [2]. In this framework, capsules represented as vectors 
or matrices are used to encode features. Such representations not only indicate the 
probability of feature existence but also explicitly capture the pose information of 
objects. Capsule networks employ a dynamic routing mechanism to establish con-
nections between lower-level capsules and higher-level capsules, thereby enabling 
more effective modeling of part-whole relationships. In tasks such as handwritten 
digit recognition, capsule networks have demonstrated strong structural represen-
tation capability and certain robustness to interference, which has attracted wide-
spread attention. However, the original capsule network still faces significant ef-
ficiency challenges in practical applications. On the one hand, independent trans-
formation matrices are typically used for feature mapping between lower-level 
and higher-level capsules, causing the number of model parameters to grow line-
arly or even faster with the number of capsules. On the other hand, the dynamic 
routing process repeatedly computes coupling coefficients and agreement measures 
among all capsule pairs, leading to high computational complexity and long in-
ference time. These issues limit the application of capsule networks in resource-
constrained scenarios and constitute a major obstacle to their broader adoption. 

To address the issues of large parameter size and high computational cost in 
capsule networks, existing studies have explored various strategies. For example, 
some works introduce weight-sharing strategies to reduce the number of trans-
formation matrices [3], simplify or replace the dynamic routing algorithm to lower 
computational cost [4], or incorporate attention mechanisms to enhance the rep-
resentation of critical information [5]. Although these approaches alleviate the 
complexity of capsule networks to some extent, several limitations remain. Some 
methods mainly focus on parameter compression while having limited impact on 
the overall computational cost, whereas others fail to fully exploit the differences 
in spatial importance among features within lower-level capsules, resulting in a 
trade-off between model efficiency and performance. 

Based on the above analysis, this paper investigates the problem of lightweight 
design and efficient inference for capsule networks. While maintaining the struc-
tural advantages of capsule networks as much as possible, improvements are 
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made to their key components. Specifically, this work redesigns the transfor-
mation mechanism between capsules and the routing strategy, and incorporates 
a feature enhancement mechanism along the spatial dimension to explore a 
more balanced capsule network architecture in terms of parameter scale and 
computational efficiency. Experimental results demonstrate that the proposed 
method can effectively reduce the number of model parameters while maintain-
ing strong classification performance, and it also shows advantages in practical 
inference efficiency. 

2. Related Work 
2.1. Capsule Networks 

Capsule Network was proposed by Geoffrey Hinton and Sara Sabour, aiming to 
characterize both the existence probability of features and their spatial attributes 
through vectorized representations, thereby compensating for the limitations of 
traditional Convolutional Neural Networks in modeling spatial hierarchical rela-
tionships. Compared with scalar neurons, capsules are capable of simultaneously 
representing whether a feature exists as well as its pose, orientation, and other 
spatial information, which provides advantages in tasks such as image classifica-
tion and object recognition. 

In recent years, research on capsule networks has mainly focused on network 
architecture design, routing mechanism improvements, and the expansion of ap-
plication scenarios. From the perspective of network structure, researchers have 
attempted to enhance the feature representation capability of models by stacking 
multiple capsule layers or introducing different forms of capsule modules [6]. Re-
garding routing mechanisms, dynamic routing serves as a core component of cap-
sule networks. Through multiple iterations, it aggregates information from lower-
level capsules to higher-level capsules and is considered a key factor contributing 
to the modeling capability of capsule networks. For example, [4] introduces sparse 
attention routing to improve both efficiency and accuracy. 

However, as the number and dimensionality of capsules increase, the dynamic 
routing mechanism requires iterative computation over a large number of capsule 
pairs, resulting in a significant growth in both model parameters and computa-
tional complexity. This issue limits the practical deployment of capsule networks, 
especially in scenarios with constrained computational resources. 

2.2. Lightweight Research on Capsule Networks 

To address the large parameter scale and high computational cost of capsule net-
works, existing studies have explored lightweight improvements from perspec-
tives such as network architecture design and routing strategies. Among these ap-
proaches, parameter compression and weight sharing are common techniques for 
reducing model complexity. By sharing transformation parameters among multi-
ple capsules, the number of transformation matrices can be effectively reduced, 
thereby alleviating the parameter growth problem as the capsule scale increases. 

https://doi.org/10.4236/ojapps.2026.164060


D. Z. Mu, R. Li 
 

 

DOI: 10.4236/ojapps.2026.164060 1020 Open Journal of Applied Sciences 
 

For instance, [3] proposed the concept of shared-weight capsules, where all pri-
mary capsules share a single transformation matrix when mapping to a higher-
level capsule. This approach significantly reduces the number of parameters and 
lowers computational complexity. 

In addition, some studies attempt to simplify the dynamic routing process. One 
approach is to reduce the number of routing iterations. For example, [7] replaces 
traditional dynamic routing with a non-iterative self-attention routing mecha-
nism, thereby reducing both computation and parameter requirements. Another 
direction focuses on optimizing routing computation through parallelization. For 
instance, [8] proposes a parallelized dynamic routing strategy that reduces com-
putational complexity and demonstrates significant advantages over the tradi-
tional CapsNet in terms of hardware resource utilization, inference speed, and 
energy consumption. Although these methods improve operational efficiency to 
some extent, they may also affect the precision of agreement modeling between 
capsules. 

Overall, existing lightweight research has made certain progress in reducing 
the number of parameters, but limitations remain in controlling computational 
complexity. Some methods compress parameters without significantly reducing 
the computational overhead in the routing stage. Therefore, how to simultane-
ously balance parameter scale and computational efficiency while maintaining 
model performance remains a key issue in lightweight capsule network research. 

2.3. Attention Mechanism 

The Attention Mechanism has been widely applied in convolutional neural net-
works and sequence modeling tasks as an effective method for feature selection 
and information weighting [9]. Its core idea is to assign different weights to dif-
ferent features, guiding the model to focus on information that is more important 
for the current task, thereby improving overall representation capability. 

In recent years, some studies have explored integrating attention mechanisms 
into capsule networks to enhance the ability of capsules to perceive critical infor-
mation. Such methods typically introduce attention modules either during the 
feature extraction stage or the capsule aggregation stage. By weighting lower-level 
features or capsule outputs, these approaches highlight important regions or key 
capsules. For example, [10] employs a multi-branch attention mechanism to fa-
cilitate information transmission between capsule layers. 

Although the attention mechanism can improve the feature representation 
capability of capsule networks to a certain extent, its introduction is often ac-
companied by additional parameters and computational overhead, which con-
flicts with the goal of lightweight capsule networks. Therefore, how to effectively 
integrate attention mechanisms with capsule network architectures while con-
trolling model complexity—so that useful feature representations are enhanced 
without significantly increasing computational burden—remains an open re-
search problem. 
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3. Proposed Model 
3.1. Overall Model Architecture Design 

To address the issues of large parameter scale and high computational complexity 
in traditional Capsule Network architectures, this paper proposes a lightweight 
improved model based on the classical capsule network framework. The complete 
architecture of the proposed model is illustrated in Figure 1. The overall structure 
still follows the fundamental design of convolutional feature extraction, the Pri-
maryCaps layer, and the higher-level capsule classification layer, in order to pre-
serve the capability of capsule networks to model spatial hierarchical relationships 
and pose information. On this basis, targeted improvements are made to the orig-
inal architecture from three aspects: model parameter organization, feature rep-
resentation enhancement, and dynamic routing computation strategy. 

First, a parameter-sharing mechanism is introduced during the transformation 
process of higher-level capsules. This mechanism reduces redundant linear trans-
formation parameters between lower-level capsules and higher-level capsules, 
thereby effectively compressing the model size. Second, a lightweight spatial at-
tention mechanism is incorporated at the PrimaryCaps stage to adaptively re-
weight feature responses at different spatial locations, enhancing the discrimina-
tive power of the capsule input features. Finally, during the dynamic routing stage, 
a score-based routing pruning strategy is adopted. Dynamic routing computation 
is performed only among a small number of higher-level capsules with high 
matching scores, thereby reducing the computational overhead of the routing 
process. 

Through these improvements, the proposed model maintains the structural ad-
vantages of the original capsule network while effectively reducing the parameter 
scale and providing a feasible approach for further lowering computational com-
plexity. 

 

 
Figure 1. WTCaps network model diagram. 

3.2. Shared Transformation Matrix 

In the classical Capsule Network architecture, feature mapping from lower-level 
capsules to higher-level capsules is achieved through a set of independent linear 
transformation matrices. Specifically, for each pair consisting of a lower-level cap-
sule and a higher-level capsule, the network learns a dedicated transformation 
matrix to map the pose vector of the lower-level capsule into the prediction space 
of the corresponding higher-level capsule. Let the output vector of the iii-th lower-
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level capsule be: 
d

iu ∈                            (1) 

The prediction vector corresponding to the j  higher-level capsule is com-
puted using an independent transformation matrix: 

ˆ ij ij iu W u=                           (2) 

where ijW  denotes the transformation matrix between the iii-th lower-level 
capsule and the jjj-th higher-level capsule. This design implies that each capsule 
pair requires its own set of parameters. As the number of capsules increases, the 
number of parameters grows rapidly, leading to significant parameter redun-
dancy. 

To address this issue, this paper redesigns the transformation mechanism be-
tween capsules by introducing a parameter-sharing strategy based on higher-level 
capsules. Instead of assigning an independent transformation matrix to each pair 
of lower-level and higher-level capsules, only one shared linear transformation 
matrix is learned for each higher-level capsule. All lower-level capsules use this 
shared parameter when mapping to that higher-level capsule: 

ˆ j ij iu W u=                           (3) 

where 'd d
jW ×∈  represents the shared transformation matrix corresponding to 

the jjj-th higher-level capsule. Through this approach, lower-level capsules no 
longer rely on independent parameters for differentiation, thereby significantly 
reducing the parameter scale of the model. 

After the pose mapping stage, the input vector of a higher-level capsule is ob-
tained by computing the weighted sum of prediction vectors from all lower-level 
capsules: 

ˆj ij j i
i

s a u= ∑                          (4) 

where ija  represents the contribution coefficient of the i lower-level capsule to 
the j higher-level capsule, which measures the degree of agreement between them. 
Functionally, this coefficient is similar to the routing coefficient in the original 
capsule network. However, it no longer relies on the coupling modeled by inde-
pendent transformation matrices; instead, it acts as an independent weighting fac-
tor in constructing the input of higher-level capsules. 

Finally, the output of the higher-level capsule is obtained through a nonlinear 
squashing function: 

( )squashj jv s=                         (5) 

which ensures that the length of the output vector reflects the probability of the 
existence of the corresponding class. 

Through the proposed parameter-sharing mechanism, the model substantially 
reduces redundant linear transformation parameters between lower-level and 
higher-level capsules while preserving the core principles of capsule networks. 
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3.3. Top-K Routing Pruning Mechanism 

In the classical Capsule Network, the dynamic routing process computes coupling 
coefficients between each lower-level capsule and all higher-level capsules, and 
continuously updates them through multiple iterations. Although this fully con-
nected routing strategy can effectively model the relationship between parts and 
wholes, its computational complexity grows linearly with the number of lower-
level and higher-level capsules, resulting in considerable computational overhead 
in practical applications. In the PrimaryCaps layer, a large number of lower-level 
capsules are typically generated. However, many of them contribute little to the 
final classification result but still fully participate in the routing computation, 
leading to significant redundancy. 

To address this issue, this paper introduces a Top-K routing pruning mecha-
nism in the dynamic routing stage. By pre-screening the matching relationships 
between lower-level and higher-level capsules, only a subset of routing connec-
tions with higher contributions is retained for subsequent dynamic routing com-
putation. In this way, the computational cost of the routing stage can be reduced 
without significantly affecting model performance. The schematic diagram of the 
Top-K routing process is shown in Figure 2. 

Specifically, under the shared transformation matrix setting, a lower-level cap-
sule obtains a prediction vector for the j higher-level capsule after linear transfor-
mation. Based on the consistency relationship between the prediction vector and 
the current output vector of the higher-level capsule, the matching score between 
them can be defined as: 

ˆij jj is u v= ⋅                          (6) 

This score essentially measures the degree of support that the iii-th lower-level 
capsule provides to the jjj-th higher-level capsule, and it is consistent in form with 
the agreement term used to update routing logits in the original dynamic routing 
algorithm. 

In the Top-K routing pruning strategy, routing coefficients are not computed 
and updated for all capsule pairs. Instead, for each lower-level capsule, the top K 
candidate higher-level capsules with the highest matching scores are selected from 
all higher-level capsules, forming a candidate set iK . Only when ij K∈  does 
the lower-level capsule participate in the dynamic routing computation of the cor-
responding higher-level capsule. All other routing connections are directly 
pruned for the current sample. 

Based on this mechanism, the normalization process of routing coefficients is 
restricted within the Top-K subspace: 

( )
( )

exp
,

exp

0, otherwise
i

ij
i

ikij
k K

b
j K

ba
∈


 ∈




∑                   (7) 

where ijb  denotes the routing logits, whose update rule still follows the iterative 
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procedure of the original dynamic routing algorithm. It can be seen that the Top-
K routing pruning strategy does not alter the core principle of dynamic routing; 
instead, it explicitly constrains the routing search space, thereby reducing unnec-
essary interactions between irrelevant capsules. 

Through this mechanism, the number of higher-level capsules involved in the 
routing computation for each lower-level capsule is reduced to K. As a result, the 
computational cost of operations such as vector inner products and weighted 
summations in the routing stage is significantly decreased. Meanwhile, since the 
retained routing connections correspond to higher matching scores, the pruning 
strategy can also suppress noisy routing to some extent, which helps improve the 
stability of the dynamic routing process. 

 

 
Figure 2. TOP-K routing diagram. 

3.4. Spatial Attention Mechanism 

Under the shared transformation matrix and the Top-K routing pruning mecha-
nism, the number of parameters and the computational complexity in the higher-
level capsule stage are significantly reduced. However, this lightweight design also 
places higher demands on the quality of feature representations produced by lower-
level capsules. If the lower-level capsules contain excessive irrelevant regions or 
background noise, it may negatively affect the consistency computation of predic-
tion vectors during the subsequent routing process. 

To address this issue, this paper introduces a lightweight spatial attention mech-
anism into the PrimaryCaps layer to adaptively reweight spatial features before 
generating lower-level capsules. The attention structure is inspired by the spatial 
attention component of Convolutional Block Attention Module (CBAM) [11]. By 
modeling the importance of different spatial locations, this mechanism guides the 
network to focus on more discriminative regional features. 

It should be noted that this spatial attention module only performs weighting 
on feature maps without altering their spatial dimensions or the number of chan-
nels. Moreover, it does not introduce additional capsule structures. Therefore, it 
does not increase the number of capsules nor interfere with the subsequent cap-
sule reshaping and routing mechanisms. The attention-enhanced feature maps are 
then used to construct lower-level capsule vectors, thereby improving their stabil-
ity and effectiveness under the shared-weight transformation and Top-K routing 
pruning settings. 
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By introducing spatial attention at the lower-level capsule stage, the proposed 
method maintains the lightweight advantage of the model while effectively allevi-
ating the potential performance degradation caused by parameter sharing and 
routing pruning. 

4. Experiments 

In the experimental design, the performance of the proposed model is evaluated 
from multiple perspectives. First, the dataset and model parameters are set up. 
Subsequently, the model is assessed in terms of image classification performance, 
robustness to affine-transformed images, and computational efficiency. 

The experiments are conducted on a personal computer with the following 
hardware configuration: an NVIDIA GeForce GTX 4090 GPU, Windows 11 op-
erating system, Intel® Core™ i9-10900X CPU @ 3.70 GHz. The models are imple-
mented in Python using the PyTorch deep learning framework. The datasets are 
divided into training, validation, and test sets, with the validation set consisting of 
20% of the training samples. The hyperparameters are set as follows: batch size = 
128, optimizer = Adam, initial learning rate = 0.001 with an adaptive learning rate 
schedule monitored by validation loss. If the validation loss does not improve for 
15 consecutive epochs, the learning rate is multiplied by 0.1, but not reduced be-
low 1e-6. Models are trained for 200 epochs, and the model with the highest vali-
dation accuracy is selected for testing. 

4.1. Dataset Description 

This study evaluates the classification performance of the proposed model on 
five publicly available datasets: MNIST, Fashion-MNIST, CIFAR-10, SVHN, and 
SmallNORB. 

MNIST: A grayscale handwritten digit dataset containing classes 0 - 9, with im-
ages of size 28 × 28. It consists of 60,000 training images and 10,000 test images. 

Fashion-MNIST: A grayscale image dataset of 70,000 fashion products in 10 
categories, with images of size 28 × 28. 

CIFAR-10: A dataset of 60,000 RGB natural images across 10 categories, with 
image size 32 × 32. Each category contains 5,000 training images and 1,000 test 
images. 

SVHN: A dataset for digit classification, containing over 600,000 real-world 
RGB images of printed digits (0 - 9), each of size 32 × 32. 

SmallNORB: A dataset of 3D toy objects across 5 categories, with each object 
captured at 18 different azimuth angles (0˚ - 340˚) and 9 different elevations, with 
image size 96 × 96. 

4.2. Classification Results 

To verify the classification performance and lightweight efficiency of the proposed 
WTCaps model, comparative experiments were conducted on MNIST, Fashion-
MNIST, SVHN, CIFAR-10, and SmallNORB datasets against several representative 
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capsule network models. The experimental results are summarized in Table 1. 
The results indicate that WTCaps achieves stable classification performance 

across all five datasets. Specifically, the error rates on MNIST, SVHN, and CIFAR-
10 are comparable to those of current mainstream capsule network methods. In 
terms of parameter scale, WTCaps contains 4.20 M parameters, significantly fewer 
than models such as DRCaps, AWRCaps, Aff-CapsNet, and Self-Routing. Mean-
while, WTCaps achieves classification performance that is better than or compa-
rable to other lightweight methods, including CAPCaps and GraCapsnets. 

Overall, the experimental results demonstrate that the proposed WTCaps model, 
based on weight sharing and Top-K routing pruning, effectively reduces model 
parameter size while maintaining strong classification performance, achieving a 
reasonable balance between accuracy and model complexity. 

 
Table 1. Classification error rates and parameters of different models on five datasets. 

Model 
MNIST FashionMNIST SVHN CIFAR10 SmallNorb 

Errors 
/% 

Params/M 
Errors 

/% 
Params/M 

Errors 
/% 

Params/M 
Errors 

/% 
Params/M 

Errors 
/% 

Params/M 

Attn-Routing 
[12] 

0.54 5.31 - - - - 12.71 9.60 - - 

EM-Routing 
[13] 

- - - - - - 11.90 0.45 1.80 0.30 

VB-Routing 
[14] 

- - 5.20 0.17 3.90 0.32 11.20 0.32 1.60 0.17 

Self-Routing 
[15] 

- - - - 3.12 140.30 7.86 140.30 - - 

DRCaps [2] 0.32 6.10 5.45 6.10 3.85 6.10 9.94 6.10 3.52 6.10 

Aff-CapsNet 
[16] 

0.46 8.20 7.47 8.20 7.85 8.20 23.72 8.20 - - 

MS-CapsNet 
[17] 

- - 7.30 10.80 - - 24.30 11.20 - - 

FRMS [18] 0.42 1.20 6.00 1.20 - - 15.60 1.20 - - 

GraCapsnets 
[19] 

- - - - 2.98 2.48 7.99 2.48 - - 

AWRCaps 
[20] 

0.32 5.80 5.18 5.8 3.69 5.8 9.54 5.80 2.99 5.8 

CAPCaps [21] 0.29 3.00 5.41 3.00 3.46 3.54 7.40 3.54 4.90 3.54 

WTCaps 0.33 4.20 5.25 4.20 3.52 4.20 7.66 4.20 3.27 4.20 

4.3. Ablation Study 

To analyze the impact of each improved module on model performance and com-
plexity, ablation experiments were conducted on the MNIST and CIFAR-10 da-
tasets, as shown in Table 2, with the baseline model being the traditional capsule 
network model [2]. The results indicate the following: Weight Sharing (WS): In-
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troducing the weight-sharing mechanism reduces the number of model parame-
ters from 6.10 M to 4.30 M. However, a slight decrease in classification accuracy 
is observed, indicating that while weight sharing effectively compresses the model 
size, it imposes some constraints on feature representation capability. Top-K Rout-
ing Pruning (TR): When only the Top-K routing pruning is applied, the model 
parameter count remains unchanged, but FLOPs decrease significantly from 552.38 
M to 260.15 M, demonstrating a clear reduction in computational complexity. 
Classification accuracy, however, also decreases slightly, suggesting that excessive 
pruning of routing connections may result in the loss of discriminative infor-
mation. Spatial Attention (CA): Introducing the spatial attention mechanism alone 
has little effect on model parameters or computational complexity, but classifica-
tion accuracy improves on both datasets, validating the effectiveness of spatial at-
tention in enhancing feature discriminability. 

Combining TR and CA leads to a substantial reduction in computational com-
plexity while achieving better classification performance compared to using TR 
alone, indicating that spatial attention can partially mitigate performance loss 
caused by routing pruning. 

Finally, the full WTCaps model, incorporating WS, TR, and CA, reduces the 
parameter count and FLOPs to 4.20 M and 200.90 M, respectively, while achieving 
classification accuracies of 99.67% on MNIST and 92.34% on CIFAR-10. These 
results demonstrate that the proposed method achieves a favorable balance be-
tween model lightweight efficiency and classification performance. 

 
Table 2. Generalization performance from MNIST and CIFAR10 datasets. 

Model Params/M Flops/MFlops 
MNIST  

Accuracy/% 
CIFAR10  

Accuracy/% 

Baseline 6.10 552.38 99.68 90.06 

Baseline + WS 4.30 552.38 99.52 88.41 

Baseline + TR 6.10 260.15 99.50 89.02 

Baseline + CA 6.10 560.10 99.71 91.18 

Baseline + WS + CA 4.30 560.10 99.60 90.02 

Baseline + TR + CA 6.10 200.90 99.61 91.05 

WTCaps 4.20 200.90 99.67 92.34 

4.4. Robustness to Affine-Transformed Images 

To evaluate the robustness of the proposed algorithm to affine transformations, 
all models were trained on the MNIST dataset and then tested on the affNIST 
dataset. In this setup, the training images were generated by first padding the orig-
inal MNIST images (28 × 28) to 40 × 40 pixels and then randomly placing the 
digits within the 40 × 40 background. This procedure introduces variations in po-
sition and scale, allowing assessment of the model’s ability to maintain accurate 
classification under affine transformations. 
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Table 3. Generalization performance from MNIST to affNIST dataset. 

Model MNIST Accuracy affNIST Accuracy 

CNN [1] 99.2% 85.90% 

DRCaps [2] 99.2% 79.0% 

HitNet [22] 99.6% 83.3% 

GCaps [23] 98.4% 89.1% 

SparseCaps [24] 99.0% 90.1% 

Attn-Routing [11] 99.5% 91.6% 

SCAE [25] 98.5% 92.2% 

Aff-CapsNet [16] 99.23% 93.12% 

EM-Routing [13] 99.2% 93.1% 

AWRCaps [20] 99.2% 96.73% 

WTCaps 99.2% 96.69% 

 
The test set was generated by first padding the original MNIST images to 40 × 

40 pixels, and then applying affine transformations to the digits. These transfor-
mations included rotations within ±20˚, shearing within ±45˚, horizontal and ver-
tical scaling in the range of 0.8 - 1.2, and random translations up to 8 pixels in 
each direction, resulting in the affNIST dataset. For fair comparison, only models 
that achieved at least 99.2% test accuracy on the original MNIST dataset were 
evaluated on affNIST. The proposed capsule network model achieved a classifica-
tion accuracy of 96.69% on affNIST, as shown in Table 3. These results demon-
strate that the proposed method achieves state-of-the-art generalization perfor-
mance on affine-transformed images. 

4.5. Robustness to Rotated Digit Images 

To further evaluate the robustness of the proposed WTCaps model under com-
plex geometric transformations, comparative experiments were conducted on the 
rotated MNIST and rotated SVHN datasets, with rotation angles set to ranges of 
±θ1 and ±θ2, respectively, as summarized in Table 4. 

The experimental results show that under standard testing conditions without 
rotation, all models achieve high classification accuracy. As the rotation range in-
creases, the classification performance of all models declines to varying degrees; 
however, capsule network-based methods generally exhibit stronger robustness. 
Compared to ResNet18, WTCaps shows a smaller decrease in accuracy under 
large-angle rotations, indicating better adaptability to pose variations. In compar-
ison with other capsule network models such as DRCaps, DeepCaps, and CAP-
Caps, WTCaps maintains comparable classification performance on rotated MNIST 
and rotated SVHN datasets, and in some rotation ranges, achieves slightly better 
or equivalent results. 

These results indicate that, even with significantly reduced model parameters 
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and computational complexity, WTCaps effectively preserves the inherent robust-
ness of capsule networks to spatial transformations such as rotation. 

 
Table 4. Classification performance of different algorithms on Rotated MNIST and Rotated SVHN. 

Model 
MNIST Accuracy/% SVHN Accuracy/% 

0 (−30˚, 30˚) (60˚, 60˚) 0 (−30˚, 30˚) (−60˚, 60˚) 

DRCaps [2] 99.68 97.70 89.14 96. 15 92.89 85.25 

Resnet18 99.27 97.10 80.75 95.78 75.17 70.76 

DeepCaps [26] 99.72 97.82 88.20 97.16 91.80 83.55 

CAPCaps [20] 99.71 97.88 89.26 96.54 94.70 87.51 

WTCaps 99.67 97.86 89.28 96.48 94.68 87.65 

4.6. Performance on Overlapping Digit Recognition 

To evaluate the model’s ability to model and separate overlapping targets in com-
plex scenarios, comparative experiments were conducted on the MultiMNIST da-
taset using several representative methods. The MultiMNIST dataset contains im-
ages with multiple overlapping digits, placing higher demands on the model’s fea-
ture disentanglement and object perception capabilities, as shown in Table 5. 

The results indicate that traditional CNNs achieve relatively low recognition ac-
curacy on this task, whereas methods incorporating capsule structures and dynamic 
routing mechanisms significantly improve classification performance. Compared 
with capsule network models such as Dynamic Routing and Aff-CapsNet, WTCaps 
achieves comparable classification accuracy to AWRCaps while drastically reduc-
ing the number of parameters. Specifically, WTCaps achieves a test accuracy of 
95.95% with only 4.20 M parameters. 

Although AWRCaps attains slightly higher accuracy, its larger parameter scale 
makes the model less compact. WTCaps strikes a better balance between model 
compactness and recognition performance. These results demonstrate that the 
proposed weight-sharing and Top-K routing pruning mechanisms maintain the 
capsule network’s strong modeling capability for overlapping objects while effec-
tively reducing model size, highlighting the practical applicability of WTCaps in 
complex visual scenarios. 

 
Table 5. Classification performance of different algorithms on MultiMNIST. 

Model 
MutliMNIST 

Accuracy 
Params 

CNN [1] 91.99% 24.56 M 

DRCaps [2] 94.80% 11.36 M 

Aff-CapsNet [15] 95.49% 8.20 M 

AWRCaps [19] 95.97% ± 0.18 5.80 M 

WTCaps 95.95% ± 0.22 4.20 M 
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4.7. Visualization of Reconstruction Results 

To further verify the feature representation capability of the proposed WTCaps 
model during the lightweighting process, experiments were conducted to analyze 
its reconstruction performance. In capsule networks, a reconstruction branch is 
introduced after the classification capsules, using the input image as a supervisory 
signal to reconstruct the original sample. This process provides an intuitive visu-
alization of the model’s ability to capture the pose and structural information of 
the target object. The reconstruction results are shown in Figure 3. 

The experimental results indicate that, compared with baseline capsule net-
works, WTCaps is still able to reconstruct the overall contours and key structural 
features of input digits fairly accurately, even under significantly reduced param-
eters and computational complexity. No noticeable shape distortions or semantic 
omissions were observed. This demonstrates that the proposed weight-sharing 
and Top-K routing pruning strategies do not compromise the capsule network’s 
ability to model spatial hierarchical relationships. These results further confirm 
that WTCaps maintains strong feature representation and structural reconstruc-
tion capabilities while achieving model lightweighting. 

 

 
Figure 3. Reconstruction results of DRCaps and WTCaps. 

4.8. Comparison of Computational Efficiency 

To more comprehensively evaluate the characteristics of the proposed algorithm, 
a comparative experiment on computational efficiency was conducted. Classic 
capsule network models and recent lightweight capsule network models were 
tested using input images of the same size and number of channels, and their pa-
rameter counts and floating-point operations (FLOPs) were measured to assess 
computational performance, as shown in Table 6. 

The results indicate that traditional capsule networks, such as DRCaps and 
AWRCaps, maintain good performance but suffer from high parameter counts 
and FLOPs. In contrast, GraCapsNet and CAPCaps reduce model parameters to 
some extent through structural simplification, but their computational complex-
ity remains relatively high. 

The proposed WTCaps model achieves a more balanced performance in both 
parameter scale and computational complexity. Specifically, WTCaps contains 
only 4.20M parameters—significantly fewer than DRCaps and AWRCaps—and 
reduces the computation to 200.90 MFLOPs, approximately 63.6% lower than 
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DRCaps. These results demonstrate that WTCaps effectively reduces redundant 
computations in the dynamic routing stage without significantly increasing struc-
tural complexity, thereby significantly improving overall computational efficiency 
while preserving the capsule network’s modeling capabilities. 

 
Table 6. Comparison of the computational efficiency of different algorithms. 

Model Params/M Flops/MFlops 

DRCaps [2] 6.10 552.38 

GraCapsnet [18] 2.48 380.00 

CAPCaps [20] 3.00 380.00 

AWRCaps [19] 5.80 552.38 

WTCaps 4.20 200.90 

5. Conclusions 

This paper addresses the challenges faced by capsule networks in practical applica-
tions, including large model parameter sizes, high computational complexity, and 
inefficient dynamic routing. We propose a lightweight capsule network, WTCaps, 
based on weight sharing and a Top-K routing mechanism. By systematically im-
proving the traditional capsule network architecture, WTCaps effectively reduces 
model parameters and computational overhead while preserving the advantages 
of capsule networks in modeling spatial relationships, thereby enhancing its prac-
tical applicability. 

Specifically, the proposed approach introduces a weight-sharing mechanism in 
the digit capsule layer, allowing higher-level capsules of the same category to share 
transformation matrices, which significantly reduces the number of model pa-
rameters. Next, a Top-K routing pruning strategy is employed to limit the number 
of candidate capsules participating in dynamic routing, thereby reducing redun-
dant computations during the routing stage and lowering overall computational 
complexity. Additionally, a lightweight spatial attention mechanism is incorpo-
rated in the PrimaryCaps layer to enhance the model’s focus on key local features, 
mitigating potential performance loss caused by model lightweighting. 

Extensive experiments demonstrate that WTCaps achieves competitive classi-
fication performance across multiple datasets, while outperforming several exist-
ing lightweight capsule network methods in terms of parameter size and compu-
tational cost. Moreover, WTCaps maintains strong robustness in rotated and 
overlapping digit recognition tasks, validating the effectiveness and generalization 
capability of the proposed method. 

Although WTCaps achieves a balance between efficiency and performance, 
there remains room for further optimization. Future work may explore more re-
fined routing pruning strategies, adaptive routing mechanisms, and integration 
with other lightweight techniques to further enhance the performance and prac-
tical value of capsule networks in complex visual tasks. 
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