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Abstract

Capsules are clusters of neurons in a neural network.
Each capsule exhibits an activity vector that quantifies both
the probability that a given entity exists and the specific
orientiation of that entity. The nature of the architecture
of capsules leaves them well-suited to modeling objects in
space in a similar manner to the way the human mind un-
derstands the physical world. With these characteristics in
mind, we seek to demonstrate the capacity of capsules to ef-
fectively model occluded entities by testing and building on
their capabilities for classification and reconstruction.

1. Introduction
In 2017, Geoffrey Hinton (Google Brain, University of

Toronto) published a paper that has the potential to change
the way computers perceive and understand images at a
fundamental level. This paper (Dynamic Routing Between
Capsules, [8]) proposed an entirely new network architec-
ture that leveraged structures that Hinton et al. dubbed
“capsules” - groups of neurons whose activity vector rep-
resents the instantiation parameters of a specific type of
entity within an image. These entities naturally manifest
themselves as the component parts of objects identified in
the images presented to the network. In this way, Hinton’s
“CapsNet” more closely mimics the way humans perceive
and understand objects in space than standard convolutional
neural networks. By effectively modeling entity transfor-
mations like skew, yaw, and translation, capsules have an
advantage in understanding viewpoint variance and identi-
fying partially occluded objects.

With that said, the development of capsules is so recent
that many of their potential applications have yet to be in-
vestigated. Consequently, we hope to test the performance
of capsule networks on classifying and reconstructing oc-
cluded images. In doing so, we build on Hinton’s work by
proposing and testing two novel techniques for improving
the quality of the reconstructed images generated by cap-
sules.

2. Related Work
Hinton first introduced the idea of capsules and why max

pooling was ill-posed in his paper Transforming Autoen-
coders [4]. The idea is that when using max pooling, the
routing that takes place creates local translational invari-
ance whereas what should be strived for is equivariance -
the idea that small perturbations result in corresponding per-
turbations in activations. Instead of translational invariance,
neural networks in computer vision should approach view-
point invariance through a part-whole relationship.

Sabour and Hinton’s landmark 2017 paper provides an
implementation of CapsNet, the first neural network using
the methods outlined above [8]. Their paper provides the
foundation of our work in this paper using coincidence fil-
tering to route features from lower-level layers to higher-
level layers. Routing is not necessarily novel. In fact, pool-
ing is essentially the selective routing of only certain neu-
rons, but is often 1 or 0 (max pooling) or evenly distributed
(average pooling).

In addition, we also draw inspiration from several im-
provements on the original CapsNet that were published in
2018: one [3] by Hinton himself, and the other [7] by Phaye
et al. from the Indian Institute of Technology. We draw
from the original CapsNet paper in order to implement our
model, and discuss the implementation of these capsules at
length in the next section.

The improvement published by Hinton in 2018 describes
a new routing procedure between capsules: EM (expecta-
tion maximization) routing. In this procedure, Hinton re-
works the architecture of each capsule to include a 4x4
trainable pose matrix that represents the spatial relation-
ship between the viewer and the observed entity. Hinton
then outlines a process by which the pose matricies are
multiplied by trainable viewpoint-invariant matricies such
that their multiplicative product is intended to approximate
a part-to-whole entity relationship. The aforementioned
product for each capsule is weighted by an assignment coef-
ficient, which is iteratively updated via an expectation max-
imization algorithm to the point that the products are routed
to a higher-order capsule that receives similar products from
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other lower-level capsules. This is in contrast to the squash-
ing method proposed in [8] to determine routing agreement.

The improvement detailed by Phaye et al. modifies Cap-
sNet in two key ways: first, by adding multi-level capsules
as opposed to the single-level capsule layer outlined in [8];
second, by replacing CapsNet’s convolutional layers with
densely connected convolutional layers. Ultimately, this
leads to the network learning to represent entity features in
a hierarchical manner.

Other methods studied in class have sought to model
part-whole relationships and viewpoint invariance using tra-
ditional convolutional networks. Spatial Transformer Net-
works seek to learn affine transformations in order to orient
features or data correctly [6]. Deformable Convolution Net-
works learn offsets in kernel and routing protocols in order
to attain better feature representations and can intuitively
be understood to try and ‘connect’ related but spatially sep-
arated features [1].

3. Approach

3.1. Data

We test our proposed strategies for gradient step recon-
struction and latent reconstruction on two datasets: MNIST
and Fashion-MNIST. We subject each dataset to various de-
grees of two different types of occlusion: deterministic oc-
clusion, in which a box of size axb pixels is placed ran-
domly on the source image and entirely occluded, and prob-
abilistic occlusion, in which each pixel has p% chance of
being entirely occluded (where occlusion indicates that the
pixels in question are colored entirely black). For examples
of the original images on which we train and test our cap-
sule network, refer to the first rows of Figures 1a and 1b; for
examples of the original images subjected to deterministic
occlusion, refer to the second rows of Figures 1a and 1b;
for examples of the original images subjected to probibalis-
tic occlusion, refer to the third rows of Figures 1a and 1b.

(a) MNIST Data (b) Fashion-MNIST Data

Figure 1:
The First Row is the original images.

The Second Row results from occluding 12x12 blocks
The 3rd row results from occluding with p = 0.5

3.2. Capsules

This section focuses on our implementation of capsules
based on the work done in CapsLayer [5]. Due to time com-
plexity and functionality considerations we used a CapsNet
implementation that used squashing as the nonlinearity in-
stead of expectation maximization.

3.3. Capsule Structure and CapsNet

Capsule Structure: A capsule is composed of a d-
dimensional vector denoting the ‘pose’ of the capsule. The
length of this vector is the activation (or probability of pres-
ence) of the entity modeled by this capsule. Figure 2 shows
a simplified explanation of how poses and activations work
[5].

Figure 2: Demonstration of Pose Vectors and routing

Routing Algorithm and Learning: The only learning that
occurs in capsule networks (like in neural networks) are the
weights of the viewpoint invariant matrices W . Poses, ac-
tivations, and coefficients from lower- to higher-order cap-
sules are unique to each sample. The nonlinearity intro-
duced is through the squashing function, which places vec-
tors of large length towards 1 and vectors of small length
towards 0. In the steps below (outlined in Figure 3), j rep-
resents the higher-level capusle and i is the lower-level cap-
sule. ui is the pose vector of the lower-order capsule. cij is
the routing coefficient from Capsule i to Capsule j. vj rep-
resents the projected higher-order capsule pose. The steps
in Figure 3 are iterated three times over for each capsule
pair to attain the necessary routing. The bij (essentially
logits for i to be routed to j) are initialized to 0. We did
not experiment with different priors for bij .
CapsNet. Figures 4a and 4b outline the architecture for
CapsNet. Of particular note is that only the routing between
the Primary Capsules and the Class Capsules (DigitCaps)
uses the Dynamic Routing algorithm. The CapsNet decoder
masks the input of all other digits for regeneration.
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1. Affine Transformation: ûj|i =Wijui
2. Dynamic Routing Calc: cij =

exp(bij)∑
k exp(bik)

3. Routing: sj =
∑

i cij ûj|i

4. Squashing: vj =
‖sj‖2

1+‖sj‖2

sj
‖sj‖

5. Dynamic Routing Update: bij = bij + ûj|i · vj

Figure 3: Dynamic Routing Algorithm with Squashing

(a) CapsNet Encoder

(b) CapsNet Decoder

Figure 4: CapsNet Architecture

3.4. Baseline Autoencoder

We constructed a convolutional autoencoder to attain
baseline results. The architecture used is shown in Figures
5a and 5b.

(a) Autoencoder Encoder

(b) Autoencoder Decoder

Figure 5: AutoEncoder Architecture

3.5. Loss Function

For both the autoencoder and CapsNet, we use the fol-
lowing Loss Function where Lc is classification loss. We
use cross entropy loss for the autoencoder and separate
hinge loss for CapsNet (as Hinton et al. use in the paper
[8]). Lr is the `2 reconstruction loss.

L = Lc + Lr

3.6. Gradient-Based Reconstruction Techniques

Our improvement on the reconstructions generated by
Hinton’s original CapsNet architecture can be decomposed
into two primary components: a Gradient Step Mechanism
to improve occluded image-based reconstructions, and a
method for Latent Class-Based Reconstruction.

First, we leverage a Gradient Step Mechanism to recon-
struct the original unaltered image when our network is pro-
vided with a specific occluded image. The gradient can be
described in the following manner, where we substitute the
hinge loss used in the training step by cross-entropy in order
to maximize the length of the activation vector:

∇xL(x) = ∇x − log(Pr(ŷ))

xnew = x− λ∇xL(x),Focc(x) = F(xnew)

Second, we propose an entirely original system for La-
tent Class-Based Reconstruction on a trained capsule net-
work. To achieve this, we generate an optimal input image
x and reconstruction image x̃ = F(x) for a given class c
(with respect to MNIST, digits 0-9). Input x is optimized
such that the probability of the given class c is maximized:

max
x,F(x)

Prc(x)

Then, the reconstruction of that optimal input image x (x̃ =
F(x)) is generated in turn as the latent reconstruction of
class c.

4. Experiments
With the approach described above in mind, we test the

following metrics:
First, we evaluate the classification accuracy of Cap-

sNet benchmarked against the classification accuracy of
the convolutional autoencoder with the training and testing
datasets. The datasets in question were subjected to various
levels and types of occlusion during both training and test-
ing. Furthermore, the quantity of training data was varied
to test the classification accuracy with a more restricted data
sample size.

Second, we evaluate the quality of the reconstructions
(generated using our Gradient Step Mechanism) associated
with individual images from the datasets. Once again, the
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datasets in question were subjected to various levels and
types of occlusion during both training and testing, and the
quantity of training data was varied to test the reconstruc-
tion quality with a more restricted data sample size.

Third, we evaluate the quality of the Latent Class-Based
Reconstructions after training of both CapsNet and the con-
volutional autoencoder has completed. Once again, the
datasets in question were subjected to various levels and
types of occlusion during both training and testing, and the
quantity of training data was varied to test the reconstruc-
tion quality with a more restricted data sample size. This
was computed by optimizing the input image over class
probability for each class through the gradient method until
convergence.

All tests used our CapsComplete Library (linked here).
Training runs on a sample of 10,000 images using a single
Nvidia Tesla K80 GPU took approximately 15 minutes to
complete.

5. Results
5.1. Classification Accuracy with Various Levels of

Occlusion and Quantities of Training Data

We test classification accuracy for CapsNet and the Con-
volutional Autoencoder with various numbers of training
samples. Regarding the results logged in the tables below,
in every case the models were trained for 50 epochs with
a batch size of 32. For Table 1, the results were obtained
using the MNIST dataset subjected to 70% probabilistic oc-
clusion during testing. For Table 2, the results were ob-
tained using the Fashion MNIST dataset subjected to 50%
probabilistic occlusion during testing. Bold entries indicate
superior performance of CapsNet relative to the baseline.
We subjected Fashion MNIST to a slightly reduced degree
of occlusion (50% vs 70% for MNIST) due to the increased
complexity and variability of each class in the dataset.

# Samples CapsNet CapsNet Occ Autoencoder Autoencoder Occ
100 71.01% 59.39% 10.15% 17.61%
500 87.54% 71.33% 83.04% 71.09%

1000 93.51% 77.65% 90.64% 74.65%
5000 96.62% 79.10% 96.94% 75.65%
10000 97.22% 85.01% 97.56% 77.66%

Table 1: Classification test accuracies on MNIST using
70% probabilistic occlusion.

# Samples CapsNet CapsNet Occ Autoencoder Autoencoder Occ
100 66.59% 52.81% 20.02% 10.25%
500 77.71% 60.09% 64.55% 33.02%

1000 79.74% 54.31% 72.64% 43.58%
5000 83.78% 59.62% 79.49% 52.87%
10000 83.95% 63.94% 86.72% 54.95%

Table 2: Classification test accuracies on Fashion MNIST
using 50% probabilistic occlusion.

Figure 6: CapsNet performs 7X better than the autoencoder
on MNIST with a training sample of 100 images.

5.2. Reconstruction with Both Types of Occlusion

We showcase the results of using our Gradient Step
Mechanism for reconstruction in Figures 7a and 7b. The
first row in both figures contains sample images from the
original dataset. The second row contains the same im-
ages subjected to occlusion. The third row contains the
CapsNet reconstructions given the occluded image, and the
fourth row contains the AutoEncoder reconstructions given
the occluded image. These reconstructions were all gener-
ated after training both models for 50 epochs on a sample
of 10,000 non-occluded images with a batch size of 32.

(a) Probabalistic Occlusion
Reconstructions (p = 0.5)

(b) Deterministic Occlusion
Reconstructions (axb = 14x14)

Figure 7: Occluded Images and Corresponding
Reconstructions. In row order: input, occluded, CapsNet

Reconstruction, Autoencoder Reconstruction

5.3. Latent Reconstruction and Classification Ac-
curacy with Occluded Training Dataset

We also evaluated the Latent Class-Based Reconstruc-
tion quality and classification accuracy of CapsNet and the
Convolutional Autoencoder after training both models on an
occluded dataset (in this case, MNIST subjected to 14x14
deterministic occlusion). The classification accuracy results
are logged in Table 3. Once again, bold entries indicate su-
perior performance of CapsNet relative to the baseline. The
latent reconstructions for CapsNet are outlined in Figure 8a,
and the latent reconstructions for the autoencoder are out-
lined in Figure 8b.
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# Samples CapsNet CapsNet Occ Autoencoder Autoencoder Occ
10000 91.52% 84.53% 85.93% 79.01%

Table 3: Classification Test Accuracies after training on
deterministically occluded MNIST.

(a) CapsNet Latent
Reconstructions (Occluded

MNIST)

(b) Autoencoder Latent
Reconstructions (Occluded

MNIST)

Figure 8: Latent Reconstructions after training on occluded
data for 50 epochs with 10K samples and batch size = 32.

5.4. Latent Class-Based Reconstruction

The first two rows in Figures 9a and 9b show the in-
puts that maximize each class followed by the correspond-
ing reconstructions. These reconstructions were generated
after both models were trained for 50 epochs with 10K non-
occluded samples from the relevant dataset and batch size =
32.

(a) CapsNet Latent
Reconstructions (MNIST)

(b) Autoencoder Latent
Reconstructions (MNIST)

Figure 9: MNIST Latent Reconstructions

(a) Original Fashion
MNIST Classes

(b) CapsNet Latent
Reconstructions

(Fashion MNIST)

(c) Autoencoder
Latent

Reconstructions
(Fashion MNIST)

Figure 10: Fashion MNIST Latent Reconstructions

6. Discussion
6.1. Conclusions

Based on our approach, we have shown that capsules
maintain a higher degree of class fidelity than generic con-
volutional networks. In doing so, we used our gradient-
based reconstruction techniques to demonstrate the viability
of capsule-based neural networks in completing images to
better fit with the notion of a class. We have further justified
that the gradient based approach creates noisy but empiri-
cally better approximations of image completion than the
autoencoder, which is unable to complete images to a suffi-
cent degree of accuracy.

Furthermore, the classification accuracy of CapsNet was
evidently superior to that of the autoencoder - especially in
conditions where the number of samples was significantly
limited or when the testing data was occluded. Classifi-
cation accuracies at higher sample numbers without occlu-
sion in the testing data were comparable between CapsNet
and the autoencoder, but in all other cases CapsNet clearly
served as a more effective classifier.

6.2. Error Analysis

We believe that some of the minor distortion in the re-
constructions generated by capsules could be in part a re-
sult of down-weighting reconstructions in favor of classi-
fication, which is a natural tradeoff. Further, we believe
the squashing activation loses information of the pose vec-
tor, which prevents inputs that highly resemble the ‘generic’
class and inputs that have subtle differences from being ac-
centuated since their probabilities are squashed to the same
value. This idea is in line with the concerns raised prior to
the creation of the alternative EM Routing for Capsules [3].

Saturation for capsule networks with respect to classifi-
cation accuracy under larger sample quantities is also a con-
sideration to keep in mind. While we identified that in low-
sample ranges capsules are extremely strong in extracting
maximal information from minimal datapoints, we believe
that larger pose vectors may be able to account for more
information as more datapoints are given.

6.3. Challenges

We faced a number of challenges implementing and ex-
perimenting with capsule networks in order to accomplish
our particular task. Since CapsNet is so new and the authors
have not published their source code, there are few imple-
mentations to pull from that have the flexibility required to
support modification and adaptation of capsule network ar-
chitectures. Nonetheless, we were able to find a repository
called CapsLayer which implemented both Dynamic Rout-
ing and EM Routing [5]. Unfortunately, this library was
not bug free and we spent significant time trying to fix it.
Furthermore, in experimenting with networks that used EM
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routing, we were only able to attain 70% classification accu-
racy on MNIST which is very sub-par. The time complex-
ity of EM-Routing also proved extremely prohibitive during
training, since the routing cannot be optimized via GPU.

This computational optimization problem of capsule net-
works on GPUs is not unique to EM Routing, as Dynamic
Routing through squashing faces the same problem with
fewer operations per routing iteration. While we achieved
state-of-the-art results in the range of training sample sizes
required for high performance, in each case CapsNet took
approximately 5X as long as the autoencoder to train for the
same number of epochs.

Additionally, we faced issues with our gradient method
in finding convergence. It was difficult to find a balance be-
tween doing a latent reconstruction and doing a more input-
based reconstruction. If we performed too many gradient
steps, the occluded reconstruction resembled the latent re-
construction more closely than it resembled the original im-
age.

Lastly, we were not able to see any performance en-
hancements by ‘stacking’ Primary Capsules and adding ad-
ditional convolution (without pooling) prior to the Prima-
ryCaps layer (as Phaye et al. did in Multi-Level Dense
Capsule Networks [7]). The number of parameters also in-
creased tremendously in an already high parameter space,
making the training much slower than desired.

6.4. Future Work

Initially when we set out on this project, we intended
to perform occluded image completion on CIFAR-10 data.
Unfortunately, our tests at the time for the milestone showed
that performance baselines were extremely low. Some work
has been done to improve this, including Phaye et al.’s
Multi-Level Dense Capsule Networks [7] and Ensemble
CapsNets [8]. The logical next step would be to apply our
gradient step method to those models and to create a deeper
set of layers with the purpose of extracting more complex
features for multiple object detection, which is not well-
supported by CapsNet at the moment.

From a performance standpoint, something that would
make capsules much more practical would be hardware in-
novations that allow for computational optimization of rout-
ing algorithms. Currently, the latency of routing means
that capsule networks are not viable for production envi-
ronments because in spite of the lack of depth, the number
of parameters is large and the routing algorithm is slow.

We also want to investigate if there is a capsule equiv-
alent of deconvolution which uses upsampling or strided
transposed convolution in order to attain reconstructed im-
ages (as we used in our autoencoder). Lastly, as these mod-
els become more complex our gradient method would be
justified in understanding the entity attributes that lower-
level capsules recognize.

7. Conclusion
The initial results provided by Geoffrey Hinton in Dy-

namic Routing Between Capsules [8] showed that capsules
are a better approximation for the way humans view and
interpret the placement of objects in the physical world
than standard convolutional neural networks. However, un-
til now, the classification and reconstruction capabilities of
capsules on images subjected to various degrees and types
of occlusion have not been fully assessed or improved to
their full potential. Our project serves this purpose, and -
given our favorable results - we hope that our work will
serve as the foundation of future research into the perfor-
mance of capsule networks on occluded entities.

Our primary contribution to the state-of-the-art is
twofold: first, we introduce a Gradient Model which we
have shown to outperform the baseline from a reconstruc-
tion fidelity standpoint. In every case tested (on non-
occluded images and probabilistically/deteministically oc-
cluded images from both Fashion MNIST and MNIST with
various training sample sizes), the reconstructions gener-
ated by CapsNet were more accurate approximations of the
non-occluded source images than those generated by the au-
toencoder (see Figures 7a and 7b). Second, we propose an
entirely original method for generating latent reconstruc-
tions for each class in the model. Once again, the latent
class-based reconstructions generated by CapsNet are con-
sistently more representative of the original class than those
generated by the baseline convolutional autoencoder. This
is immediately evident upon examination of Figures 8a,
8b, 9a, 9b, 10b, and 10c. In developing an effective and
completely new framework for generating reconstructions
of classes (as opposed to individual images), we have pro-
vided a comprehensive means of evaluating the ability of
any trained model to approximate each of its classes. We
hope that our progress in this domain will be used by com-
puter vision researchers in the future to test the fidelity of
their models to the categories of images that they seek to
classify.

In addition to these definitive improvements on the
current state-of-the-art, we also prove that capsules are
more capable of accurately classifying all types of images
than conventional convolutional neural networks. When
both networks (CapsNet and the convolutional autoencoder)
were trained for the same number of epochs on the same set
of image samples, CapsNet achieved comparable (in three
cases) or better (in seven cases) performance for every sam-
ple size on non-occluded images from both datasets. This
alone demonstrates that capsules are better suited to mod-
eling physical entities than standard CNNs. But more im-
portantly, CapsNet outperformed the baseline in every case
and on every sample size for occluded images from both
datasets, in certain cases achieving classification accura-
cies that were 5X better than the baseline. This proves that
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the ability of capsules to model entities in a more human-
intelligible manner always translates to more accurate iden-
tification of entities, especially when those entities are par-
tially occluded. It is also important to note that the base-
line used for our tests (the convolutional autoencoder) was
actually quite sophisticated, making the far-superior perfor-
mance of CapsNet even more remarkable.

We offer these results of our work in the nascent domain
of capsules as proof that capsule networks are worthy of fu-
ture research, as they could potentially serve as a catalyst
for improving accuracy in real-world computer vision tasks
in the same way that convolutional neural networks did in
the early 2000s with their performance on GPUs. We pro-
vide our unique methodologies for generating reconstruc-
tions with the hope that they will be applied not just to cap-
sules, but to all subdivisions of computer vision.
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