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Abstract

In continual learning, previously learnt knowledge tends to be overlapped by the sub-
sequent training tasks. This bottleneck, known as catastrophic forgetting, has recently
been relieved between vision tasks involving pixel shuffles etc. Nevertheless, the chal-
lenge lies in the continuous classification of the sequential sets discriminated by global
transformations, such as excessively spatial rotations. Aim at this, a novel strategy of
dynamic memory routing is proposed to dominate the forward paths of capsule network
(CapsNet) according to the current input sets. To recall previous knowledge, a binary
routing table is maintained among these sequential tasks. Then, an increment procedure
of competitive prototype clustering is integrated to update the routing of the current task.
Morteover, a sparsity measurement is employed to decouple the salient routing among the
different learnt tasks. The experimental results demonstrate the superiority of the pro-
posed memory network over the state—of—the—art approaches by the recalling evaluations
on extended sets of Cifar—100, CelebA and Tiny ImageNet etc.
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1 | INTRODUCTION

Intelligent creatures can learn and memorise required knowl-
edge throughout their lives. This ability, referred to as continual
learning, is the key to achieving general artificial intelligence. In
continual learning, the previously learnt knowledge tends to be
erased by the overlapping of subsequent training tasks, which is
known as catastrophic forgetting (CF) [1]. Over the years,
various approaches have been proposed to relieve this prob-
lem. These existing solutions can be briefly summarised into
three categories including self-refreshing memory, stochastic
gradient descent (SGD) and restraint approaches [2]. Recently,
despite that the utilisation of deep neural networks with large—
scale trainable parameters has made great progress in the CF
problem, there are still bottlenecks in dealing with the
continuous discrimination of practical sequential sets involving
global transformations [3].

In the early days, researchers generally applied self—
refreshing memory schemes through hybrid training to
constantly stimulate neurons with information related to his-
torical data to form an activated competition, so as to minimise

capsule network, catastrophic forgetting, continual learning, dynamic routing, prototype clustering

the impact on the important parameters related to historical
knowledge while learning new knowledge [4]. Alternatively,
another solution is to use an ensemble of neural networks.
When a new task arrives, this ensemble strategy sets up a new
network branch and shares the representations between the
tasks [5, 6]. Similarly, replay methods address the imbalance
between previous and new data by shared classifiers [7-9] or
generative procedures [10, 11] to replay previous data alleviate
the problem. These approaches often improve the perfor-
mance of the whole tasks and are practically used in continual
learning. However, they have a complexity limitation, especially
in inferences, since the number of networks increases with the
number of new tasks that need to be learnt [12].

Another solution focusses on using implicit distributed
storage of information in the typical learning with stochastic
gradient descent (SGD) [13, 14]. These approaches adopt the
idea of dropout or maxout to distributively store the infor-
mation for each task by utilising the large capacity of deep
neural networks [15]. Unfortunately, most studies following
this solution had limited success and failed to preserve per-
formance on the old task when an extreme change to the
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environment occurred [16, 17]. Alternatively, Fernando et al.
[18] proposed PathNet, which extends the idea of the
ensemble approach for parameter reuse within a single
network. The authors in [19] propose a random path selection
algorithm, RPS—Net, that progressively chooses optimal paths
for the new tasks while encouraging parameter sharing, This
model alleviates the complexity issue of the ensemble ap-
proaches in continual learning with a plausible way.

Later studies suggest that the CI problem can be effec-
tively relieved by restraining and pruning the connections of
deep networks [20-22]. The genetic algorithms are first
introduced to select more adaptive network connections ac-
cording to different task sets [18]. To restrain forgetting the
learnt knowledge, the previous model is re—utilised to predict
the new data, after which a virtual training set is formulated for
a task transferring learning [23]. Recently, the weight regular-
isation is integrated into the iterative optimisation to adapt new
tasks by transferring the old network configurations [24, 25].
Also, the evolutionary theory of networks has been further
inspirited [26] in terms of the efficient transferring strategy of
elastic weight consolidation (EWC) [27, 28]. Learning without
forgetting (LWF) [29] utilises the knowledge distillation loss to
preserve the performance of previous tasks. In addition, there
are studies that continually train the neural network by using
the sequential Bayesian estimation [30, 31], which introduces a
constraint in the loss function that directs plasticity to the
weight that contributes the most to the previous tasks. CLAW
[32] is proposed in terms of the probabilistic modelling and
variation inference. Sparse—based approaches often embed a
hidden layer of sparse coding to improve CF [33], nevertheless
the obtained spatsity might impair the learning generalisation
on new tasks. TFW [34] adopts activation masks on each layer
to prevent both catastrophic forgetting and negative transfer.
In Ref. [23, 35], a context—dependent gating signal is designed,
such that only sparse and mostly non—overlapping patterns of
units are active for each task. Generally, the above solutions
can relieve CIF on some simple scenes, such as the pixel
shuffled Mixed National Institute of Standards and Technology
database (MNIST) and Cifar—100, but these strategies become
inefficient when there involves complex transfers on larger sets
as CelebA and ImageNet. One reason is the inefficient rep-
resentation between and within complex tasks, thus the spatial
scales of inputs are also limited. Moreover, though these re-
searches attempt to maintain a balance between the simplicity
and plasticity of the original networks during continual
learning, this balance is hard to preserve once the task
sequence becomes longer or more difficult.

Recently, Hinton et al. proposed a capsule network (Cap-
sNet) [36, 37] as an alternative architecture of CNNs. For the
existing CNNs, one limitation lies is that the lack of local
invariance features is easy to cause the extreme vatiations of
global discriminating outputs [38]. In contrast, the extended
capsule vectors can represent more salient spatial characters,
such as the direction, the scale and other object attributions
[39]. To illuminate this, we visualise the actual instances of
different architectures. The class activation map [40] (CAM) of
CNN and CapsNet are shown in Figure 1.

FIGURE 1 The class activation map (CAM) of CNN and CapsNet.
From top to bottom are original pictures, CAM of CNN and CAM of
CapsNet

In addition, CapsNet extends the original architecture
adaptability to varying task scenes by providing powerful
analysis capabilities for global object characters, such as axis
rotations. Inspired by this concept, the present study takes
CapsNet as the basic framework to explore the new solutions
for continual learning and then introduces a dynamic routing
activated by different task inputs, as well as a learning module
of task discrimination based on prototype clustering to alleviate
catastrophic forgetting. The accuracy and recalling evaluations
of related state—of—the—art approaches are discussed on
sequential task sets with varying spatial rotations including
Cifar—100, CelebA and ImageNet etc. The main contributions
of this study are summarised as follows.

1) An extend framework based on CapsNet is proposed to
overcome the catastrophic forgetting on continual learning;
Overall, this architecture has both adaption and retention
on sequential image sets involving global transformations,
such as excessively spatial rotations.

2) A dynamic memory routing is formulated to dominate the
feedforward connections of CapsNet according to the
input task sets. Unlike the other capsule routing algo-
rithms, an independent routing table is maintained among
all the sequential tasks and updated with each training
batch.

3) Anincrement prototype clustering for the discrimination of
sequential tasks is integrated into the proposed dynamic
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routing. Different from the existing memory networks, the
current task sets are analysed and discriminated by learning
the prototypes of each task set on—line.

The rest of this study is organised as follows. Section 2
briefly reviews related work, and the proposed approach is
detailed in the next section. Section 4 demonstrates the com-
parison results as well as their analysis. The main conclusions
are presented in Section 5.

2 | RELATED WORK

2.1 | Model adaption on continual learning

To relieve catastrophic forgetting, the discriminative models
should update the weights according to the current dataset
and simultaneously retain the previously learnt knowledge.
This dynamic memory mechanism can be achieved by
compressed and incremental procedures [30]. The com-
pressed approaches usually adopt weight restrain and
network pruning to minimise the configuration overlapping
among different tasks [41, 42]. Another solution known as
PathNet [18] adopts evolutionary strategy to select and
activate neurons on forward paths according to the current
inputs. The disadvantage might lie in that the network scale
will still increase as the learnt tasks are accumulated. One
solution is to reduce the numerical precision required for
storing the network weights [43, 44|, and the other is to
reduce the network complexity by trimming the trivial
network weights [45, 46]. In addition, sparse regularisation
has been introduced to improve the network compression
[47-49]. In contrast, incremental approaches mainly utilise
the previous model to learn new tasks without impacting the
learnt knowledge. The research in Ref. [50] is a typical
example of using an incremental approach to continually
gain new knowledge, and LWF belongs to this strategy [29].
Compared with the compression methods, the incremental
operations reduce the weight overlapping between training
sets. Nevertheless, as the number of tasks increases, the
previously learnt knowledge still tends to be confused by the
subsequent tasks, since the shared transferring module has
limited capability for task discrimination. It implies that
some architectures of task analysis should be integrated into
continual learning so as to strike a balance between the
plasticity and stability of the network by more dynamical
structures.

2.2 | Routing strategies of capsule network

On vision tasks, although the architecture of deep convolution
has many successful implementations due to its powerful non—
linear representations, its disadvantages are the inability to align
spatial features between each layer and the lack of global
invariant representations [36]. Thus, Hinton et al. suggested
using an extending convolutional architecture as the capsules

network (CapsNet) yielding to dynamic routing and vectored
representations. This architecture has been successfully applied
to various complex vision scenes [51]. Later, there are several
routing strategies as routing by agreement [37] has been pro-
posed to dynamically update the connections between capsules.
These routing algorithms of CapsNet differ from other neural
networks in many significant aspects [42]. First, the capsule
routing supports the perceptual transmission learning of object
attributions, which has been verified as an effective strategy
with higher generalisation and fewer parameters [39, 52].
Morteover, the capsule routing is a definable field of the un-
supervised clustering, which is based on the natural di-
vergences between input samples. In this study, the Hinton's
CapsNet is utilised as the basic architecture for the continual
learning tasks.

2.3 | Prototype clustering approaches

The supervised discriminative learning cannot naturally
discover and represent the inter—structures of data samples.
Thus, the evolutionary prototype algorithm (EKP) (zheng
et al,, 2010) is proposed to achieve unsupervised representation
learning with global search capability. To further discover and
generalise the knowledge contained in small batches [53, 54],
Snell et al. [50] proposed a prototype network that performs
clustering iterations to learn an embedded mapping from input
samples to a prototype space. By using the Euclidean distance
as a similarity metric, the training procedures makes the
embedded sample vectors as close as possible to the prototype
of their own category and as far as possible to the prototypes
of the other category. According to the few—shots model in
Ref. [50], let D= {(x1,9,), ..., (xn,Yx)} be a small support
set including N labelled samples with each x; € RP and the
corresponding label y; € {1, ..., k}, then d}, denotes the set of
samples labelled with k. The prototype network maps the
sample set to the M—dimensional space through an embedding
function fj : RP = RM and calculates a prototype vector ¢
for each category

:% Z fﬁxz (1)

(xi yz)Edk

Then, the prototype network adopts a softmax function to
regularise the distances from the network output fy to each

prototype ¢

exp(=d(fo(x). &)
Sowexp(=d( fo(x), )

Poly = klx) = (2)

This prototype network is updated by minimising the
negative log—probability J, = logp (y =k|x) according to the
label k. On the learning iterations, a subset of classes is
randomly selected from the training set, then a subset of ex-
amples within each class is chosen as the support set, and a
subset of the remainder is formed as query points.
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3 | THE PROPOSED DYNAMIC
ROUTING NETWORK

3.1 | Paradigm of sequential learning

Let an annotated set d' = {(x1,9,), (x2,9,) -, (Xm,y,,) } be
utilised for training single classification task, then a sequence
D'=(d",d’...,d") can be ordered with the task index ¢ for
sequential learning, In this order, each task set d' is fed into a
model f with trainable parameters 6 to optimise a determinant
map Jfj:x; =y, where (x;,9,)€D'. On the sequential
learning, the previous parameters learnt by (x},y)) € D with
Y =1,...t1 are easily covered by the current updating gradi-
ents denoted as VO = Vgl(fg(x][-),y][-), where (xt,y!) €d'. Tt
implies that catastrophic forgetting is inevitable as the previ-
ous loss / (fg(x][-,),y;/) increases during the sequential training.
To overcome this problem, the parameters should be extended

to a configuration set /"= (0,5), where § denotes the
network structure of f. Then the map f;+ : x; >y, for the

single task (x;,7;) €d' corresponds to the configuration
subset ./ = (0, 8"). Therefore, the whole network should be
trained to decide both the shared weights 8 and the task—
aligned structure &, which will be detailed in the following
sections.

3.2 | Dynamic memory routing on CapsNet
For complex vision applications, the capsule network
(CapsNet) provides more integral representations of spatial
attributes by employing both vectored capsules and the routing
between them. The capsule routing can be dynamically
formulated by activating the important capsules aligned to
different task sets. Therefore, this study focusses on the
capsule routing for building up the memory mechanism on
sequential learning. The basic routing is applied on the capsule
layer [ yielding a map f : u; = vj with v; = p (Y icij(win;)),
where the projected capsule #;; =wju;, and the routing
weights ¢j; = e / Zkeb’k, determine the connection intensity
between the capsules in terms of the consistency l?l-j. In addi-
tion, the squashing non-linear activation p (x) and the margin
10ss Linargin are manually selected.

On this basis, the routing weights can be denoted by a
matrix C' = [cj],,., G =1,2,...m;j = 1,2, ...n) for the single
task set d'. This routing matrix is applied to determine which
projected capsules U = [I:t]-“]mqu
forward by the element multiplication as

are activated to be fed

V=p,(C"-WU)

- (3)

=P s(C : U)7
whete the matrices are organised as U = [ui]mxp, V= [v/]nxq
and W: [w;] mxnxpxq with. the cap.sule di@ensions p and ¢,
respectively. This basic routing architecture is then expanded

to deal with sequential sets for multiple tasks. Thus, a
memory tensor called multi-task dynamic routing table
(MDRT) illuminated as P = (C', C?, ..., C") is formulated by
all the routing matrices of the single task C' as shown in
Figure 2(b). On the sequential learning, the task routing C*
should be selected from the table P by a selection operation
P(t) = C'. The mechanism of multi—task routing can be
indicated with

V=p,(P(t) WU), (4)

where the capsule routing C* can be dynamically selected in
terms of the current tasks index . In this study, this archi-
tecture is called the dynamic memory routing network
(DMRN) as shown in Figure 2(a).

Assuming that each of the projected capsules zftj‘i is
weighted by the task routing C', then the routed capsules
existas U=C'- U. It implies that this capsule routing tends
to feedforward the more discriminative capsules in U for the
current task z. Inspirited by it, the routing matrix C* can be
considered as a clustering centre of these projected capsules
U depending on the cutrent input. Then, the dynamic se-
lection of task routing is achieved by comparing the distances
between U and all the clusteting centre, namely P. In otdet
to ignore the influence of element amplitudes between them,
a task label ¢ is then predicted by minimising the cosine
distance

f = min[ dcosine(ct’ U)

(. <CT> ()
= min; 1ﬁ 5
Ic il

where U is the compressed tensor of U by averaging on the
capsule dimension, and (.) denotes the vectorisation with
matrix flattening. Then the routing equation can be rewritten as

V = py(P(min, deosine(C*, U)) - U). (6)

In terms of this equation, the current task routing also can
be selected by a multiplication on channel dimension
P(i) = P - t with one-hot prediction t = onebot(t). Moreover,
the capsule routing P should petform as a kind of hard
weighting mechanism in order to separate from the continual
weighting W; thus all the elements in C* € P are fed forward
using the binary approximation as applied in the binary neural
network (BNN) [55]. That means the forward path of single task
routing should be a binary mask with the elements Ei][' € (0,1),

obtained by an activation operation c' = p,(C") with a binary
gate function p,. Otherwise, in the back—propagation phase, this
non—differentiable operation should be dropped to ensure the
updating of continual gradients. Thus, the forward paths of

capsules denoted by V' = ps(ét -WU) can also provide
gradient updating for all the differentiable variables as
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FIGURE 2 The proposed dynamic memory routing network (DMRN). (a): Overall block diagram of DMRN based on CapsNet. (b): Detailed flow chart of

the dynamic memory routing using the multi—task dynamic routing table (MDRT)

—
Vw; = Gy - €ij - Ui

W:el]wlju, (7)

i
N e
Vu; = ch—]- -e; - Wi,
j

where e; is the error value back—propagated from the higher
layers. It implies that if the specific capsule routing is inacti-
vated when ?Z»; =0, the related gradient updating tends to be

restrained. The above formulations provide a harmonious

updating strategy of the whole network weights excluding the
intrinsic MDRT, which is unfolded in the next section.

3.3 | Increment prototype clustering

To achieve sequential learning, the key mechanism is to analyse
the input task sets on-line, then based on it to automatically
switch one task routing to another as a retrospective of the
previous memory. In this study, the routing table P is thus
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dynamically updated by a prototype clustering in an increment
manner. The task routing P(¢) = C' is intrinsically the clus-
teting prototypes according to the projected capsules U as
illuminated in Figure 3. Thus, the proposed increment proto-
type clustering (IPC) first calculates the minimum cosine dis-
tances between them to estimate the task index I =
min; deosine (CF, U) within the currently learnt task range, after

which the prototype P is updated by

where s is the updating step with a step length As € (0, 1),
and this formula is the standard prototype clustering as
described in Ref. [56]. Note that if the task prediction 7 is
correct, the prototype P(t) = Clis updated by the equation
in the first line, otherwise the mislabelled prototype is
penalised by the second line, which is uniformly applied
during the whole learning iterations. Furthermore, these
above prototype updating equations can be uniformly inte-
grated into the whole feedforward of CapsNet through a
softmax operation

pli=1|U) = ©)

expl(d(U,P(W)
>exp(d(,P(¢)

This equation is aligned to the current clustering number ¢
increasing during the whole sequential task learning, which
implies that this softmax operation can perform a prototype
clustering in an increment manner. It means that the previous
tasks ¢ are shared by their learnt knowledge to discriminate the
current task ¢. Then, the updating loss of the routing table P
can be indicated in terms of the negative log—probability

L. = logp(t = t|U)
— (U, P(t Zd (U, P(¢ (10)

which is practically equivalent to the former prototype
updating equations as shown in the second line. According to

[/’ Mixed multi-task data

@ Q Q&‘“LO

Embedded space o

mapping

the memory networks, the local gradient restrain is important
to maintain the previously learnt knowledge. The learning
strategy should tend to focus on the current task routing. Thus,
the one—hot task label t = onebot(t) is applied as a restrained
mask of outputs for the training phase, and the masked task
loss can be expressed as

Ly =logp(t-t=1U) (11)

where t is one-hot outputs of the task predictions sharing the
same dimension with t. Therefore, only the dynamic routing
aligned to the output neurons of the reference label can be
updated through back—propagation. In addition, the activated
elements in MDRT should be sparse to build salient and
discriminative routing paths for each sequential task. Thus, the
intrinsic MDRT is restricted by norm—L1 loss

sparse ZHP Hl (12)

for each element in the learnt routing table P(z). Finally, the
total routing loss of the capsule layer can be given by

Lroute - Li;sk + A- Lsparsc- (13)

where A €[0,1] is the sparse coefficient, and this layered
routing loss can be integrally calculated with the final Cap-
sNet loss Lmargin with the default margin formula. Theoreti-
cally, it should be pointed out that the one—hot discriminate
function is discontinued. For this reason, it will restrain the
gradient back—propagation from the higher layers, and the
prototype updating is thus relatively independent of the basic
CapsNet.

3.4 | Implementation of the proposed
network

The proposed DMRN can be implemented by a uniform
continual learning framework as presented in Algorithm 1. In

Multi-task model P

Prototype clustering

FIGURE 3 The example diagram of the
prototype clustering on multiple task sets
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addition, though the activated task routes might be completely
decoupled by the sparse loss, the MDRT P(z) can also share a
part of capsules as co—encoding between these tasks, which
would compress the total informative entropy of network
structures. In this study, we then attempt to adopt a hard
threshold €” to regulate the compression rate among different
task routes as

Cl/ = prelu(cgjgz;) (14)

max(x,0) and
element of the

where the activation function p,.,(x) =
€= sort({czj, Zo..Cihin) define the 2
former set in descendlng otder, thus 7 is the number that one
capsule can be simultaneously activated among different tasks.
In this study, 7 is uniformly assigned to 1 to apply a strong
mutex restrain.

Algorithm 1 Dynamic memory routing algorithm

Input:
The output capsules Uof theprevious layer;
Output:
The input capsules V of the next layer.
feedforward:
1: Project the input capsules by U= WU;
2: predlct the task label by
t - mlntdCOSlne<c U)
3: calculate the output capsules
V=p(P(t) - 0);
4: output V to the next layer.
loss calculation:
5: calculate the loss of classification
L .. =logp(t-t=t|0);
6: calculate the loss of sparse routing
table Leparee = | B(£)]; 7
7: obtain the total loss by
Lyoute = Ljéask +A- Lsparse
backward propagation:
8: update the projection weights by
Vw;s= c cejjrug;
9: update the current routing table by
VEEJ = eij . Wij Uiy
10: update the error of input capsules by

~t
Vui = chij . eij . Wij .

To our knowledge, the present research studies related to
memory and forgetting have attracted more attentions on
differential neural gates. For instance, the existing LSTM/
RNNs have similar memory gates that are dominated by both
the current inputs and the last states as

¥, & =1, ") (15)

where both the state & and the output y* should be updated in
each step. By contrast, the proposed DMRN has no temporal
state that is coupled with the sequence model. Furthermore,

the prototype routing P(¢) can recall the feedforward paths
learnt previously, and also this operation is independent of the
temporal sequence. Then the proposed architecture can be
expressed as

yt:f<xt797 5(t)) (16)

which only depends on the input x* and the model structure
58(t) aligned to the attribution of the current input set d.
Therefore, the proposed atrchitecture is a fully feedforward
network that spontaneously achieves route selection according
to the inputs of sequential learning. In addition, the network
structures &(¢) can be considered as the prior condition to
replace the initialised states &', which also implies that the
mechanism of dynamic memory routing is decoupled on the
temporal domain.

4 | EXPERIMENTS AND ANALYSIS

4.1 | Experimental settings

In order to evaluate the performance of different models in
overcoming catastrophic forgetting, extensive experiments atre
performed on datasets including MNIST (LeCun et al., 1998),
Cifar—100 (Krizhevsky and Hinton, 2009), SVHN (Yuval
Netze et al., 2011), Fashion—-MNIST (Xiao et al., 2017), CelebA
(Liu et al,, 2016) and Tiny ImageNet (J. Deng et al., 2009). In
order to formulate different sequential tasks, each dataset is
sequentially extended by data enhancements such as axis ro-
tations, as shown in Figure 4. In the experiments, various
datasets are extended.

For online sequential learning, which is more difficult than
other existing reports on overcoming catastrophic forgetting.
In details, CIFAR-100 is composed of 60k 32 x 32 RGB im-
ages of 100 classes, with 600 images per class. Each class has
500 images for training and 100 images for testing. MNIST
consists of 28 x 28 grey—scale images of handwriting, and
Fashion—-MNIST comprises grey—scale images of the same
size. SVHN includes digits cropped 32 x 32 colour images
from house number scene, and CelebA involves numerous face
images with 218 X 178 pixels and each face aligned with 40
attributions as multi—annotations. Tiny ImageNet is a
64 x 64 X 3 resized version of ImageNet with 200 classes. The
sequential learning on the sets involving globally spatial
transformations is a challenge at present. Thus, each image in
these sets is rotated with different angles of 18° to formulate
the sequential task sets. We extensively compare the proposed
technique with existing state—of—the—art methods for over-
coming CE. These default set baselines include EWC [27],
HAT [23], LWF [29], IMM (mode) [30], less—forgetting
learning (LFL) [31] and PathNet [18] as well as some tradi-
tional methods, including standard SGD with dropout opera-
tion [14], CLAW [32], TFW [34], iCaRL [9] and RPS—Net [19].

In comparison experiments, employing an AlexNet archi-
tecture (Krizhevsky et al., 2012) with 3 convolutional layers of
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centre. In other words, the rotation angle of the first task is 18
E...m.m. and the rotation angle of the 10th task is 180°.
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FIGURE 4 Schematic of the split Mixed National Institute of
Standards and Technology database (MNIST) task protocol. Among them,
each task includes all types of pictures, that is, the numbers 0-9. And the
processing of other datasets is the same as MNIST

64, 128, and 256 filters with 4 X 4,3 X 3, and 2 X 2 kernel
sizes, respectively, plus two fully connected layers of 2048 units
each. In this study, a CapsNet—based architecture containing
two convolutional layers and one fully connected layer is
implemented [39]. The first layer (Convl) has 256 channels,
9 X 9 convolution kernels with single stride and ReLLU activa-
tion. This layer converts pixel intensities to the activities of
local features that are then used as inputs to the next layer. The
second layer (Primary Capsules) is a convolutional capsule layer
with 32 channels of convolutional 8D capsules (i.e. each pri-
mary capsule contains 8 convolutional units with a 9 X9
kernel). Each primary capsule output yields the outputs of all
Conv1 units whose receptive fields overlap with the location of
the centre of the capsule. In total, primary capsules have
32 X 6 X 6 capsule outputs (each output is an 8D vector) and
each capsule in the 6 X 6 grid shares its weight with the other.
The final layer (Digit Caps) has one 16-D capsule per digit
class and each of these capsules receives input from all the
capsules in the layer below. On this basis, the prototype clus-
tering sub—network is integrated with the dynamic memory
routing based on sparse restrain, so that the parameters can be
updated online after each optimisation iteration.

The memory capability can be measured by training the
model on a new task set and then using the previously learnt sets
to test the recalling accuracy. To achieve the sequential analysis,
we resize images in CelebA to 109 x 89, while maintaining the
other datasets with the original size. For all the evaluating tasks,
the unified learning rate and the sparse loss coefficient are fixed
at 0.001 and 0.2, respectively, and each batch size is set to 48. All
the methods share the same task order, data split rate, batch
shuffle operation and weight initialisation. The other network
configurations are selected manually. In different tasks, the
optimal number of channels for each task is empirically chosen
and maintained, and then the optimal capsule dimension is
determined through multiple test runs.

4.2 | Results and comparisons

The purpose of this experiment is to assess the impact of
learning previous tasks on the current task. In other words, we
want to evaluate whether an algorithm avoids the CF problem,
by evaluating the relative performance achieved on a unique
task after learning a varying number of previous tasks. For the
sake of fairness, the task after training will not be retrained.
The experimental dataset was expanded to 10 tasks with the
same rotation angle interval. Among them, a single task re-
volves 18° clockwise or anticlockwise with the image as the

existing state—of—the—art methods for overcoming CF in
Figure 5. The results indicate the superior performance of the
proposed method in all settings. For the case of expend Cel-
ebA in Table 1, we outperform CLAW by an absolute margin
of 21.69%. Compared with the second best method, our
approach achieves a relative gain of 8.29% and 6.36%,
respectively for the case of expend SVHN and expend
CIFAR-100 dataset. In the expend MNIST, our performance
is only 0.09% below the CLAW approach. Table 1 compares
the accuracy of the 10th task (A410) of different methods on
different datasets. The results show that LWE does well when
learning each new task with the help of the representation of
the previous tasks. However, as more tasks are included, the
older tasks start forgetting more. IMM (mode) has the opposite
effect, it focuses on intransigence and tries to keep the
knowledge of the older tasks, running out of capacity for the
newer tasks. This allows for the approach to not forget much
and even has a small backward transfer, but at the cost of
performing worse with newer tasks. EWC has one of the worse
performances, possibly due to the difficulty of having a good
approximation of the FIM when there are so many classes per
task. TFW has a good overall performance with non—forgetting,
and relies on the amount of capacity of the network more than
the other approaches. Probabilistic modelling and variational
inference can perform well on specific tasks, but when the task
becomes complex, CIAW performance will degrade due to
network redundancy. LFL has certain advantages in the first
tasks. As the number of tasks increases, it becomes difficult to
select hyper—parameters, and the robustness decreases, thus the
memory cannot be preserved well. Soft constraint methods such
as SGD have similar problems as well.

In order to further verify the performance differences of
each model on the conventional dataset and the rotating dataset,
we conducted experiments on Tiny ImageNet. Table 2 and
Table 3 compare different methods on the conventional dataset
and the rotating dataset. The results show that the existing
methods perform well in conventional multi—task incremental
learning, but CF still exists after image rotation. Hat and RPS—
Net are not forgotten in the classes randomly split with no
rotation, and the average test accuracy reaches 64.01% and
65.37%. But in the classes randomly split with rotation, their
accuracy is reduced to 24.94% and 32.34%. After the task image
is rotated, the features become blurred, if the network is not
robust to this change, and the identification will become difficult.

In addition, the rotation task will occupy more memory of
the netwotrk, and the network structure is easier to be redun-
dant. It is not difficult to find out from the comparison be-
tween Figure 6 and Figure 7, and the accuracy of new tasks of
EWC, LFL and LWF is always lower than that of old tasks.
Capsule network just solves this problem. This may benefit
from the fact that the proposed routing table generated by
prototype clustering involves fewer activated overlapping
neurons, so the increase in the number of tasks does not easily
affect the network weights learnt in a relatively long period.
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FIGURE 5 The accuracy of different methods on different datasets is compared, and one task is learnt incrementally at a time

TABLE 1 Average test accuracy (accuracy of the first task after learning all tasks.) on different datasets' task protocol

Methods MNIST (A1) Fashion—-MNIST (410) SVHN(A10) Cifar-100 (A410) CelebA (A19)
LWF 33.84 (£0.27) 27.57 (£0.67) 19.36 (£1.63) 15.29 (£1.26) 16.57 (£2.87)
LFL 267 (£0.45) 8.9 (£2.29) 6.54 (£1.85) 7.16 (£2.63) 5.38 (£3.51)
HAT 81.26 (0.02) 47.69 (£0.09) 35.42 (£0.84) 23.45 (£1.95) 17.55 (£2.39)
iCaRL 84.93 (£0.01) 50.86 (+£0.27) 45.74 (£0.57) 29.18 (0.89) 18.37 (0.94)
SGD 2213 (£0.51) 6.69 (£0.60) 9.37 (+1.35) 8.39 (+1.10) 8.53 (+5.37)
PathNet 31.57 (+£0.32) 6.72 (£2.51) 6.63 (+1.75) 828 (£2.13) 9.73 (£3.41)
RPS—Net 86.97 (£0.05) 54.29 (0.02) 51.42 (+1.26) 36.07 (£1.61) 20,69 (£2.16)
EWC 20.65 (£0.20) 25.83 (£0.36) 10.73 (£0.55) 13.29 (+1.82) 10.78 (£3.22)
IMM 79.15 (£0.03) 40.38 (£0.17) 33.31 (£1.005) 22.68 (£1.65) 6.14 (£3.08)
TFW 88.07 (£0.34) 62.39 (£0.04) 55.19 (£0.19) 38.43 (£1.38) 25.73 (£1.57)
CLAW 90.47 (£0.02) 62.83 (£0.02) 58.42 (£0.13) 39.67 (£0.65) 27.68 (£0.97)
Ours 90.38 (£0.01) 69.1 (£0.03) 63.48 (£0.12) 4479 (£0.67) 4937 (£0.97)

Note: Each experiment was performed 10 times with different random seeds, and the mean (SEM) over these runs is reported.

Abbreviations: EWC, elastic weight consolidation; LFL, less—forgetting learning; LWF, Learning without forgetting; MNIST, Mixed National Institute of Standards and Technology

database; SGD, stochastic gradient descent.

The vector feature of the image is represented by the capsule,
which can effectively extract the feature of the rotation image.
Dynamic memory routing updates each training batch in time
to improve memory efficiency and reduce memory consump-
tion. From Figure 7, it is not difficult to find that our model

can achieve the maximum accuracy under the condition that
each task has 50 training batches.

In general, CapsNet is helpful to improve the recognition
rate of rotating images as shown in Figure 1. However, the
improvement of memory performance benefits from the
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FIGURE 7 Per task accuracy for Tiny ImageNet—classes randomly split with rotation from scratch

capsule architecture as well as the dynamic memory routing to
rotating image sequences. It can be seen from Table 2 that
our average accuracy is slightly higher than that of the com-
parison methods on the non—rotating task set. In Table 3, in
terms of the memory difference from the last task to the first
task, RPS—Net is 9.47%, CLW is 12.4%, and our method is
7.41%. Overall, CapsNet can only improve the accuracy of
initial recognition, and the memory preservation and weight
pruning still need to be dominated by the proposed dynamic
memory routing;

4.3 | Quantitative analysis of parameters

As mentioned above, it is expected that after learning multiple
tasks, the network can remember the knowledge about previ-
ous tasks as much as possible. In practical procedures, it is
found that the parameter of the capsule number for each pixel
in convolutional feature maps per task (CNPT) greatly impacts
the knowledge of previous tasks. Therefore, in order to

determine the suitable scale of capsule networks, these effects
on different CNPTs are quantitatively analysed. The specific
impacts of this parameter are discussed through additional
experiments. Based on these additional configurations, an
average of 4 reference points are selected in the training iter-
ations of each task to evaluate the accuracy of the recall, as
shown in Figure 8.

To accomplish the analysis, the MNIST set is extended to 5
task sets with rotation operations of interval 30°. Each task has
a training set of 30,000 and a test set of 3000. The parameter of
CNPT is set to 3, 9, 16, 22, 32, and 48, respectively before
recording the test accuracy of the first task. It can be seen in
Figure 8 that 16 is the most suitable parameter, and after
learning the fifth task, the network has the most knowledge to
remember the first task. In addition, when the parameter is too
small, after the fifth task is trained, more previous knowledge is
forgotten. When the parameter is too large, however, the ac-
curacy will increase gradually despite that the accuracy is not
high at the beginning of the training. Besides, large task
channels will waste a lot of resources during training,
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Therefore, this parameter of task channels should be practically
fixed for each sequential task.

Furthermore, the capsule dimension has a direct influence
on retaining the previously learnt knowledge. Similarly, the
parameter of capsule dimension is discussed. Under the same
data set, CNPT is kept as the best parameter, and the capsule
dimension parameters are changed for comparison experi-
ments. On the task configurations, the network performance is
the best when the capsule dimension is 4, as shown in Figure 9.
The parameter is too small (e.g. 2-D) to provide the required
network capacity for the task sequences, thus the network
cannot be fully trained and the test accuracy of the first task
will quickly decline. In case of a too large parameter (e.g. 32-D
and 48-D), although the first two tasks are slightly benefited,
the small redundancy will result in a degraded performance
when t> 3. After numerical testing implementations, it is
found that the relative optimal parameters for each selected
reference dataset are different. Furthermore, the dimension of
the capsules determines the representation capability of spatial
attributions. In summary, the optimal task channels corre-
sponding to MNIST, Fashion—-MNIST, Cifar—100 and CelebA
are, respectively, 16, 16, 22, 32 and 48 and the optimal capsule
dimensions are, respectively, 4, 8, 8, 16 and 22. Overall, the task

channels and capsule dimensions are mainly determined by the
dataset. They are also slightly affected by the rotation angle, but
this effect is small enough to be ignored.

5 | CONCLUSION

This study presents an extended CapsNet that uses an incre-
ment prototype clustering to yield dynamic memory routing, It
has been proved to be capable of retaining the previous
knowledge while learning new task sets. In the experiments, the
testing image sets are enhanced by axis rotations. Through a
series of experiments, the effectiveness of the proposed
network in overcoming catastrophic forgetting is verified and
compared with some state—of—the—art approaches. The main
conclusions are drawn as follows: First, the capsule—based
memory architecture has the adaptability to global axis rota-
tion and performs much better than the CNN-based ap-
proaches. Second, the prototype clustering—based dynamic
memory routing can be successfully applied in sequential
classification tasks so that the recalling performance is
improved. In addition, the sparse routing table can efficiently
reduce weight overlapping, especially when the number of
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FIGURE 8 The quantitative effect of convolutional feature maps per task (CNPTSs) is measured by the accuracy on the first task set when the training

iterations are finished at each following evaluation point
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FIGURE 9 The quantitative effect of capsule dimensions is measured by the accuracy on the first task set when the training iterations are completed at each

subsequent evaluation point
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tasks increases. For challenging cases such as object de-

formations and occlusions, the enhancement of the dynamic

model and efficiency needs further study.
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